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Abstract: Analyzing the learning analytics from a course provides insights that can impact in-
structional design decisions. This study used educational data mining techniques, specifically a
longitudinal k-means cluster analysis, to identify the strategies students used when completing the
online portion of an online flipped spreadsheet course. An analysis of these results showed that stu-
dents did tend to follow a specific learning strategy as they completed this course. However, students
also self-regulated to some degree, based on the topic and context of specific lessons. These insights
not only improve our understanding about the students taking the course, but they also provide
guidance for how the instructional design of the course might be improved. Of note is the practical
value of this proof-of-concept study in using educational data mining to improve the instructional
design of a course.
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1. Introduction

Our ability to create quality online instruction has improved greatly in the past
decade. Technology improvements, and our understanding of how to create online learning
opportunities, have facilitated these improvements. Moreover, for a variety of reasons,
students often prefer to take online, blended, or flipped classes that are facilitated by
technology [1]. Still, there is much to understand about how students go about learning in
an online setting and how we can use data analytics to improve this type of instruction.

One of the advantages of using online instruction is the ability to track students’
activity within the course. Educational data mining capabilities built into many online
courses enable learning analytics [2,3]. Basic data analytics capture assessment data and are
used to inform teachers and students about an individual’s progress towards accomplishing
the intended learning objectives of the course. However, carefully crafted data mining
efforts can also enhance our understanding of the course in terms of what students are
doing, how we might best provide feedback, and where we might make improvements in
the design of our instruction.

This research used the learning analytic capabilities of an online flipped spreadsheet
course to identify the strategies students used when completing the online portion of the
course. This was then used to better understand where the instruction was functioning well
and how the course might be improved. The study is not intended to be a generalizable
case for all online courses, as differences in the students and contexts of each course
will inevitably lead to different results. However, these insights not only improve our
understanding about the students taking this course, but they also provide guidance for
how the instructional design of the course might be improved. The study, in this sense,
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provides a proof-of-concept case study for using educational data mining in order to
improve a course. The purpose of this study is to demonstrate, through an authentic case,
how information can be data mined in an unobtrusive manner from a learning management
system, how these data can be used to better understand the ways in which students go
about utilizing course resources, and how this understanding might then be used to inform
instructional design improvement when needed.

Previous Work

The research exploring the ways in which students go about learning makes a dis-
tinction between a learning approach and a learning strategy. Learning approaches are
typically described as either "deep learning" or "surface learning" approaches [4]. Educators
and researchers typically praise the virtues of deep learning and devise ways to encourage
surface learners to engage more fully in the learning activities provided in order to learn
all they can. Unfortunately, students do not always have the academic goals that their
instructors might expect. Sometimes, they only intend to attain a sufficient level of learning
to earn the grade they want [5]. A criticism of many courses is that they are designed in
such a way that deep learning is not rewarded and, in fact, not needed for students to pass
a course. Students can often achieve their learning goals with surface learning alone [6].
Through a meta-cognitive process, students devise learning strategies to accomplish their
learning goals. These learning strategies may be intended to achieve either surface or deep
learning. The strategies students develop are often exposed by the interaction they have
with the learning resources made available to them.

A related construct essential to developing learning strategies is that of self-regulation.
Self-regulation involves the ability to manage and monitor one’s behavior [7,8]. Without
the ability to self-regulate, students would not be able to modify their learning strategies.
However, the ability to self-regulate one’s actions and behaviors does not mean they will;
self-regulation is often ancillary to other affective traits and influences [5,7,8].

The learning strategies that students devise are based on personal factors, including a
student’s academic goals, learning preferences, their self-efficacy and locus of control, as
well as their abilities for self-regulation [9,10]. Contextual factors that affect the learning
strategies student choose include the difficulty of the task, the student’s interest in the
topic, as well as the affordances that the instructional design of the course provides to the
students [11]. The strategies student use to accomplish instructional activities and learning
tasks often reflect a student’s desire to learn efficiently, but not always effectively [12].
There are many reasons for this, one reason being that students often have conflicting
intentions—they have many courses to study at school and a limited time in which to do
them [5]. Often students will modify or completely change their learning strategies as the
course progresses. The way a student approaches a learning situation is not inherent, rather,
itis developed by the learner and is often dependent on the learning context and situational
demands of the course [4]. Understanding the strategies students use to complete courses
can help educators and instructional designers improve their courses and may provide
actionable information that informs how, and in what ways, an educator might remediate
learning gaps and students’ misconceptions [13].

In the past, research involving learning strategies has relied primarily on self-report
instruments [14]. Self-report, as a data collection method, is notoriously unreliable and
constitutes an obtrusive form of data collection. In previous studies, detailed records of
the topic focus, media choice, and study times and durations, were difficult to collect.
For example, understanding the strategies students use to complete an assignment might
require students reporting the time they spent on each problem, where and when students
referenced their textbooks, and how students progressed from their initial answers to their
submitted answers. These data have been difficult to collect in reliable efficient ways. This
is where educational data mining (EDM) comes into play [1].

EDM is a relatively new term applied to the developing methods educational re-
searchers use to explore the increasingly large-scale data that come from various educa-
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tional settings, primarily online learning situations. EDM uses a variety of methods to
better understand students and the settings in which they learn [15]. Particular to this
study is the use of longitudinal k-means cluster analysis to better understand students
taking a particular online course.

With advances in technology, and increases in technology-enabled instruction, re-
searchers are able to gather considerably more information about the activities students
engage in to complete the learning activities required for a course [1,15]. Capturing data
within the system allows researchers to analyze the temporal order of the spontaneous in-
dividual activities of the students as they complete a course [16]. While this is an imperfect
indication of the intents and actions of learners, it can allow researchers to obtain a more
accurate description of the students’ learning strategies, which can provide the basis for
the real-time implementation of adaptive practices.

2. Methods

The setting for this study was an Introduction to Information Systems course. This
online course provided the context for the authentic case being studied. The course covered
both spreadsheet and database topics, but this study focused on the spreadsheet portion of
the course only. The students in this course are typically undergraduate business students
and are required to take the class. The class consists of both lecture and asynchronous
computer lab sessions following a flipped classroom approach. Students complete assign-
ments (i.e., the computer lab portion of the course) on a website provided by MyEducator,
the publisher of the e-text used in the course. The website hosts the textbook and video
instruction, as well as the graded assignments. During the lecture portion of the course,
instructors review specific tasks and answer questions students may have. However, this
particular study focuses on the online portion of the course only. All of the students have
basic computing skills (Internet, word processing, and email). Although the course does
not require students to have prior experience with Microsoft Excel, the students enter with
a variety of spreadsheet skills. Students can move through the labs at their own pace, but
the class session and online exams are scheduled.

Most of the instruction for the course is provided online via the MyEducator platform.
The website includes a reader that presents the material to be learned, similar to a normal
introductory textbook, with chapters and sections, key terms, and a glossary. Students read
the textbook on their laptops and mobile devices, or they can listen to the text similar to
the way they would listen to a podcast. Learning tools, such as flashcards for key terms,
are also available.

Each section of the text includes one or more video presentations. The videos are
embedded within each web page alongside the text. This was designed to make access to
both equally easy and, on the basis of previous evaluations and student comments, this
seems to be the case (authors, 2013). The video content complements the text: students can
choose to read, to watch video, or to do both. The videos have to be clicked by the student
to be played. The data analytics built into the system creates a log of each student’s activity
as they proceed through the course.

2.1. Participants and Data Collection

This study used educational data mining techniques to analyze extant data gathered
from students who completed the MyEducator spreadsheet course. Students taking the
course were enrolled in multiple sections of the course at several universities. A total of
997 students were included in this analysis. Only those students who completed all the
lessons and assignments required in the course were included in this study. The decision
to exclude non-completers was deemed necessary, as the longitudinal aspect of the cluster
analysis required a full set of data for each student. Most of the non-completers withdrew
from the course prior to completing the second lesson. The remainder withdrew prior to
completing the fourth lesson. As these data sets were incomplete, they could not be used
for this particular analysis.
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Data were collected on the student actions taken in the online textbook reader and
video player, as well as the actions taken within the Excel workbooks as students completed
assignments. All the data used for the study were obtained with student approval, and
were only used once the course was completed, following the studies of the Institutional
Review Board approved protocols. None of the participants refused to have their data
used. The system captured student behavior in four categories: reading, video watching,
assignment access, and task guide views (see Table 1). In addition, the system recorded the
order in which students completed various activities and the overlap in which they were
completed. The grades that the students achieved on each assignment were also captured.

Table 1. Variables used in the k-means cluster analysis.

Variables Code Description

Reading Y % of instructional text reading completed
Video r % of instructional videos watched

Assignments a how often students accessed assignments
Task Guide t number of times task guide was viewed (task by task)
Task Instructions T number of times task instructions were viewed

Order order in which students completed instruction and assignments

Overlap degree to which students moved between activities and task guides

Student reading was tracked by client-side scripts that updated the server every 15 s
and during page unload. As students use the textbook reader, they scroll the browser win-
dow downward through the text. Whenever scrolling pauses long enough, the paragraphs
in view are deemed read by the student. Although we cannot determine how carefully a
student might have considered the material, the student viewing the text was assumed to
be an indication that they read the material to some degree. Embedded videos were split
into 5-s blocks and tracked by block. As students played a portion of the video using the
inline player, the blocks that played were recorded as watched. Determining the quality of
the reading or viewing is always beyond the ability of any research; however, this variable
is an indication of quantity, not necessarily quality, on the part of the student.

In each lesson, a student begins an assignment by downloading an Excel workbook
from the MyEducator website. Using Visual Basic for Applications (VBA), the programming
language built into Excel, the workbook logs the student’s progress as he or she completes
the assignment and interacts with the MyEducator servers during submission. The data
logs for each student tracks the cell inputs and actions as students work through each
problem.

The students are presented with the worksheets necessary to complete the assignment,
as well as a set of tools to manage both the completion and the submission of the assignment.
Detailed instructions on assignment requirements are included in the workbook and can be
opened as a local HTML file (the Instruction Sheet), or presented one step at a time, directly
in Excel, within a floating window (the Task Guide). When students have completed their
work, they use the Submit tool to have their work graded. While students are working
through assignment requirements, the workbook records every change they make to a cell,
as well as other activities, such as adding worksheets and creating charts. The workbook
also keeps track of when it is opened, each time the instruction sheet is shown, each time
the task guide is advanced to show another task, and when the workbook is submitted
(see Figure 1 for examples). The data collected by this logging process provides a detailed
history of how the student completes the course activities.
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‘ Assignment Tasks X

| <[> Boolean u [x][5]

Use the AND function with appropriate arguments in
cell H11 to determine if there is a force out at third
base. There is a force out at third base if "Runner on
1st" and "Runner on 2nd" are both "Yes". [9 points]

Ia

18 | 10/7/2017 10:19:18 AM | 1.4 Fly ball complete

19 | 10/7/2017 10:19:22 AM | 1.5 Not 2 outs

20 | 10/7/2017 10:19:45 AM | Boolean Functions | J11 =NOT(G11=2) | TRUE | 1

21 | 10/7/2017 10:19:56 AM | Boolean Functions | J12:]40 | =NOT(G12=2) | TRUE | 1

Figure 1. Assignment, task guide, and data log examples.

2.2. Data Analysis

For a variety of reasons, technology-enabled online education has increased dramati-
cally in the past decade [17,18]. Among the many benefits of technology-enabled instruction
includes the increased amount of data available to educators and researchers. [19] describe
the situation as drowning in a digital ocean of data. Certainly, the expectation that educa-
tors use data in order to enable educational discussion is not new see [20,21]. However,
because of the increased amount of data now available, there is an increased need to make
sense of these data and, as a result, the fields of learning analytic knowledge (LAK) and
educational data mining (EDM) have gained prominence. We simply do not know what
data is valuable, how best to manage it, and what to do with the information derived
from these data [22]. EDM, in particular, uses a variety of methods to better understand
students and the settings in which they learn. Particular to this study is the use of longi-
tudinal k-means cluster analysis to better understand students taking a particular online
course (k = 4 with 10 iterations). Data mining involves sense making [1]. One method for
identifying patterns in the data is that of cluster analysis. While a detailed explanation
of how cluster analysis works is beyond the scope of this paper, suffice it to say that this
study used a longitudinal k-means cluster analysis to identify the optimal groupings that
represented the most common strategy patterns used by students to complete each of the
ten spreadsheet lessons in this course. The computation was based on data mined from
the activity logs. Data were organized, scaled, and normalized to identify which activities
were undertaken and how often (i.e., the magnitude and order in which students engaged
in specific activities). Table 1 presents the variables used to complete the cluster analysis.

Cluster groupings were analyzed longitudinally by lesson, meaning each student was
assigned a strategy group for each lesson. The students’ learning strategies for each lesson
were compared to identify changes (i.e., variations) made by students in their learning
strategies. While the cluster analysis identified three basic groups, some students tended
to self-regulate from lesson to lesson. A student’s main strategy group was determined
based on the strategy group a student followed most often (i.e., 50% of the time or more).
Those who followed two strategies equally, or did not follow any strategy consistently,
were not assigned a main strategy grouping. Group descriptive statistics were analyzed to
help label each group’s characteristics.

2.3. Learning Strategy Patterns

While the cluster analysis provides the cluster grouping based on the variables pro-
vided, researchers must still make sense of the grouping mathematically obtained. In order
to do this, a student activity pattern was created for each student using a string of activity
action codes. This was done in order to provide a human-friendly view into student strate-
gies and allow researchers to visually inspect student strategies. Each letter represents
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the completion of about 10% of the different learning activities, although students may
have completed activities such as accessing the assignments repetitively. The degree to
which students accessed the assignments is indicated in the assignment variable, while the
pattern only indicates when students completed at least 10% of the assignment. Table 2
presents an example of one student’s activity pattern. Note that each assignment provides
a task guide for each part of the assignment, as well as the option to view all the task
instructions at once. Students could view the task guides individually (represented by
the letter t) or, optionally, they could view all the task instructions at once (represented by
the capital letter T). The pattern is slightly different from the task guide and instruction
variables used in the cluster analysis in that those variables represent how often the task
guide and instructions were accessed, whereas the activity pattern depicts how much of the
instructions were viewed. In the example presented in Table 2, the student viewed all the
task guides (not always the case) but did not use the task instructions option (which shows
the entire task guide at once). This student may have viewed the task guide more than
once, which is captured in the cluster analysis variables. The pattern codes were created
for the researchers to better understand and interpret the student’s learning strategy.

Table 2. Activity code example for an individual student: rrrrvvvrrtttaatataatatata.

Code Description
rrrr started by reading 40% of the lesson text
VvV watched 30% of the video blocks in that lesson
Ir read another 20% of the chapter text
ttt viewed 30% of the task guides in the lesson assignment
aa worked on 20%+ of the primary assignment
tataatatata continued by alternating between task guide and assignment

3. Results

The optimized cluster analysis results identified three learning strategy groupings.
Table 3 presents a description of these groups (including pattern examples) and the propor-
tion of students who follow each of the strategies a majority of the time. Most students
(58%) taking this course followed what we have labeled a Knowledgeable Confident strat-
egy. These students completed less than 50% of the reading and viewed little of the video
instruction (less than 4%). Primarily, they worked on the assignments quickly and, on
average, achieved high scores. A second group (21%) we labeled Novice Careful. These
students completed much of the reading (63%, more so in the earlier lessons), viewed a
moderate amount of the video (29%, especially in later lessons), and tended to access the
assignments more, with a higher number showing task use and task assignment overlap.
The students in this group were either unfamiliar with the topic or, perhaps, were simply
being careful or diligent. The last group we labeled Confident Traditional. Only 14%
of students followed this strategy a majority of the time. These students completed a
moderate amount of the reading (52%), only watched about 10% of the video content, and
tended to complete assignments with little task guide use or overlap. The last group (7% of
students) did not follow any one strategy to any great extent or switched equally between
two strategy groups. Achievement by group and lesson is presented in Table 4. Overall,
there was little difference in achievement between groups or lessons. While the difference
in means were statistically significant [F(3,9147) = 32.26, p < 0.001, n? = 0.007], the group
averages were less than two points apart, and the practical significance was negligible (less
than 1% of the variance was explained by the students’ main learning strategy).
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Table 3. Learning strategy main grouping patterns.

Approach Strategy Description

Overall Sample Activity
Proportion Patterns

Higher reading (63%), more so in the earlier lessons. Moderate video use (29%), 21%
especially in later lessons. Higher showing task use and task assignment overlap.

Novice Careful Rrrrrrvvtttatartaatattaata

rrrvrrrrTtaataataattaa

Confident Traditional Rertattaraataaaa

Moderate reading (52%). Low video use (10%). Low task description use. Low task 14%
. rrrrTataaataaaa

assignment overlap.

Knowledgeable Confident Rrttataaataaataa

Lower reading (41%). Low video use (4%). Higher show task use and task assignment 58%

rtataaaaaaa
overlap.
No Main Group

Followed a particular strategy less than 50% of the time.

7%

Table 4. Strategy group average scores by lesson.

Lesson

Learning Strategy Group 1 2 3 4 5 6 7 8 9 10 Average

Novice Careful 9% 97 94 97 99 92 8 98 97 97 96
Confident Traditional 95 95 94 97 98 90 90 97 96 97 95
Knowledgeable Confident 96 97 98 99 99 92 93 98 98 98 97
No Main Group 9% 97 9% 98 98 89 90 99 98 99 96

3.1. Self-Regulated Patterns

There are several reasons that might explain why students switch learning strategies.
The degree to which students tended to switch between strategies is presented in Table 5.
The overall strategy students tended to use by lesson is presented in Table 6. Of note is
that students tended to switch from their main strategy in Lessons 1 and 10, but stick to
their main strategy in Lessons 2 through 9. In Lesson 1 (Excel Basics), most students used
a Confident Traditional strategy (64%) before moving to a more stable main strategy. In
Lesson 10 (optimization using Excel’s Solver feature, arguably a more difficult lesson), 79%
of students chose a Confident Traditional strategy, with most moving from the Knowledge-
able Confident strategy. Other than in Lesson 1 and Lesson 5, those students in the Novice
Careful group seemed to stick to their main strategy most consistently. Lesson 5 (Charts
and Graphs) was arguably the easiest lesson. In this lesson, most students (78%) chose to
follow the Knowledgeable Confident strategy, with many from the Novice Careful group
changing strategies for this lesson.

Table 5. Percent of those with a main strategy who changed from main strategy group by lesson.

Lesson Avg. Overall
1 2 3 4 5 6 7 8 9 10 % Who Changed
% who changed 56 17 19 12 24 25 17 17 15 71 27%

Table 6. Percent following a specific strategy by lesson.

Lesson
% in Main Group
1 2 3 4 5 6 7 8 9 10
Novice Careful 8.6 240 274 264 5.6 357 294 236 207 207 21
Confident Traditional 640 175 134 151 l64 204 170 169 159 787 14
Knowledgeable Confident 274 585 592 585 780 438 536 595 634 0.5 58
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3.2. Common Strategies and Patterns

In some ways, the students in this study all followed a common pattern of learning
(see Figure 2. Regardless of the main strategy group students were inclined to follow,
they tended to do the reading and view the video first (if they did these activities at all),
prior to attempting the assignment. Very few went back to the reading and videos once
they started the assignments. Likewise, how often students accessed the assignments
was more a function of the lesson than the strategy students tended to follow. Lessons
6 and 7 (Beginning and Advanced Modeling) were the lessons where students accessed
the assignment most often. Overall, students tended to get lower scores on these two
lessons. Lesson 5 (Charts and Graphs) was a lesson where students tended to complete the
assignment quickly without needing to go back to the assignment multiple times. Students
tended to get near perfect scores on this lesson.

Activity Order

Lesson Number Lesson Number

Times Assignments Accessed
100

=A== Novice
Careful

80
60 ==l --Confident

20 Traditional

—e— [Knowlegable
Confident

20

5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

Figure 2. Activity order and times assignment was accessed by each strategy group.

3.3. Unique Strategies and Patterns

In several ways, students in this study followed a unique pattern of learning (see
Figure 3. While the Novice Careful and Knowledgably Confident groups used the task view
and overlapped the task view and assignments often, the Confident Traditional strategy
groups tended to view the task instructions and use the task guide less often with less
overlap. With regard to reading, the Confident Traditional and Knowledgably Confident
strategy groups tended to read about half, or less than half, of the readings, depending on
the lesson (with the exception of Lessons 3 and 8, where these students tended to do more
of the reading on average). Those following a Novice Careful strategy tended to do most
of the reading in the first part of the course, and then less of the reading in later lessons.
Their video views, however, increased in later lessons. This was especially true for Lessons
8 and 10, arguably two of the more difficult lessons, based on instructor comments. Those
following the Confident Traditional and Knowledgably Confident strategies rarely viewed
any of the video.
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Task View Assignment Overlap Video Views
100 100
80 30 — A& Novice
. Careful
% 60 60
8 ---@--- Confident
x 40 40 Traditional
20 20 —eo— Knowlegable
1 .
0 & on.-m--m--0--E-5-0 0 Confident
1 3 4 5 6 7 8 9 10
Show Task Use
100 100
80 80 =A== Novice
%’ o . Careful
1%
L )
3 40 40 ==[ll--Confident
Traditional
20 K M o 20
m--m--m-H .8
0 0 —e— Knowlegable
2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 Confident
Lesson Number Lresson Number

Figure 3. Unique activity patterns based on cluster grouping for each lesson.

4. Discussion and Conclusions

The purpose for conducting this study was to demonstrate the potential use of EDM
techniques to better understand student behavior and identify the ways in which the
instructional design of a particular course might be improved [15]. On the basis of the
average student achievement results alone, one might conclude that the course needs no
improvement. This particular course was a fairly easy introductory course. The average
scores obtained by the students were quite high; still, some students struggled. Our
analysis identified a group of students who may have struggled in specific ways. This
suggests that improving the instructional design for some lessons might benefit this group
of less-than-adept students, even though, on average, the performance of these students
was adequate overall. In addition to this, we were also better able to understand student
behavior in general [15] on the basis of the learning strategies they incorporated while
taking this course.

On the basis of a longitudinal analysis of student behavior, and somewhat as ex-
pected [2,7-9], students did tend to follow specific learning strategies as they completed
this course. In this course, the majority of students (58%) followed what we called a
Knowledgeable Confident strategy. They watched very few videos and read less than half
of the instructional text provided in the course. They tended to get right to the assignments
and any extra effort, in terms of accessing the assignment and task guides, seemed to be a
function of the lesson difficulty. Another common strategy, followed by 21% of students in
this course, was the Novice Careful strategy. These students read considerably more of the
text, and viewed much more of the videos, especially those provided in the later lessons
where they spent less time reading and more time watching. However, students do seem
to self-regulate.

About 23% of the time, students switched strategies for a specific lesson. For this
course, students tended to switch the most at the beginning and end of the course.
In Lesson 1, about 56% of the students deviated from their main strategy. At this stage
of the course, students may be making decisions about how much effort they will need
to exert in order to satisfactorily complete the course and achieve their learning goals.
They may also be assessing the degree to which instructional resources will help them
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accomplish their learning goals. After the first lesson, students seem to settle into a specific
learning strategy. The lesson topic also seems to be a factor where students self-regulate.
For example, in Lesson 5 (Charts and Graphs), students tended to move to a Knowledge-
able Confident strategy, likely due to how easy the lesson was or, perhaps, based on the
possibility that many students had previous experience with this topic. However, in Lesson
10 of this course, a large majority of students from the Knowledgeable Confident group
abandoned their main strategy for completing lessons. One explanation for this might be
that Lesson 10 (using Excel’s solver) was something these students were unfamiliar with
and they needed more assistance in completing the task.

Analysis of these data help instructional designers focus their efforts. It is true that
a mixed methods approach may be needed in order to fully understand how to improve
a course. However, using learning analytics not only helped identify how students went
about completing their learning, but also helped us identify where, and in what ways, the
instruction might be improved. For example, anecdotal self-report evidence, based on
student comments, suggests that the videos were a well-used and well-received element of
this course. The students gave positive ratings with regard to the convenience of watching
the videos on demand, and to the fact that they could pause and rewind the videos, and
even watch them at an increased speed. This perception did not mirror the empirical
usage patterns we observed. There may be several ways to interpret this information. One
conclusion might be that the materials need to be changed. Certainly, on the basis of an
analysis of the learning analytics for this course, the video portion of the course likely
needs to be evaluated. Given the high video usage of some students, the video components
for more challenging lessons may need to be revised or improved. Still, many students do
not seem to utilize video resources (an important finding on its own). However, improving
these components may lead to greater use and more efficient learning, especially for those
lessons found to be more challenging [1,15]. For example, many students seem to need, or
could benefit from, enhancing the video resources in the later lessons. Given that many
students struggle with specific lessons, these could be the focus of instructional design
efforts. More study is needed for this aspect of the course.
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