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Visualizing Algorithm Analysis Topics

Mohammed Fawzi Seddik Farghally

(ABSTRACT)

Data Structures and Algorithms (DSA) courses are critical for any computer science cur-
riculum. DSA courses emphasize concepts related to procedural dynamics and Algorithm
Analysis (AA). These concepts are hard for students to grasp when conveyed using tradi-
tional textbook material relying on text and static images. Algorithm Visualizations (AVs)
emerged as a technique for conveying DSA concepts using interactive visual representations.
Historically, AVs have dealt with portraying algorithm dynamics, and the AV developer
community has decades of successful experience with this. But there exist few visualizations
to present algorithm analysis concepts. This content is typically still conveyed using text
and static images.

We have devised an approach that we term Algorithm Analysis Visualizations (AAVs), ca-
pable of conveying AA concepts visually. In AAVs, analysis is presented as a series of slides
where each statement of the explanation is connected to visuals that support the sentence.
We developed a pool of AAVs targeting the basic concepts of AA. We also developed AAVs
for basic sorting algorithms, providing a concrete depiction about how the running time
analysis of these algorithms can be calculated.

To evaluate AAVs, we conducted a quasi-experiment across two offerings of CS3114 at Vir-
ginia Tech. By analyzing OpenDSA student interaction logs, we found that intervention
group students spent significantly more time viewing the material as compared to control
group students who used traditional textual content. Intervention group students gave pos-
itive feedback regarding the usefulness of AAVs to help them understand the AA concepts
presented in the course. In addition, intervention group students demonstrated better per-
formance than control group students on the AA part of the final exam.

The final exam taken by both the control and intervention groups was based on a pilot
version of the Algorithm Analysis Concept Inventory (AACI) that was developed to target
fundamental AA concepts and probe students’ misconceptions about these concepts. The
pilot AACI was developed using a Delphi process involving a group of DSA instructors, and
was shown to be a valid and reliable instrument to gauge students’ understanding of the
basic AA topics.

This work received support from the VI-MENA program of Egypt, and the US National
Science Foundation under Grant Numbers DUE-0836940, DUE-0937863, and DUE-0840719.



Visualizing Algorithm Analysis Topics

Mohammed Fawzi Seddik Farghally

(GENERAL AUDIENCE ABSTRACT)

Data Structures and Algorithms (DSA) courses are critical for any computer science cur-
riculum. DSA courses emphasize concepts related to how an algorithm works and the time
and space needed by the algorithm, also known as Algorithm Analysis (AA). These concepts
are hard for students to grasp when conveyed using traditional textbook material relying
on text and static images. Algorithm Visualizations (AVs) emerged as a technique for con-
veying DSA concepts using interactive visual representations. Historically, AVs have dealt
with portraying how an algorithm works, and the AV developer community has decades of
successful experience with this. But there exist few visualizations to present concepts related
to algorithm efficiency. This content is typically still conveyed using text and static images.

We have devised an approach that we term Algorithm Analysis Visualizations (AAVs), ca-
pable of conveying efficiency analysis concepts visually. In AAVs, analysis is presented as a
series of slides where each statement of the explanation is connected to visuals that support
the sentence.

AAVs were tested through a study across two offerings of CS3114 at Virginia Tech. We found
that students using AAVs spent significantly more time viewing the material as compared
to students who used traditional textual content. Students gave positive feedback regarding
the usefulness of AAVs to help them understand the efficiency concepts presented in the
course. In addition, students using AAVs demonstrated better performance than students
using text on the efficiency part of the final exam.

The final exam was based on a pilot version of the Algorithm Analysis Concept Inventory
(AACI) that was developed to target fundamental efficiency concepts and probe students’
misconceptions about these concepts. The pilot AACI was developed through a decision
making technique involving a group of DSA instructors, and was shown to be a valid and
reliable instrument to gauge students’ understanding of the basic efficiency topics.
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Chapter 1

Introduction

1.1 Background

Data structures and algorithms are fundamental topics considered critical in computer sci-
ence education. Data structures and algorithms (DSA) courses include concepts related to
algorithm dynamics (how an algorithm works), algorithm proof of correctness (the algorithm
correctly performs its job), and algorithm analysis (algorithm efficiency). DSA concepts are
traditionally hard for many students to grasp as they are abstract and mathematical in
nature [10, 24, [69]. Accordingly, special attention must be given to the ways that these
topics are presented to students by attempting to find better techniques that can improve
the students’ understanding in this area.

Algorithm dynamics concepts are important in any DSA course as this defines how an algo-
rithm works. The focus is on the nature of the algorithm in terms of its execution steps and
how each step updates the state of the underlying data structure. In 1981, Roland Baecker
first included algorithm and data structure visualizations (AVs) into the curriculum through
the “Sorting out Sorting” video. A good AV should include an illustration of the step-by-step
execution of algorithms and how each step affects the state of the underlying data structure
[78]. As the old adage states “A picture is worth a thousand words”, there was an appealing
belief that AVs will be pedagogically effective when used in courses [40] [62]. Two reasons
for this belief were stated in [10]:

1. Abstract conceptual phenomena are notoriously difficult for learners to grasp since
they have no physical manifestation. Visualizations can aid learners in constructing a
mentally runnable simulation of dynamic processes by providing a concrete pictorial
view of abstract concepts.

2. Computer algorithms are dynamic processes that evolve over time. Algorithm text-
books are filled with pictures associated with instructions to assist in the explanation.
Visualizations go one step further. While static pictures can provide learners with the



essence of how something looks, visualizations appear better able to explain a dynamic
evolving process as they help viewers to track patterns and observe relationships in a
display. Static images are not as so good in conveying this time evolution.

Baecker’s work set the stage for future research on AVs. Now AV researchers know how to
implement AVs and apply them in classrooms[78]. But, to our knowledge, all of the current
existing AVs are concerned only with visualizing algorithm dynamics. They display the
data structure in an initial state and then display state changes after the execution of each
algorithm step. This gives students a better intuition about how an algorithm works. But
what about understanding the algorithm’s efficiency?

Separate from dynamics, algorithm analysis concepts are crucial in any DSA course. Students
are expected to understand the nature of the algorithm in terms of resource requirements,
such as processing time and storage to gauge the efficiency of an algorithm in different
situations and problem instances. These measures can then be used to compare algorithms
to pick the more efficient for a given task. It was stated in [24], [69] that analysis concepts
are not fully comprehended by most of the students since these concepts are presented and
justified by invoking sophisticated mathematical arguments. Current AVs provide little
support for visualizing algorithm analysis concepts[78]. Hence the AV field is missing one of
the most important concepts in any DSA course. Proof of correctness concepts are similar
to algorithm analysis, as they both rely on a series of mathematical arguments. To our
knowledge, there is nothing in the literature providing any innovation in presenting proof of
correctness concepts to students. However, some attempts exist trying to visualize some NP-
completeness proofs [13,55]. In addition, the JFLAP system [72] provides some construction
type proofs showing how to convert an NFA to DFA for automata courses.

The main focus in this dissertation is to develop and evaluate a new generation of visu-
alizations that we name Algorithm Analysis Visualizations (AAVs), created specifically to
illustrate algorithm analysis concepts. Designing such visualizations is a challenge, because
unlike AVs [ there is no dynamic content to be presented, and analytical material is much
more abstract than that of algorithm dynamics as it focuses on mathematical arguments and
manipulations. In order to be able to use AAVs in a DSA course as part of the curriculum,
we have developed AAVs in a way that they can be easily embedded in an online eText-
book. Our choice was to use the OpenDSA eTextbook. The OpenDSA project at Virginia
Tech [19, 20] is concerned with building a complete open-source infrastructure and body of
methods with which to create electronic textbooks for DSA courses enhanced with various
embedded artifacts, such as algorithm visualizations, exercises with automated assessment,
and slideshows to improve the understanding and learning experience of students during the
course. The major aim of OpenDSA is to allow instructors to create their own instances of
complete interactive eTextbooks that integrate interactive artifacts with the prose content.
OpenDSA contains a pool of AVs designed using the JavaScript Algorithm Visualization

*Throughout this dissertation, this term will be used to refer to algorithm visualizations that emphasize
algorithm dynamics concepts.



JSAV framework [45] [46] to support various topics in undergraduate DSA courses such as
sorting, hashing, linked lists, trees, and graphs. OpenDSA contains many AVs illustrating
algorithm dynamics concepts, but prior to this study, there was little innovation in Open-
DSA related to presenting analytical material visually. There were no available techniques
in OpenDSA for presenting a visualization to illustrate the analysis of an algorithm. Ac-
cordingly, algorithm analysis concepts were presented using textual paragraphs including
mathematical equations supported by static images. This is the same way that traditional
printed textbooks present the same material. Similar to existing OpenDSA AVs, AAVs were
implemented using the JSAV framework to be consistent with the available AVs, and to
be easily embedded into the HT'ML-based lecturing material. JSAV is designed mainly to
support algorithm dynamics concepts, however, there is support that can be leveraged to im-
plement AAVs. By presenting OpenDSA analytical material using visualization, we believe
that students will have a better learning opportunity, as they are provided a better under-
standing of the basic concepts of algorithm analysis and a better intuition about algorithm
running-time proofs, which are hard to grasp when relying merely on textual discussion and
static images.

Evaluating the pedagogical effectiveness of AAVs is another major challenge. It was stated
in [I8] that measuring student learning gains made with technological interventions is a
difficult endeavor. Regarding AVs, it was stated in [40], that despite the intuitive appeal
of visualizations, it has been slow to catch on in mainstream computer science education.
The experimental studies designed to substantiate the educational effectiveness of AVs have
shown mixed results.

Time-on-task measurement is a widely used method to analyze student behaviors [6, [7],
assess student engagement in learning [27, 47], and measure student learning [71]. After
analyzing OpenDSA student interaction logs from Fall 2014, we found that most students
do not spend a reasonable amount of time studying algorithm analysis concepts that are
presented in OpenDSA. Sometimes they skip it entirely to jump to other module parts
containing exercises so that they can acquire credit. Given these results and the difficulty
of evaluating the pedagogical effectiveness of AAVs based on student performance, we think
that a good indicator for successful presentation may come from time evaluation [60]. In
time evaluation, we can see if the time spent by students in the analytical material with
the visualizations available is more than that spent without them. This can be a good
indicator of student engagement. To do this, we have first to determine the time spent by
students reading the analytical material for key OpenDSA modules before introducing the
visualizations, and then determine the time again with the analysis material replaced with
the analysis visualizations. This was done as a between-subject quasi-experiment across two
semesters (one semester is the control group and the subsequent semester is the intervention
group) with two offerings of a CS3-level course. Time evaluation may be an indication of
student engagement, which is crucial in evaluating the pedagogical effectiveness of AVs as
stated in [62].

Of course we cannot claim that the visualizations are pedagogically effective relying merely



on time evaluation. It was stated in [28] that student engagement is a necessary prerequisite
for learning, but it is not sufficient by its own to show effective learning. Accordingly, we
conducted an experiment to see the impact of the visualizations on student performance
for algorithm analysis questions. As in time evaluation, the experiment ran through two
semesters with two offerings of a CS3-level course. In one semester, algorithm analysis
concepts were presented using traditional OpenDSA material, while in the second semester,
algorithm analysis concepts were conveyed through AAVs. The difference in performance
between the two groups was measured through post-tests.

A question worth asking: “how can we be sure that the post-test actually measures stu-
dents’ performance in algorithm analysis?” This question is hard to ignore as we should not
assume that a set of questions measure algorithm analysis performance without proving this
empirically before offering it as a post-test in our evaluation experiment. Accordingly, we
decided to design the Algorithm Analysis Concept Inventory (AACI), and test its validity
and reliability using the methods available in the literature. This was challenging, since
we needed to build the CI from scratch. To our knowledge, no work in the literature has
addressed the problem of defining important and difficult concepts related to algorithm anal-
ysis. In addition, few attempts are available identifying misconceptions related to algorithm
efficiency [21], [67]. The developed CI was administered as a post-test to provide a clear after
view of student learning with and without AAVs.

1.2 Research objectives

This study seeks to satisfy three main research aims:

1. First, we developed a pool of interactive visualizations to enhance the algorithm anal-
ysis material presented in OpenDSA modules.

2. Second, we designed an experiment to evaluate the educational effectiveness of the
implemented visualizations when embedded into OpenDSA modules and used in the
classroom to see if they actually improve the students’ level of understanding in terms
of their engagement and performance in the course.

3. Third, we built the pilot version of the algorithm analysis concept inventory and tested
its validity and reliability to be used as the the post- test in my evaluation experiment.

1.3 Research Questions

The primary research questions for this study are:

1. Are students more engaged with AAVs than with the traditional algorithm analysis
content available in OpenDSA?



2. Is the performance in a post-test of students using AAVs higher than students using
traditional OpenDSA analysis material?

3. What feedback do students from the intervention group give regarding their experience
with AAVs (based on a survey at the end of the semester)?

4. Is our AACI a valid and reliable measure for student performance in algorithm analysis?

1.4 Major Contributions

The key contributions of this study are:

1. A set of interactive visualizations capable of conveying algorithm analysis concepts
visually that can be embedded in the curriculum as part of an online eTextbook.

2. A quasi-experiment and results analysis to gauge the effectiveness of AAVs in terms of
student engagement, satisfaction, and performance.

3. A set of algorithm analysis misconceptions that are believed to be held by students
after taking a CS3-level course.

4. A set of important and difficult concepts related to algorithm analysis identified using
a Delphi process.

5. A set of items that constitute the algorithm analysis concept inventory that can be used
to distinguish between students who think in accordance to common conceptions on
algorithm analysis versus students who think in accordance to common misconceptions
in algorithm analysis.

1.5 Dissertation Outline

In Chapter [2] we present some previous work related to applying visualizations in education.
We also present previous work related to designing concept inventories and testing their va-
lidity and reliability. Chapter [3| presents the idea behind AAVs with some examples and the
motivation behind it from both OpenDSA student interaction log analysis and student sur-
veys. Chapter 4| presents our work in building the algorithm analysis concept inventory along
with the work to test its reliability and validity. Chapter [5| presents the results from the ex-
periment performed to evaluate the effectiveness of AAVs according to student engagement,
satisfaction, and performance. Finally, Chapter [6] presents future research directions.



Chapter 2

Related Work

2.1 Visualization in Education and Visual Proofs

During the last three decades, several attempts had been made to design and implement
various types of AV tools with interactive capabilities to help students better understand
DSA concepts. For a good review of some of these tools, refer to [78]. Examples of some
well known AV systems include: GAIGS [63] and SWAN [79], which are considered as
early attempts of utilizing object oriented technologies in creating AVs. JHAVE [61] and
ANIMAL [73] are among the first platform independent tools in the AV field, since they
were implemented in Java. JELAP [72] is another Java-based AV system which was mainly
directed towards automata theory classes. TRAKLA2 [48] was inspirational in creating the
first meaningful DSA exercises with automated assessment. Here the student is required to
simulate the operation of a particular algorithm by changing the states of the underlying
data structure according to the algorithm steps and is provided with an immediate feedback.

Other attempts for building effective AV tools are JAWAA [1], ALVIE [14], and MA&DA [49).

All of the aforementioned AV tools focus merely on algorithm dynamics, trying to illustrate
the procedural nature of algorithms visually in terms of state changes in the underlying
data structure. To our knowledge, there is no support for visualizing general algorithm
analysis concepts such as upper bounds, lower bounds, best, average, and worst cases, and
the running-time complexity of basic algorithms, which are crucial concepts that are hard to
comprehend by most of the students since they are normally presented using sophisticated
mathematical arguments [24, [69)].

There have been paper-based attempts to present proofs visually. Goodrich, Tamassia,
and Goldwasser [25] presented some algorithm running time complexity proofs visually us-
ing geometric shapes. The task of calculating the asymptotic running time complexity of
a particular algorithm is reduced to calculating the areas of a collection of these shapes
as each shape is representing an amount of work done by the algorithm. Visual proofs



[8, 241, B30, 80, 85] is an approach that caught the attention of algorithms researchers and
instructors since it augments or even replaces inductive arguments that many students find
difficult. Goodrich and Tamassia [24] presented simple visual proofs for several core topics in
DSA courses (summing linear terms, counting nodes in a binary tree, analyzing binary tree
traversal, analyzing bottom-up heap construction, and rebalancing AVL trees via rotations)
in an attempt to justify the potential of using visual alternatives for teaching algorithm
analysis concepts. Thompson and Chadhuri [85] presented an alternative visual analysis
of the Build-heap algorithm (as previously presented in [24]). Blaheta [8] presented a vi-
sual proof for amortized-linear resizable arrays by proving that doubling the capacity is the
best strategy when resizing linear arrays. Sher [80] presented a visual proof of the average
case running time of a list searching algorithm. Hammack and Lyons [30] provided a picture
proof of the alternating series test using simple comparisons of areas of rectangles to establish
convergence.
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Figure 2.1: Build-heap worst-case running time Visual Proof, from [85]

In Figure the Build-heap visual proof presented in [85] is shown. Most students demon-
strate the misconception that the running time of the Build-heap procedure in the worst
case is O(nlogn), as the running time complexity of the heapify procedure in the worst
case is O(logn) and the heapify procedure should be done for n nodes in the heap. This
visual proof provide a visual intuition that the running time complexity of the Build-heap
operation in the worst case is O(n). The amount of work done at each heap level is trans-
lated to a set of rectangles in which the number of rectangles determines how many levels
the nodes need to be pushed down the heap to maintain the heap property. The width
of the rectangle represents the number of nodes in a particular heap level. For example,



at level 0 of the heap, there is only the root node, so we have h (the height of the heap)
rectangles, each has one unit width to represent the work done at this level in the worst case
(the rightmost set of rectangles in the upper shape). All the rectangles are unit height, so
the surface area of the rectangle indicates the amount of work done. The upper shape is
then rearranged in a way relying on the mathematical fact that for any positive integer k,
2F 1 =2k142k2 4+ 4+ 84+ 4+2+ 1. Finally, the total running time of the Build-heap
procedure is transformed to be the problem of calculating the total surface area of the lower
shape in the Figure which is = 2 x [2F1 42824+ 4 8444+2+1] =2 x [2"h —1] = 2" — 2,
Since h = [logn], the total surface area of the shape is O(n).

Figure 2.2: Summation from 1 to n Visual Proof, from [24]

In Figure [2.2] a visual proof to find the closed form solution of the summation Z@ pre-
i=1
sented in [24] is shown. This summation is used to model the worst case running time of
Insertionsort. Here, we have n rectangles, and each one represents a term in the summation.
The height of the rectangle is the value of the term it represents. All of the rectangles are
of unit width. The closed form of the summation is found by calculating the surface area of
the resulting shape on the left, which is simply the area of the big triangle (base n, height
n) plus the areas of the small n rectangles (base 1, height 1). We have the total surface area
n(n+1)

equal to === . This is exactly the closed form solution of the summation. The shape on
the right shows a different approach to calculate the surface area of the shape in the special
case when n is even.

Both of the previously described visual proofs share a common principle that can be used
to develop further visual proofs in a similar manner. Graphical primitives are leveraged to
represent the amount of work required for each step, and then the total running time can
be viewed as the total surface area of the resulting shape. We name this principle “Area to
Cost” for future reference. The average-case list searching visual proof [80] also applied this



principle using rectangles. Here, each rectangle’s width represents the amount of work done
when the item is found at a specific position , while the rectangle’s height represents the
probability of finding the item in this position (assuming equal probability of %) By making
an upside down copy of the resulting shape, we get a large rectangle. Now, the average case

running time of the list searching process will be half the area of the big rectangle which is
n+l
5 -

The alternating series convergence [30], and the amortised linear re-sizable arrays [§] visual
proofs have applied a similar principle relying on areas of rectangles. For example, Figure[2.3]
shows the convergence of the alternating series a; — as + ag — aq + a5 — ag + ... relying on
comparing rectangle areas.
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Figure 2.3: Alternating Series Convergence Visual Proof, from [30]

On the other hand, binary-tree traversal, bottom-up heap-construction, and the analysis of
AVL trees proofs presented in [24] have applied a different principle. They simply present
a series of visual depictions that support the discussion. For example, Figure shows
a visual proof of the running time complexity of the Euler tour that visits each node of a
binary tree once, such that the edges of the tree are always on the left. As shown in the
figure, there are no graphical primitives or areas used in this proof. The proof mainly relies
on the intuition provided by the visual depiction of the traversal process. We name this
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Figure 2.4: Euler Tree Traversal Visual Proof, from [24]

principle “Visual Description” for future reference.

To our knowledge, there have been no attempts to present algorithm analysis concepts
using interactive visualizations that can be integrated into the curriculum as is done with
AVs. In addition, all of the aforementioned visual proof attempts were not accompanied by
any empirical evaluation to determine whether these static depictions are really engaging
and useful for student learning. Evaluating the educational effectiveness of visualizations
is a challenging task for many reasons. Some of the reasons are described in the following
paragraphs.

First, the educational impact of visualizations depends not only on student learning gains
when they use it, but also it depends on how widely it is used by instructors [60]. Among
the obstacles faced by instructors to include AVs into their curriculum is the time and
effort required to develop and integrate AVs into the curriculum, as well as the lack of the
appropriate software tools to support this process [44], 60].

Second, despite the intuitive appeal of educational use of visualizations, results are mixed
regarding the way of using them and the key features they should have in order to be effective
in learning [40] 86l 87]. In [I0], it was stated that for some visualization evaluation studies
there were some benefits detected for students but not at the level hoped or expected by
developers. An important result from [40)] is that greater impact of AVs will be reached when
the students are more engaged with the visualizations (how students use AVs rather than
what AVs show them). Based on this, in [62], a taxonomy of six student engagement levels
were proposed (no viewing, viewing, responding, changing, constructing, and presenting),
and the main hypothesis was that the higher the level of student engagement with the
visualization, the more the impact the visualization has on the student’s performance. Some
studies made use of this taxonomy and tried to test this hypothesis, however the results
are mixed again. Some studies supported the hypothesis as in [60], while other studies did
not fully support it [53, 87]. Other efforts were directed towards finding AVs features (i.e.,
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user control and pseudo-code display) that affect its educational effectiveness [74]. Results
suggest that allowing students to control the steps through the visualization and providing
an example dataset has a significant effect on the AV’s educational value, while displaying
pseudo-code has no significant effect.

Third, assessing students’ performance or learning gains is necessary and imperative in eval-
uating the educational effectiveness of visualizations. Affective gains (i.e., emotional and
social influence) is another neglected measure that can directly affect the effectiveness of a
visualization and are as important as and typically precede and drive learning gains [18].

Fourth, sometimes for ethical reasons some instructors are reluctant to divide their students
of the same class into two groups and give each one a different treatment and then compare
the learning gains of each group to see the result of the treatment [I§]. There are some
workarounds to this problem, such as comparing one classroom to another (maybe in different
course offerings), but then we will end up with another problem which is how to show that
both classes are similar in their level of knowledge and that they can be compared to each
other based on the treatment.

Fifth, the visualization itself may provide some facility and this facility is the key factor
in aiding learning rather than the visualization per se. For example, in [I0], a study was
conducted to evaluate AVs as a learning aid. Results suggested that one way visualizations
may be a learning aid for algorithm dynamics concepts is by encouraging students to predict
the algorithm behavior and make implicit guesses about the algorithm’s next step. The
study also concluded that static images can also stimulate students to predict the algorithm’s
behavior. Therefore, the visualization per se may not be the key factor in aiding learning.

Finally, students’ experience can affect the evaluation of visualizations. For example, in [52],
a study was conducted of whether a program visualization tool called Ville helps students
to learn programming. By dividing the students into control and test groups and providing
Ville as a treatment for the test group, the results favored the test group, however, the
differences were too low to reject the null hypothesis. When the two groups were further
divided into students with some programming experience and students with no programming
experience, there was a significant difference between the performance of the no experience
students in the control group and test groups. Accordingly, there was solid evidence that
Ville enhanced the learning of students with no previous programming experience.

Despite the aforementioned challenges, researchers have tried to find measurements to eval-
uate the learning outcomes of visualizations. There are two forms of evaluating the learning
outcomes of students when using visualizations: summative evaluations and formative eval-
uations [60]. Summative evaluations are those quantitative measurements that occur after
providing the treatment, while formative evaluations are those qualitative assessments that
occur during the study. Examples of summative evaluations include pre- and post-content
tests to gauge the content mastery after using the visualization, in which the purpose of the
pre-test is to measure the level of the learners’ prior knowledge, and the purpose of the post-
test is to measure the level of knowledge after using the visualization. Students’ grades are
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another example of summative evaluations that are used to measure the level of success in a
course. We may have some evidence about students’ learning outcomes by comparing their
grades before and after using the visualizations. Time evaluation [60] can be thought of as
both summative and formative. The goal is to record how much time is spent by the learner
working with the visualization, which may be a good indicator in assessing the learner’s
interest or engagement in the visualization. Tools to log the learner’s interactions with the
visualization are useful to be able to perform time evaluation. These tools in OpenDSA are
discussed in [9} 20].

By analyzing studies about evaluating learning gains from educational interventions, we
found that the evaluation process is similar among different types of interventions such as
visualizations [10, [51), 52, 53], [60], online tutorials [31],[50], educational games [29] 38 [68], and
student self reflection [22]. Based on these studies, the evaluation protocol can be defined
by the following steps:

1. State the hypotheses: The set of hypotheses to be tested should be clearly defined.
For example, in [68], one of the hypothesis was “The students of the test group will
exhibit significantly greater achievement in terms of computer memory knowledge than
those of the control group”. In [50], the hypothesis was “Practicing with the online
tutor will be at least as effective as practicing with a printed workbook that includes
answers to problems as an appendix”. In [53], the hypothesis was “The changing level
of engagement will result in significantly better learning than the viewing level, and
the constructing level is expected to yield significantly better results than changing”.

2. Define Participants: The subjects should be selected and then assigned to either
the control or the test (intervention) group (between-subjects evaluation). Control
and test groups could be further divided into more groups to test the effect of some
co-variant factors such as learning styles [60], gender [6§], previous experience with the
topic [52], and others. For example, in [68], the subjects were high school students
studying computer memory concepts. Subjects were randomly assigned to control
and test groups that are further divided into boys and girls to test the effect of the
gender co-variant factor. In [52], the subjects were university students in their first
year programming course. Again, subjects were randomly assigned to control and
test groups that are further divided to students with no programming experience and
students with some programming experience to test the effect of previous knowledge
on the learning gains after using the treatment.

3. Describe the Materials: All materials (i.e., traditional method and treatment as well
as pre- and post-tests) that will be used to conduct the experiment should be clearly
defined. For example, in [6§], a gaming application called “LearnMem1” was defined
to be the treatment, while another online application called “LearnMem2” was defined
to be the traditional method. Also a computer memory knowledge test composed of
30 True/False questions was constructed by the researcher and was used as a pre- and
post-test. In [26], the JHAVE visualization tool supplementing the lecturing slides was
used as the treatment, while the traditional method was composed of the lecture slides
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provided for the treatment accompanied with a five page study guide. The pre- and
post-tests were defined in an appendix at the end of the study.

4. Describe the Procedure: The steps for conducting the experiment should be stated.
In most cases, summative evaluations using pre- and post- content tests are adopted.
That is, a pre-test is first given to the students divided into two groups, a control and
a test group, to gauge their level of prior knowledge about the topic of interest. Then
the intervention (or the treatment) is provided to the test group, while the control
group is provided the traditional teaching method. Finally a post-test is given to both
groups to see the difference in knowledge acquired.

5. Conduct Data Analysis: After conducting the experiment, this is the time to per-
form the statistical analysis and make inferences about whether the hypotheses would
be accepted or not. The independent variables (in most cases it will be the treatments
provided along with any co-variant factors) as well as the type of the statistical analysis
(i.e., ANOVA, t-test) should be clearly defined. For example, in [26], non-parametric
Kruskal-Wallis and Man-Whitney tests with 5% significant level were used for com-
parisons between pre-test scores of different groups. ANOVA was used for testing the
significance between groups for post-test results. In [22], a statistical measure called
the average normalized gain was used to measure the level of improvement between
post-test and pre-test results. In [52], pre- and post-test results among the subject
groups were analyzed using a two-tailed and pair-wise t-test.

2.2 Concept Inventories

The difficulty of evaluating the learning gains of pedagogical interventions has motivated
a call for adopting standardized assessment tools [34]. Many students begin their courses
with a set of preconceptions that can be leveraged to guide them in deep understanding of a
particular concept or it may lead to misconceptions that if not treated may persist and hinder
their understanding [89]. Before instructors can hope to develop curricular interventions to
repair students’ misconceptions, they have first to identify which concepts their students
misunderstand and what are the prevalent misconceptions [64].

A Concept Inventory (CI) is a standardized assessment tool that evaluates whether a stu-
dent’s conceptual framework matches an accepted conceptual framework of a particular topic
[T7, 34]. Thus, it can be used to classify students into two groups: a group that thinks in
accordance with accepted conceptions in a discipline, and a group that thinks in accordance
with common misconceptions in the same discipline. A CI can also be thought of as a set
of Multiple Choice Questions (MCQs) in which each item targets one or more concepts and
item distractors correspond to student misconceptions related to this concept [11), [34]. A CI
can be used to measure learning gains when administered as a pre- and post-test in a given
evaluation study [64]. Accordingly, it can be used as a comparison tool to measure learning
gains with different pedagogical interventions [34] [82].
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The advent of Cls started with the Force Concept Inventory (FCI) [36] that was mainly
designed as a set of MCQ questions to probe students’ beliefs about the basic concepts
of Newtonian mechanics. The FCI revealed a vast difference between student and expert
understanding of core physics concepts and it is now thought of as the gold standard that
all other ClIs are compared to [82]. The impact of the FCI had set the stage for more
attempts to develop Cls for STEM disciplines. STEM Cls have been developed for the
fields of statics [81], statistics [2], thermal and transport [64], geoscience [54], signals and
systems [88], fluid mechanics [58], electromagnetics [65], and heat transfer [41].

In CS, CI development still in its beginning [82]. However, there have been a number of
attempts and ongoing work regarding the development of reliable and valid CIs for CS top-
ics [84]. Some of the attempts were directed towards CS1 level courses as in introductory
programming [I1], discrete mathematics [4], and CS1 fundamentals [83]. Other attempts
were directed towards other courses as in digital logic [34], operating systems [89], algo-
rithms and data structures [17], and computer architecture [70]. The interested reader can
consult [31), 82] for more CS Cls.

Designers of Cls for CS topics face many challenges. Some of these challenges are not specific
for CS like those described in [70], while the others are unique to CS such as those presented
in [82]. The most concerning to us are:

e Most of the time administering a CS CI as a pre-test is pointless regarding detecting
student misconceptions as student misconceptions in a CS topic is unlikely to come from
their misunderstanding of the world as in other disciplines like physics [83]. Accordingly
the misconceptions revealed from a pre-test administration of a CS CI could be false
positives and the actual problem may be just a student problem in understanding the
meaning of the notations or programming constructs [70, [89].

e [fthe CI items contain notations from a specific programming language, then if a curric-
ular change happens, the CI items should be changed accordingly [82]. [84] presents an
attempt to develop a language-independent CI for CS1 topics relying on pseudo-code.
However, students should be familiar with the psedo-code notation before attempting
the test, which may add some unnecessary learning curve.

According to [17), 23 [34], 64], the major steps in developing a CI are defined as follows.

1. Define the scope: A CI is not intended to be comprehensive like exams, it only
focuses on critical concepts for a topic [I1]. It is typically administered as both a
pre-test at the beginning of a course and a post-test at the end to measure the learning
gains from a particular instruction method [23]. Accordingly, the scope of the test
must be determined at the beginning to include only those course topics (concepts)
that are critical for the course and that can distinguish students according to their level
of conceptual understanding [11, 23]. To come up with the list of concepts, a Delphi
process [16] applied in [23, 34, 64] may be adopted to obtain a consensus among a
group of experts through informed decisions. The Delphi process has the advantage of
overcoming the bias that may come from the single expert approach due to experience



15

and specialty [64]. The Delphi process also allows each person’s views to be heard, and
provides the benefit of anonymous access to the views of other group members so that
the influence is only based on the logic of the arguments not the experts’ reputation
[23]. In addition, critical concepts can be also identified by intensive synthesis of
different sources such as textbooks, papers, and exams [11].

. Identify misconceptions: After defining those concepts that are important for the
underlying topic, the emphasis then should be directed towards coming up with a list of
students’ common misconceptions in understanding those concepts. Both instructors
and students should be consulted in this phase [34]. Instructors (maybe through a
Delphi process) can identify misconceptions from their teaching and grading experience.
Students also should be interviewed to determine why they fail to understand key
topics correctly. According to [23], only students can provide reliable information
about their misconceptions. The list of important concepts should be revised after this
step to include only those concepts that are both important and difficult for students
to understand [23], 34].

. Develop questions: Using the list of concepts and misconceptions, CI developers
should construct questions related to each defined concept, that should trap those stu-
dents with misconceptions. The list of questions should cover each concept multiple
times to strengthen the validity and reliability of the measurement [I1) 34]. The type
of questions can include both MCQs and open ended questions. Open ended questions
are able to obtain a direct vision of the students’ thinking process and understanding
of how deeply they interpret the concepts [67]. Open ended questions are helpful when
used in an alpha administration of the CI to catch new student misconceptions not
already defined in the current misconception list [I1]. In [23], open ended questions
were generated by experts for each targeted concept and students were invited to an-
swer these questions. A think-aloud protocol was applied to discover students’ mental
models of the targeted concepts. During the think-aloud sessions, some misconceptions
emerged which were then used to design reasonable distractors for MCQ correspond-
ing to these misconceptions. On the other hand, MCQs can be effective when each
distractor matches a student misconception [34]. Those distractors that are not chosen
by students may be indicators that the corresponding misconceptions are not held by
the students and hence, the misconception list should be updated accordingly [34].

. Check reliability and validity: Testing the reliability and validity of a CI is a te-
dious process [64]. For a CI to be widely accepted as a testing instrument it should be
both valid and reliable [34] and a CI cannot be valid if it is not reliable [64]. Reliability
measures the instrument’s consistency among test scores [81] whether it is an internal
consistency among individual test items (single administration measures) or it is the
consistency among scores in repeated administrations (multiple administration mea-
sures) [34]. A CI reliability test answers these questions: “Do repeated administrations
of the test yield the same results?” [64] or “Is there is any correlation between the
scores of individual test items?”. Or in other words “How well do the items on the test
measure the same construct?” It was stated in [3] that internal consistency reliability
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has an advantage over multiple administration reliability as it doesn’t require giving
the test more than one time. Measures for internal consistency include Cronbach’s
alpha and its Kuder-Richardson variations KR-20 and KR-21. KR-20 is a special case
of Cronbach’s alpha for dichotomous items (the answer is either true or false with no
partial credit). KR-21 is a special case of KR-20 when all the items are assumed to
have equal difficulty. It was stated in [66] that an alpha value of 0.7 or higher might
be reasonable. In [34], KR-21 coefficient was applied and it was stated that a value of
0.4 is considered acceptable.

Validity measures whether the instrument actually satisfies the purpose for which it
is used [81] 83]. In other words, a CI validity test answers the question: “Are we
measuring what we think we are measuring? Have we covered the required concepts?”

[64]. There are three main types of validity:

(a) Content validity: Content validity is satisfied when the instrument’s items
appropriately measures the construct it intend to measure [83, 84]. This can
be performed through rational analysis of the test content based on personal
subjective judgment when an expert or even an examinee examines the test and
concludes that it measures the required trait [3]. It was stated in [34] that for
a CI to be considered successful, expert content validity should be performed
in which a panel of experts evaluates each CI question on whether it targets
the required concept and addresses the intended misconception(s). Determining
if the instrument accurately reflects students misconceptions is another form of
content validity, named student content validity [34]. This is done after the CI
is administered to see whether all or most of the misconceptions are represented
in the students’ answers. In addition, student interviews should be conducted to
understand whether distractors were chosen because of a student misconception or
a misunderstanding of the question. A similar content validation process relying
on expert validity and student interviews was also done in [75].

(b) Criterion-related validity: Unlike content validity, criterion-related validity
is based on statistical measures [3]. In order to have criteria-related validity, a
correlation between test scores and other related measure should exist [81] (i.e.,
correlation between test scores and student GPA or overall course grade).

(c) Construct validity: The construct is the actual trait or characteristic an in-
strument is measuring [83]. Construct validity has traditionally been defined as
the experimental demonstration that a test is measuring the construct (i.e., pro-
ficiency in a certain topic) it claims to be measuring [3]. Construct validity can
be measured in two ways, convergent validity and discriminant validity [3, 139].
In convergent validity, another instrument that is known to be measuring the
same construct should be consulted and scores from both instruments should be
strongly correlated. In discriminant validity, scores between the instrument to be
validated and another instrument that is known to be not related to the target
construct should not be correlated. Construct validity could take the form of a
between-group study, wherein the performances on the test are compared for two
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groups: one that has the construct and one that does not have the construct. If
the group with the construct performs better than the group without the con-
struct, that result is said to provide evidence of the construct validity of the test.
Also construct validity could take the form of a within-subject study wherein a
group that is known to be weak in the construct is measured using the test, then
taught the construct, and measured again. If a non-trivial difference is found
between the pre-test and post-test, that difference can be said to support the
construct validity of the test.
Determining if the instrument is biased is another form of validity applied in [81]
and [34]. This can be tested by administering the CI for two or more groups having
different majors, gender, race, ethnicity, culture, etc, and then conduct the appropriate
statistical test (i.e., ANOVA) to see if there is no significant difference between the
scores of the two groups.
In addition, CI developers are interested in evaluating whether each individual CI item
performs as desired. Classical Test Theory (CTT) [15] and Item Response Theory
(IRT) [5] provide the tools to answer the question of whether an individual test item
is useful according to some metrics such as difficulty and the discrimination between
good performers and bad performers on the test. [34] applied the Item Response Curves
(IRCs) (also called item to total correlation curves [I5]) to check item quality in terms
of whether the performance in the CI as a whole is correlated to the performance in
each individual item. [64] applied item difficulty and item discrimination measures to
decide whether CI items are truly performing as desired. An item that is difficult to
the extent that nearly all students didn’t answer it correctly, or is easy to the extent
that nearly all students answered it correctly, may be useless. In addition, an item
may be also useless if it fails to well discriminate between good performers and bad
performers in the whole test (i.e., has low discrimination index). Similarly, item and
discrimination measures were also applied in [81].



Chapter 3

Algorithm Analysis Visualizations

3.1 Introduction

OpenDSA’s material on algorithm analysis was originally based on text and static images,
similar to the presentation found in any traditional DSA textbook. In this chapter, we present
the motivation behind developing a new generation of visualizations that we name Algorithm
Analysis Visualizations (AAVs). AAVs are capable of conveying algorithm analysis material
as presented in a typical CS3-level course in a visual interactive way. We present results
from analyzing OpenDSA student interaction logs and surveys showing that students were
not engaged in the original algorithm analysis material available in OpenDSA.

In response to the motivation for AAVs and with the inspiration by visual proofs, a pool of
AAVs was developed and integrated into OpenDSA sorting and algorithm analysis introduc-
tion modules. In this chapter, we present some examples of the developed AAVs, and show
how they rely on the two visual proof principles described in Section

3.2 Motivation

3.2.1 Algorithm Analysis Topics are Hard

Since students in our DSA course are using OpenDSA as the course textbook, we have the
opportunity to closely monitor how students make use of the course materials, and how they
perform on the online exercises. We first tried to determine which topic areas or exercise
types give students the greatest difficulty. OpenDSA provides a collection of online, open-
source tutorials that combine textbook-quality text with algorithm visualizations, randomly
generated instances of interactive examples, and exercises. Content within OpenDSA is
organized into modules, each focusing on a specific topic such as Quicksort or Closed Hashing.
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The modules contain a wide variety of exercises. Some require that the student manipulate
a data structure to show the changes that an algorithm would make on it. We refer to these
as “Proficiency Exercises” (PEs). This type of exercises was pioneered in the TRAKLA2
system [56]. In addition, OpenDSA uses the Khan Academy (KA) exercise framework [*| to
provide Multiple Choice Questions (MCQ), True/False (T/F), and short answer exercises.

We studied 143 student participants enrolled in a CS3-level course at Virginia Tech during
Fall 2014. OpenDSA was used as the main textbook, and students had until the end of
the semester to complete the OpenDSA exercises. OpenDSA exercises accounted for 20%
of the course final grade. We analyzed OpenDSA exercises with respect to the number of
hints used, and the appearance of a trial-and-error strategy to “guess” the answers. Harder
exercises are expected to display a higher rate of hints use and/or trial-and-error.

Exercises using the KA framework generate a series of question instances on the topic. The
student must get a certain number of correct instances (typically five to six) to complete
the exercise. One point is deducted from the student’s credit toward this requirement when
they submit an incorrect answer, to discourage guessing. Students can also take one or more
hints that explain the answer to the question. In this case, the attempt is not graded (no
point is awarded or deducted toward the threshold).

To analyze exercises based on students’ hint use, we computed the hint ratio for each KA
exercise as follows.

_ #of hints used
~ 4of total attempts

To analyze exercises based on the rate of trial-and-error, we calculated the incorrect ratio
for each KA exercise as follows.

hr

_ #of incorrect answers
=
#of total attempts

Inspecting exercises in the fourth quartile (exercises in the highest 25% incorrect ratio), we
found that they are related to the topics of algorithm analysis, heaps, quicksort, radixsort,
shellsort, and heapsort.

The seven exercises shown in Table had high hint or high incorrect answer ratios. They
relate to topics covering mathematical background and runtime analysis of quicksort, hash-
ing, and shellsort. 45% of students heavily (third quartile and up for all exercises) used
hints, and provided many incorrect answers when solving these seven exercises. We found
that most exercises with low incorrect answer and hint ratios are for stacks, arrays, and lists.
These are topics that most students know from previous courses. When using high rate
of hint use as a measure of exercise difficulty, we found that exercises related to algorithm
analysis and mathematics topics appeared to be more “difficult”.

*http://github.com/Khan/khan-exercises
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Table 3.1: ir and Ar for difficult exercises

Exercise hr s Topic
ListOverhead 0.93 | 0.6 List Overhead Analysis
TreeOverheadSumm 0.78 | 0.73 | Tree Overhead Analysis
QuicksortSumm 0.32 | 0.67 Quicksort Analysis
AlgAnalSumm 0.24 | 0.77 Algorithm Analysis
MthBgSumm 0.25 | 0.63 | Mathematical background
ShellsortSumm 0.16 | 0.61 Shellsort
QuicksortPartitionPRO | 0.27 | 0.58 Quicksort’s partition

3.2.2 Why Algorithm Analysis is Hard? Evidence from Fall 2014
Interaction logs

OpenDSA modules originally presented algorithm analysis material relying mainly on textual
discussion supported by a small number of static images, similar to a standard textbook. In
order to see whether this material was engaging for students, we analyzed student interaction
logs from use of OpenDSA’s analysis material related to the sorting chapter (this chapter
contains more than 40% of all analysis material in a typical CS3 course). The goal was to
estimate how much time students spent reading the analysis material. Time spent here was
used as a proxy for engagement. Unfortunately, at that time, OpenDSA’s data collection
tools [9] did not provide a direct method that we could use to estimate the time spent by
students reading the analysis material in each module, because the main focus of these tools
was to collect user interactions with the interactive content. Accordingly, the OpenDSA
authoring system was extended to support wrapping arbitrary module sections behind a
show/hide button as is done with other interactive content. When the button is pressed
to show the content, the time is recorded and can be used as an estimate of the time
when the student started reading the material. The time for finishing the material can be
estimated from the time of the next event, whether it is the loading of the next exercise
right after the analysis material, or leaving the module as recorded by the data collection
tools. Figure shows the user interface for this show/hide support for the analysis content
in the Insertionsort module.

We analyzed the interaction logs available for three OpenDSA book instances used at three
different universities (Virginia Tech, university of Texas El Paso, and University of Florida)
for three different courses (CS3114, CS2401, and COP3530, respectively) during Fall 2014.
Figures 3.3 and present the distribution of the estimated reading time for three
sorting modules (Insertionsort, Mergesort, and Quicksort) for Virginia Tech (VT), Univer-
sity of Texas El Paso (UTEP), and University of Florida (UF), respectively. Results are
summarized in Table [3.2] In this analysis we have excluded estimated times more than 10
minutes as it may be the case that the student has pressed the show/hide button to start
reading the content and then he left the browser window open while doing something else.
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In this situation, time to the next event is not an accurate estimate of time spent.

As we see from the results, more than 74% of the students spent less than 1 minute on the
analysis material for a given module, for all 3 universities. Based on this result, we believe
that most of the students did not read the analysis material.

Table 3.2: Results Summary

University Module N | pu(Sec)| % <1lmin
Virginia Tech | Insertionsort | 98 | 63.57 | 74.48
Mergesort 96 | 39.79 | 78.12
Quicksort 92 | 64.71 | 73.91
UTEP Insertionsort | 26 | 49.84 | 80.76
Mergesort 22 | 4145 | 77.27
Quicksort 16 | 16.18 | 93.75
Florida Insertionsort | 53 | 40.39 | 84.90
Mergesort 44 | 18.63 | 95.45
Quicksort 39 | 26.12 | 92.30

In order to see whether there is a significant difference in the time spent in the analysis
material for each module between the 3 universities, three Kruskal Wallis tests were con-
ducted for each module. We found that the difference is not significant for the three modules
(Insertionsort p = 0.171, Mergesort p = 0.2662, and Quicksort p = 0.1288). We also tested
whether there is a significant difference in the time spent in the analysis material between
modules. Three Kruskal Wallis tests were conducted for the three sorting modules within
each university. We found that the difference is not significant for the three universities
(Virginia Tech p = 0.2495, UTEP p = 0.1256, and Florida p = 0.2062). We were expecting
a significant difference between the modules since they have different levels of difficulty re-
garding the analytical material (e.g., Insertionsort material is easier than that of Quicksort).
Since we didn’t get this difference from our analysis, we can conclude that the students did
not read the analytical material for any of the three modules.



Now tryfor yourseff to see if you understand how Insertion Sort works.

Show Insertion Sort Proficiency Exercise

Show Insertion Sort Analysis Di

Here are some review questions to check your understanding of Insertion Sort.

Show Insertion Sort Summary Exercise

8.3.1. Notes

See Computational Fairy Tales: Why Tailors Use Insertion Sort for a discussion on how the relative costs of search and insert can affect what is
the best sort algorithm to use.

(a) Insertionsort analysis hidden

Now try for yourself to see if you understand how Insertion Sort works.

how Insertion Sort Proficiency Exercise

The body of inssort consists of two nested for loops. The outer for loop is executed » — 1 times. The inner for loop is harder to analyze because
the number of times it executes depends on how many records in positions 0 to ¢—1 have a value less than that of the record in position ¢. In the
worst case, each record must make its way to the start of the amay. This would occur if the records are initially arranged from highest to lowest, in the
reverse of sorted order. In this case, the number of comparisons will be one the first time through the foz loop. two the second time, and so on. Thus,
the total number of comparisons will be

-1 ~n?f2 = B(nY).

1

In contrast, consider the best-case cost. This occurs when the values occurin sorted order from lowest to highest. In this case, everytest on the inner
for loop will faill immediately, and no records will be moved. The total number of comparisons will be n — 1, which is the number of times the outer for
loop executes. Thus, the costforinsertion Sort in the best case is 8(n).

What is the average-case cost of Insertion Sort? When record 4 is processed, the number of times through the inner for loop depends on how far "out
of order" the record is. In particular, the inner for loop is executed once for each value greater than the value of record 4 that appears in array positions
0 through # — 1. For example, in the slideshows above the value 14 is initially preceded byfive values greater than it. Each such occurrence is called an
inversion. The number of inversions (i.e., the number of values greater than a given value that occur prior to itin the armay) will determine the number
of comparisons and swaps that must take place. So long as all swaps are to adjacent records. 14 will have to swap at least six times to getto the right
position.

To calculate the average cost, we want to determine what the average number of inversions will be for the record in position 7. We expect on average
that half of the records in the firsti— 1 array positions will have a value greater than that of the record at position é. Thus, the average case should be
about half the cost of the worst case, or around n?/4, which is still ©(n?) . So, the average case is no better than the warst case in its growth rate.

While the best case is significantly faster than the average and worst cases, the average and worst cases are usually more reliable indicators of the
“typical" running time. However, there are situations where we can expect the input to be in sorted or nearly sorted order. One example is when an
already sorted list is slightly disordered by a small number of additions to the list: restoring sorted order using Insertion Sort might be a good idea if we

Here are some review guestions to check your understanding of Insertion Sort.

Show Insertion Sort Summary Exercise

8.3.1. Notes

See Computational Fairy Tales: Why Tailors Use Insertion Sortfor a discussion on how the relative costs of search and insert can affect what is
the best sort algorithm to use.

(b) Insertionsort analysis shown

Figure 3.1: Wrapping Insertionsort analysis content behind a show/hide button
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3.2.3 Evidence from Student Survey

To further support the results from the analysis in the previous section, student surveys
were given at the end of the semester. 84 students were surveyed at the end of the CS3114
course offered at Virginia Tech during Fall 2014. Students were asked four questions related
to algorithm analysis content. They were asked to provide a rating on a scale of (1-5) about
their level of confidence in understanding algorithm analysis material after the course. The
second question asked which task is easier for them, understanding how an algorithm works
(dynamics) versus understanding its asymptotic running time. They were asked, whether the
reason behind this is intrinsic to the material itself or due to the method of presentation in
OpenDSA. They were asked to mention whether OpenDSA’s content for algorithm analysis
was useful to them. Finally, they were asked to provide suggestions for enhancing the
presentation of analytical material. The complete survey is available in Appendix [C]

For the first question, 18% of the surveyed students rate their level of confidence in algorithm
analysis by five, 67% by four, and 14% by three. This indicates that there is a significant
group of students who are still not comfortable with the analysis content after finishing the
course.

For the second question, 85.58% of the surveyed students found that it is easier for them to
understand how an algorithm works than analyzing the running time of an algorithm. Here
are some representative quotes.

e “Determining asymptotic running time because it is harder to visualize and less intu-
itive.”

o “Complexities are confusing and math-like.”

e ‘I think understanding how an algorithm work is easy. It is the style of presentation.”

o “How the algs work. It is dependent on material, also abstract stuff is harder for me
to understand.”

78% of the students who are more comfortable with dynamics attributed this to the material
itself as algorithm analysis is more abstract and requires some familiarity with mathematical
notations, while 22% attributed this to the way both concepts are presented in OpenDSA
(dynamics are presented using AVs, while analysis is presented mostly through text).

Regarding the usefulness of OpenDSA content for algorithm analysis, here are some repre-
sentative quotes.

o “Not any more useful than any other book.”

“Not as much as learning the algorithms themselves, but I felt it was as useful as any
resource could be on the topic.”

“Yes, but not as much as understanding the algorithms.”

“Yes, but it could have been more interactive with showing why the analysis was the
way that it was.”

“I found it much more useful on Data structures. Algorithm analysis doesn’t benefit
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quite as much from animations.”
e “No, it was very detailed and kind of hard to follow.”
e “Kind of. I'd like there to be more visuals for analysis.”

It is clear that most of the students did not find the material different from any other
textbook on the same topic. This is not what they were expecting from OpenDSA, which is
based on interactive content.

When the students were asked to provide suggestions for improving the way the analysis
material is presented in OpenDSA, we found that most of them are expecting more interactive
presentation in the form of animations. Here are some representative quotes.

o “Visualizations definitely help. I would say to have a larger variety of questions in the
graded parts.”

“I think making the clickthrough pictures into actual animations would be nice.”
“More animation, the visualizations are great!”

“More visualizations is always good.”

“Visualizations always help :)”

“Visualizations showing each step of analysis would help”

“An animation will make a much bigger difference.”

In addition to the survey, four students were interviewed and were asked questions similar to
those presented in the survey. The interview protocol is presented in Appendix [D] All of the
surveyed students reported that they were having troubles with algorithm analysis mostly
because it is based on math and formulas. Two of the students stated that their knowledge
of algorithm analysis was based on memorization. All of them were more comfortable with
dynamics than analysis, and they liked the way dynamics are presented in OpenDSA using
traditional AVs. All of them were in favor of seeing the analytical material presented visually,
just like the dynamics are presented. However, one of them stated that it would be better
to present both kinds of content, the textual and the visual, and then students are free to
pick the style they want. One of the students also mentioned that she would like to see more
exercises on algorithm analysis.

3.3 AAVs Implementation

Based on the previous motivation for a more engaging presentation to OpenDSA algorithm
analysis material, a set of AAVs were developed. To be consistent with the current avail-
able AVs, AAVs were developed using the JSAV framework [45] 46]. The JSAV framework
contains functionality to support the creation of interactive AVs that focus on algorithm
dynamics, and OpenDSA is rich with this type of visualizations. JSAV allows developers to
easily create AVs by providing graphical displays for several types of data structures such
as arrays, lists, heaps, trees, and graphs. The developer’s work will be only to implement
the algorithm itself and display the data structure by adopting the manipulation functions
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available in JSAV. JSAV also supports some constructs that can be used to develop AAVs.
For example, when designing visual proofs of algorithm running-time complexity, primitive
constructs are used such as rectangles and triangles. JSAV provides support for these con-
structs and their manipulation methods that allow developers to implement a visualization
for the required proof.

Another reason of adopting the JSAV library is that it makes it easy to integrate AAVs with
OpenDSA modules. JSAV is implemented in pure HTML5 and JavaScript, which allows
the created visualizations to be easily embedded in OpenDSA’s hypertext content and avoid
the problems that were previously faced when using Java applets, Java web start, and other
technologies described in [43]. Prose content in OpenDSA is created using ReStructured
Text (RST), which is then compiled using Sphinxmto produce eTextbook modules in HTTML
format. Visualizations (which are in fact HTML/JavaScript pages) can be easily embedded
into modules by using special Sphinx directives written in the RST file [20].

Overall, 28 AAVs were implemented. 14 AAVs were written for the sorting chapter. These
focused on running-time proofs for the basic sorting algorithms. The remaining 14 AAVs
present general algorithm analysis concepts in the algorithm analysis introductory chapter.

All AAVs were implemented relying on Mayer’s multimedia principle presented in [59]. Our
goal at this stage was to improve the presentation of the material by using a more visual
approach. AAVs naturally fall into the viewing level of engagement according to Nap’s
engagement taxonomy defined in [62], as the student now can view the analysis material in
a visual, interactive way. We note that it might be possible to change the approach at a
deeper level, and so to engage students at a higher level in the engagement taxonomy. We
mention some possibilities in Chapter [6]

3.3.1 Area-to-Cost AAVs

Inspired by the concept of visual proofs and by applying the area-to-cost principle described
in Section 7 a set of AAVs were implemented for OpenDSA sorting modules (e.g., Inser-
tionsort, Bubblesort, Selectionsort, Mergesort, and Quicksort). In addition, one AAV was
developed for the heaps module presenting the Build-heap running time proof. Figure 3.5
shows some examples of these visualizations.

Figure presents a visualization to illustrate the running time analysis of the Build-
heap algorithm. The running time analysis of the Build-heap algorithm is confusing for
students as intuitively it appears to be §(nlogn) but it is actually #(n). The visual analysis
of the Build-heap algorithm was first introduced in [24] under the concept of visual proofs
using only static images. Here we developed the same visual proof presented in [85] as an
interactive visualization.

Thttps://pypi.python.org/pypi/Sphinx
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Figure 3.5: Visualizations illustrating the running time analysis of some sorting algorithms
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Figure shows a visualization for the worst-case analysis of Insertionsort. An array
example that produces a worst-case problem instance (array values are reversed in order)
is displayed. A code display is shown to relate each algorithm step with the line of code
that produces it. The emphasis here is to show the total amount of work done (unlike other
AVs which are focused on how the algorithm works). The idea here is based on showing
the step by step execution of the algorithm on the worst-case instance presented, and at
each step show the amount of work that this single step produces which is here shown as a
single rectangle with width and height of one unit. At the end we reach the shape shown in
the figure, and the total amount of work now will be the surface area of this resulted shape

which can be easily calculated from the figure as ("71)2("71) + (";1) which is finally evaluated
to @ We know that the worst-case running time of Insertionsort is described by the

n—1
summation Z 7, where n is the size of the array. This summation is evaluated to
i=1
which is the same as the total surface area of the shape shown in the figure. By showing the
amount of work graphically, this can help students acquire better intuition about the worst

case running time of insertion sort which is known to be 6(n?).

n(n—1)
2

Figure shows a visualization for Mergesort analysis. In Mergesort, the input array
is partitioned into two halves for each call to the Mergesort method. In this visualization
an arbitrary array is given at the beginning. The algorithm is executed step by step, and
the amount of work for each step is shown on the right and is divided into splitting work
and merging work. As we see from the figure, a set of squares are generated, each of which
indicates a single unit of work. They are shown as levels to be related to the level in which
it was generated (Mergesort is implemented as a recursive method). As shown in the figure
we have a total of log(n) + 1 levels, and at each level we have at most 2n = 6(n) amount of
work. Hence the total running time of the Mergesort is shown to be 0(nlogn).

Figure shows a visualization illustrating the best-case Quicksort running-time anal-
ysis. For Quicksort, the best-case running time occurs when the pivot partitions the input
array into two halves at each level of calling the Quicksort method. Since the array values
do not matter in our analysis, the visualization represents the array as a rectangle of width
n. At each level, the array is partitioned into two halves resulting in log(n) levels. Since at
each level the amount of work done is §(n) (the cost of the partition method), then we have
the total amount of work required by Quicksort in the best case is 8(nlogn).

3.3.2 Visual-Description AAVs

We have also developed a pool of AAVs relying on the visual-description principle described
in Section [2.1] Most of these AAVs were used in the algorithm analysis introductory chapter
in OpenDSA. Unlike the AAVs presented for sorting, these visualizations don’t apply the
area-to-cost principle. This type of AAVs presents an interactive visual depiction of the
proof discussion step by step. Figure presents two examples of this type of AAVs.
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In Figure a graphical depiction of the definition of the worst-case lower bound for
a problem is presented. Each graph in the figure represents an algorithm that solves the
underlying problem and each point in the graph represents the running-time cost of the
algorithm for a problem instance of size n. The point circled representing the worst-case
lower bound for the problem is shown to be the least of all the highest points in the graph.
This represents the worst-case running-time of the problem.

Figure [3.6(b)| presents an AAV to the sorting lower bound proof (©(nlogn)). The proof is
presented step by step by gradually creating the decision tree that models the processing of
Insertionsort on an array of 3 elements.

Appendix[A] presents more examples of AAVs following the area-to-cost and visual-description
principles.



Chapter 4

The Algorithm Analysis Concept
Inventory

4.1 Introduction

In this chapter we present our efforts to develop a Concept Inventory (CI) for algorithm
analysis topics for CS3-level courses. First we present the process of identifying difficult and
important algorithm analysis topics in a typical CS3 course to be targeted by the CI items.
Second, we present our initial list of student misconceptions developed based on previous
work on identifying misconceptions related to program efficiency, years of experience with
teaching CS3-level courses, and analyzing student answers from a post-test given to CS3114
students at Virginia Tech during Fall 2014. We present the validation results of our initial
misconception list as evaluated by a panel of experts. Third, we present the process of
creating the CI items based on the identified misconceptions. Then we present results from
testing the validity and reliability of the developed CI items as revealed from administering
the CI at two different universities during two subsequent semesters.

4.2 Concept Selection

A CI is not intended to be a comprehensive examination on the topic [II]. Its purpose is
not to determine level of knowledge, but rather to identify whether or not a student has any
of the identified misconceptions. Accordingly, a CI should mainly focus on those concepts
identified to be difficult and important in a particular course. To our knowledge, there is
nothing in the literature that talks about difficult and important algorithm analysis topics
for a typical CS3-level course. Accordingly, based on a long teaching experience and the
analysis of DSA textbooks (e.g., [76]), we have identified an initial list of potential topics to
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focus on in the CI.

In order to evaluate these concepts in terms of importance in the course and difficulty to
students, we have conducted a Delphi process [16] to consult a panel of experts to provide
ratings for the concepts based on their importance and difficulty. The Delphi process has
been applied previously in developing several Cls to obtain a consensus among a group of
experts through informed decisions [23] [64].

For our study, we received feedback from 10 experts from different institutions and countries
(we have some from the US, others from Europe, and one from the Middle East), each
with years of experience in teaching CS3-level courses. Some of them also have authored
textbooks for DSA courses.

The applied delphi process has three main phases. Figure illustrates the process.

1. Phase 1: Initial Rating
We sent the experts (through email) our initial list of concepts along with a detailed
explanation of what each concept means. We asked them to rate the concepts according
to their perceived difficulty to their students and importance in the course. The ratings
are from 0 to 10, where 0 means not at all important or difficult, and 10 means very
important or difficult. In addition, each expert was asked to add more concepts to
our initial list if he believes that it should be added. Phase 1 ratings are presented
in Table In this table the medians of all 10 raters are presented along with the
Inter-Quartile Range (IQR).

2. Phase 2: Negotiation
The results from Phase 1 were sent to the experts along with a modified list of con-
cepts to reflect those concepts added by experts in Phase 1. Similarly, the experts are
required to provide two ratings for each concept according to its difficulty and impor-
tance in the light of the results from Phase 1. This phase is named negotiation as each
expert can now see the overall evaluation of other experts in terms of medians and
IQRs, and this can affect an expert’s ratings in this phase. In addition, experts were
asked to provide written justifications if their ratings for a concept falls outside the IQR
presented for that concept. Results from Phase 2 ratings are presented in Table [4.2]

3. Phase 3: Final Rating
The experts were presented with the results from Phase 2 along with the list of
anonymized justifications provided by those experts who provided ratings outside the
IQR. Experts are asked to provide their final ratings in the light of the results from
Phase 2 and the list of justifications. Results from Phase 3 ratings are presented in Ta-
ble 4.3 We found that only 3 experts changed their ratings a bit in this phase, in a
way that did not change the overall medians and IQRs for any concept. Accordingly,
we concluded with the same results as in Phase 2.

The ratings from the final phase were used to identify those concepts that are both important
and difficult to be included in the CI. Figure|4.2|shows a scatter plot of the importance median
against the difficulty median of each concept according to the ratings from Phase 3. The
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lines in the figure represent the medians (with respect to all concepts) of the importance
and the difficulty medians. We identify the Region Of Interest (ROI) as those concepts
whose importance and difficulty medians equal to or exceed both the overall importance and
difficulty medians of all the concepts. The red rectangle identifies our ROI , ,
(C13|C16] [C17] [C19] |C20}, (C21], |C24} |C26]). In addition, we were also interested in four points
close enough to the initial ROI, those representing C7, C10, C18, and C22. We are interested
in those concepts because they are targeted by one or more identified misconception as we
will see in the next section.

However, addressing 15 concepts in a single CI is hard. We are restricted with time con-
straints when administering the CI. Designing items for 15 concepts can result in a lengthy
CI that requires much time to administer. A typical CI should not require more than 30
minutes to complete without time pressure [4]. Accordingly, we have to remove some con-
cepts from our ROI that we believe can be part of other CIs. These concepts are [C2] [CI9]
and [C20] C2 is related to proofs by induction. While this is an important mathematical
prerequisite for a CS3-level course, we believe that it is not an intrinsic concept in algorithm
analysis. It may be included in other ClIs. A potential CI item was included for inductive
reasoning in the discrete math CI [4]. C19 and C20 are related to recursive analysis. C19 is
mainly focusing on the students ability to think about data structures in a recursive manner
(i.e. a linked-list is an empty list or a linked-list node attached to a linked-list). C20 is
concerned with the ability to write and analyze recurrence relations. While we believe that
these concepts are important and may be hard for some students, we think they may better
be part of a recursion concept inventory [31]. In addition, we believe that C20 is not ad-
dressed in great detail in a typical CS3 course. For example, at Virginia Tech, this concept
is addressed in a senior level DSA course and a graduate level algorithms course.

Based on this, we prefer to include CI items that targets the concepts in the initial ROI as
well as C7, C10, C18, and C22, excluding C2, C19, and C20.
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Table 4.1: List of concepts with their rating medians and IQRs from Phase 1. When the
median appears as x|y, this indicates the middle two from an even number of values.

Concept \ Importance median (IQR) \ Difficulty median (IQR)
Mathematical Foundations

1- Logs 8(5-10) 5(3-6)
2- Proofs by Induction 718(5-9) 8(7-9)
3- Proofs by contradiction 5(5-8) 6/7(5-9)
A- Limits 517(5-8) 5(4-7)
5- Summations 8(6-9) 4(3-6)

Growth rates of simple mathematical functions and their relationships
6- Asymptotic growth 9|10(8-10) 5(6(4-8)
7- Inevitable crossing points 7(6-7) 56(5-6)
8- Effects of constants 8(6-9) 5(4-5)
9- Relative growth rates 718(7-9) 5(4-6)

Concepts and notation for asymptotic running time analysis
10- Upper bounds (Big-O) 10(9-10) 7(6-9)
11- Lower Bounds (Big-2) 8|9(7-10) 719(6-9)
12- Tight bounds (Big-0O) 8(7-10) 8(4-9)
13- Comparing functions via lim- 6]7(6-7) 56(5-8)
its
Upper and lower bounds of problems

14- Problem upper bound 10(9-10) 7(6-9)
15- problem lower bound 8|9(7-10) 719(6-9)
16- Comparing upper and lower 8(7-10) 8(4-9)

bounds of problems to upper and
lower bounds of algorithms

Other topics

17- Best, average, and worst case 9|10(9-10) 7|8(6-9)
of an algorithm

18- Program efficiency and ana- 10(8-10) 6(5-7)
lyzing loop constructs

19- Analyzing space bounds of al- 8(7-9) 6(5-8)
gorithms

20- Selecting an algorithm based 89(7-9) 6]7(5-9)

ona given use-case scenario
21- Multi-parameter analysis 5|7(5-7) 6/7(6-8)
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Table 4.2: List of concepts with their rating medians and IQRs from Phase 2. When the me-
dian appears as x|y, this indicates the middle two from an even number of values. Suggested
concepts by experts from Phase 1 are italicized.

Concept | Importance median (IQR) | Difficulty median (IQR)
Mathematical Foundations
7|18(7-10 4(4-5

CL- Logs 8(7-10) (4-5)

8(7-9) 8(8-9)
C2- Proofs by Induction

6(5-8) 6]7(6-8)
C3- Proofs by contradiction

6(5-7) 5(5-6)
C4- Limits

8(8-9) 4(3-5)
C5- Summations

7(6-8) 8(7-8)

C6- Recurrence relations
Growth rates of simple mathematical functions and their relationships

10(9-10) 6(4-8)
C7- Asymptotic growth
7(6-8) 5(5-6)
C8- Inevitable crossing points
8(8-9) 5(4-5)
C9- Effects of constants
718(7-9) 5(5-5)

C10- Relative growth rates
Concepts and notation for asymptotic running time analysis

10(9-10) 7(6-9)
C11- Upper bounds (Big-O)

8[9(7-10) 719(6-9)
C12- Lower Bounds (Big-Q2)

8(7-10) 8(4-9)
C13- Tight bounds (Big-0O)

4]5(2-6) 516(5-8)
C14- Little o and w

6/7(6-7) 6|7(5-8)

C15- Comparing functions via
limits
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Concept \ Importance median (IQR) \ Difficulty median (IQR)
Upper and lower bounds of problems
8(8-9) 8(6-8)
C16- Problem upper bound
8(7-9) 8|9(7-9)
C17- problem lower bound
7(7-8) 8(7-9)
C18- Comparing upper and lower
bounds of problems to upper and
lower bounds of algorithms
Recursive analysis
7|8(6-9) 7|8(8-9)
C19- Defining data structures re-
cursively
9(7-10) 9(8-9)
C20- Writing and analyzing re-
cursive functions
Other topics
9/10(9-10) 7|8(6-9)
C21- Best, average, and worst
case of an algorithm
10(8-10) 6(5-7)
(C22- Program efficiency and ana-
lyzing loop constructs
8(7-9) 6(5-8)
(C23- Analyzing space bounds of
algorithms
89(7-9) 6]7(5-9)
(C24- Selecting an algorithm
based on a given use-case sce-
nario
5|7(5-7) 6|7(6-8)
C25- Multi-parameter analysis
7|8(6-9) 6/8(5-8)
C26- Space/time tradeoffs
4(4-7) 7|8(5-8)
C27- Empirical analysis and code
tuning
6(6-8) 8(7-9)
C28- Amortized analysis
6|7(5-8) 10(9-10)

C29- NP-Completeness
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Table 4.3: List of concepts with their rating medians and IQRs from Phase 3. When the
median appears as x|y, this indicates the middle two from an even number of values. Concepts
included in our ROI are emphasized.

Concept | Importance median (IQR) | Difficulty median (IQR)
Mathematical Foundations
7|18(7-10 4(4-5

C1- Logs 8 ) (+5)

8(7-9) 8(8-9)
C2- Proofs by Induction

6(5-8) 6]7(6-8)
C3- Proofs by contradiction

6(5-7) 5(5-6)
C4- Limits

8(8-9) 4(3-5)
C5- Summations

7(6-8) 8(7-8)

C6- Recurrence relations
Growth rates of simple mathematical functions and their relationships

10(9-10) 6(4-8)
C7- Asymptotic growth
7(6-8) 5(5-6)
C8- Inevitable crossing points
8(8-9) 5(4-5)
C9- Effects of constants
718(7-9) 5(5-5)

C10- Relative growth rates
Concepts and notation for asymptotic running time analysis

10(9-10) 7(6-9)
C11- Upper bounds (Big-O)

8[9(7-10) 719(6-9)
C12- Lower Bounds (Big-(2)

8(7-10) 8(4-9)
C13- Tight bounds (Big-0)

1]5(2-6) 516(5-8)
C14- Little o and w

6|7(6-7) 6|7(5-8)

C15- Comparing functions via
limits




42

Concept ‘ Importance median (IQR) ‘ Difficulty median (IQR)
Upper and lower bounds of problems

8(8-9) 8(6-8)
C16- Problem upper bound

8(7-9) 8|9(7-9)
C17- problem lower bound

7(7-8) 8(7-9)
C18- Comparing upper and
lower bounds of problems to
upper and lower bounds of al-
gorithms

Recursive analysis

78(6-9) 7|8(8-9)
C19- Defining data structures re-
cursively

9(7-10) 9(8-9)
C20- Writing and analyzing re-
cursive functions

Other topics
9|10(9-10) 7|8(6-9)

C21- Best, average, and worst
case of an algorithm

10(8-10) 6(5-7)
(C22- Program efficiency and
analyzing loop constructs

8(7-9) 6(5-8)
(C23- Analyzing space bounds of
algorithms

8|9(7-9) 6]7(5-9)
C24- Selecting an algorithm
based on a given use-case sce-
nario

5|7(5-7) 6|7(6-8)
C25- Multi-parameter analysis

7|8(6-9) 6/8(5-8)
C26- Space/time tradeoffs

4(4-7) 78(5-8)
C27- Empirical analysis and code
tuning

6(6-8) 8(7-9)
C28- Amortized analysis

6]7(5-8) 10(9-10)

C29- NP-Completeness
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4.3 Identifying Misconceptions

Previous studies within CS mainly focused on identifying misconceptions related to program-
ming [42], object oriented programming [37], operating systems [89], and digital logic [33] 35].
Little attention has so far been paid to misconceptions related to analyzing a problem struc-
ture and solution [I7]. There is some research literature that tried to identify misconceptions
related to algorithm efficiency. However, efficiency here does not mean the efficiency in an
asymptotic sense (i.e., two algorithms may be in O(n) but one algorithm is better than the
other within a constant factor). For example in [21], a study was conducted to reveal mis-
conceptions in perceiving the efficiency of algorithms by high school students. This study
revealed the more basic misconceptions as: (Misconceptions are presented along with the
concepts they are related to in braces)

M1- Shorter programs are more efficient.

M2- Programs containing less variables are more efficient. (C22))

M3- Programs having the same statements have the same efficiency even if the statements
are in a different order.

M4- Two programs performing the same task are equally efficient.

A follow-up study [67] sought to determine if these four misconceptions are held by high
school and early university students. The study revealed that both high school students and
university students have the same misconceptions related to algorithm efficiency.

To our knowledge, there is no formal attempt in the literature to identify student miscon-
ceptions related to asymptotic analysis of algorithms, upper bounds, lowers bounds, tight
bounds, analyzing problems, and relative growth rates. However, an initial list of such mis-
conceptions was found in the OpenDSA eTextbook [77]. These misconceptions were revealed
as a result of more than 25 years of the author’s experience teaching algorithm analysis for
CS3 students. An adapted list of these misconceptions include:

Mb5- Students are confused between the concepts of upper and lower bounds.
(C11)(C12)(C16)(C17)
M6- Students are confused how to use upper bound (Big-O), tight bound (Big-©), and
lower bound (Big-Q2) notations. (C11))(C12)) (C13)) (C16)(C17)
MT7- Students confuse the concepts and notation of upper bounds on one hand versus worst

case on the other hand. (C11))(C21))

MS- Students confuse the concepts and notation of a lower bound on one hand versus best

case on the other hand. (C12))(C21))

MO9- Students confuse the concepts and notation of a tight bound on one hand versus average
case on the other hand.
M10- Students think that the best case will occur when the input size is as small as possible,
and that the worst case will occur when the input size is as large as possible. (C21))
M11- Students are confused about the distinction between the upper and lower bounds of an
algorithm on one hand versus the upper and lower bounds of a problem on the other.
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(CT8)

Based on our own observations from a post-test analysis given to 53 students of CS3114 at
Virginia Tech during Fall 2014, we have identified these additional misconceptions that we
believe are held by some students.

M12- Poor intuition for the relative differences in common growth rates of algorithms. Most
importantly, they have poor intuition for the difference between n? vs. nlogn on the
one hand and nlogn vs. n on the other.

M13- A weak grasp of logarithms. One way that this expresses itself is that they do not
recognize that n versus logn is the same relationship as 2" versus n.

M14- Confusion about when to add and when to multiply when looking at (for example)
loops for a function. One way that this expresses itself is to think that something costs
n! (because they take the multiplication of i from 1 to n) instead of n? (because they
should sum ¢ from 1 to n). (C22))

M15- Belief that loops always have cost that is linear on the maximum size of the control
variable. That is, they assume that the cost is always the same as if they were incre-
menting/decrementing the control variable by one. This is incorrect when, for example,
the loop control variable is doubled or halved on each iteration.

M16- An algorithm with less number of loops is always more efficient. (C22])

M17- Cannot find and/or differentiate between the best, average, and worst case scenarios
of a particular algorithm. ({C21]

As we see from the initial list of misconceptions, each concept from our ROI is covered at least
once in the list. Accordingly, this list can be used as the basis for an initial CI items. But
before this step, it is necessary to validate this list through our Delphi experts. Accordingly,
we have asked the experts to provide us their feedback about our initial misconceptions list.
We believe this to be an important and a necessary step before item creation, since based
on their long teaching experience, they should have an opinion regarding whether they feel
each misconception is held by their students. Accordingly, each expert was required to rate
each misconception from our list according to whether it is more important, important, or
should be removed. Results from these ratings are summarized in Table [4.4]

As we see from the table, all the misconceptions except M2 and M3 have at least 8 experts
who have rated it as more important or important. Accordingly, we believe that our CI items
should properly address these misconceptions. For M2 and M3 we have 6 and 4 experts who
have suggested the removal of these two misconceptions from the list, respectively. However,
before taking any decision to remove any misconception from the list, we have validated
the list based on real student answers from four administrations of the initial CI. Results
from these adminstrations are presented in Section as part of the student content
validation of the CI. Results revealed that a sufficient number of students held most of the
misconceptions identified in the list. The only exception was for M2, in which we didn’t find
any evidence for its existence within student answers. Accordingly, we decided to remove it
from the list.
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Table 4.4: Expert feedback on the initial list of misconceptions. Each Misconception is
presented along with how many expert rated it as a more important, important, or should
be removed.

Misconception | More Important | Important | Should be Removed
M1 1 7 2
M2 1 3 6
M3 1 5 4
M4 4 5 1
M5 4 6 0
M6 7 3 0
\Y g 7 3 0
M8 7 3 0
M9 3 6 1
M10 5 3 2
M11 4 5 1
M12 5 5 0
M13 6 4 0
M14 2 7 1
M15 3 7 0
M16 2 6 2
M17 4 6 0

4.4 Item Creation

A CI should be concise and capable of probing the student misconceptions of core concepts [4].
Accordingly, based on the list of misconceptions defined in Section [£.3] a set of initial CI
items was developed. The initial items are a mix of MCQs with justification, True and
False with justification, and open ended questions. While items in most Cls are MCQ) items,
open ended questions may be used to reveal other misconceptions that were not initially
captured [11,[34]. In addition, a student’s justification for his answer to an MCQ or True and
False question may be helpful as a supporting evidence that he is holding the misconception
targeted by this question. It can also be helpful in revealing new misconceptions as for open
ended questions. Next we present some item examples.
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e Below are two Java functions to compute (a¥)?.

Function A Function B
public int TwoPowers(int x, int vy, public int TwoPowers(int x, int y,
int z) { int z) {
int i, result = 1; int i, result = 1;
for (i = 1; i <=y * z; i++) { int finalResult = 1;
result *= x; for (i = 1; i <= y; i++) {
} result *= x;
return result; T
} for (i = 1; i <= z; i++) {
finalResult *= result;
}
return finalResult;
}

Which function, A or B, do you think usually runs faster? Justify your answer.
(a) Function A usually runs faster.
(b) Function B usually runs faster.
(c) Both functions take about the same amount of time.

This item presents two algorithms implemented as two Java functions to compute the value of
(x¥)*. Function A is shorter than Function B and it contains only one for loop. Accordingly,
any student with misconceptions and will be inclined to pick answer (a). The
student’s justification should make it clear about which misconception exactly is held. In
addition, a student with misconception will be inclined to pick answer (c) as both
algorithms are doing the same task but in different ways. Note that the difference in efficiency
between both algorithms is not with a constant factor (i.e., A is in O(y * z) and B is in
Oy + 2))-

e Provide the running time of the following code snippet.

for(i = 1; i <= n; i++)
for(j =1; j<=mn; j=3*2)
System.out.print(i * j);

This item asks the student to write down the asymptotic (i.e., in terms of ©) running time
of the presented code snippet. This is an example of an open ended item. A student having
misconception will provide an answer in ©(n?), ignoring that the second loop steps
in multiples of 2. In addition a student with misconception will provide an answer in
©(n!) or O(n").
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e Which of the following statements is/are true?
(I) The relationship between n/nlog,n is the same as the relationship between
nlogy n/n?.
(IT) The relationship between log, n/n is the same as the relationship between n/2".
(a) (1) Only.
(b) (II) Only.
)

(¢) (I) and (II).
(d) Neither (T) nor (II).

This item tests the student’s ability in understanding the relative growth rates of simple
mathematical functions. It targets misconceptions and A student with miscon-
ception will be inclined to pick answer (c) as he will fail to detect that statement (II) is
correct. A student with misconception will be inclined to pick answer (d) for the same
reason. A student with both misconceptions will be inclined to pick answer (a).

e Mark all statements below about the upper, lower, and tight bounds of an algorithm
as True or False. For any false statement, either correct it or explain why it is false.

(a) The upper bound of an algorithm is the growth rate that the algorithm has in its
worst case.

(b) The lower bound of an algorithm is the growth rate that the algorithm has in its
best case.

These two items test the ability of the student to clearly distinguish between the concepts
of cases (best and worst), and the concepts of bounds (upper and lower). A student with
misconception will answer item (a) as True as he is confused between the concepts of
upper bound and worst case. In addition, a student with misconception with answer
item (b) as True as he is confused between the concepts of lower bound and best case.

In a similar manner a list of 10 questions was developed. Some of them are divided to sub-
questions, for a total of 29 items. Each item addresses one or more student misconceptions
from our initial misconception list defined in Section[d.3] The whole set of items are presented
in Appendix [Bl Table [4.5| presents the concepts and misconceptions addressed by each CI
item.
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Table 4.5: Concepts and Misconceptions covered by each CI item.

Item Concepts Misconceptions
Item 1 C22 M1} [M2] [M4] [M16]
Ttem 2 C22 NEINZ
Item 3(a) C11 M7
Item 3(b) C12 M8
Item 3(c) C13 M5
Item 3(d) C11 M5
Item 3(e) C12 M5
Item 3(f) C13 M9
Ttem 3(z) | [C1I}[C12 WEINE
Item 4(a) C21 M17]
Item 4(b) C21 M10
Item 4(c) C21 M10
Item 4(d) C21 M17
Item 5(a) C16 M7
Item 5(b) C17 M8
Item 5(c) C16}, (C17 M5
Ttem 5(d) | [C17, [C18 VL]
Item 6(a) C22 M14f [M15
Ttem 6(b) 022 M14] M5
Item 6(c) C22 M14} [M15
Item 7(a) | [C7}|C10} [C11 M6
Ttem 7(b) | |C7} [C10] [C11 MG
Item 7(c) | |C7] (C10|[C12 M6
Ttem 7(d) | |C7}[C10] [C13 NG
Item 8 C7 [C10] IM12| [M13|
Item 9(a) | |CT7]|C10[|C11{|C12 M6
Ttem 9(b) | [C7[CT0/[C11][C12 M6
Item 9(c) | [C7](C10[|C11{|C12 M6
TItem 10 | [C21] [C24] |C2¢] IM17]

It is clear from the table that each concept from our ROI is covered in the CI at least once,
as well as all of the misconceptions from our initial misconceptions list. There is no direct
relationship between the difficulty or importance of a concept and the number of times it
appears in an item. What motivated the number of questions per concept are the number of
misconceptions for that concept, and the number of items we believe a specific misconception
can be revealed with.
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4.5 AACI Administration

In order to test the validity and reliability of our pilot AACI items, the AACI was ad-
ministered four times in two different universities (Virginia Tech and Christopher Newport
university) during Fall 2015 and Spring 2016. For both semesters in Virginia Tech (VT),
the CI was given as part of the final in a CS3-level course. The overall time of the final
was 2 hours, and we believe that most of the students should need no more than 30 minutes
solving the AACI items. For both semesters in Christopher New Port (CNP), the students
of a CS3 level course were given 30 minutes to solve the AACI given as a post-test during
the last week of the semester directly before their final exam.

23 items were identical across the four administrations. 6 items were a little bit different.
The main difference was in which experimental items were included and a little bit of wording
change. However, all the items in the four administrations were at the same difficulty and
were testing the same concept(s) and misconception(s). Accordingly, we believe that all four
administrations were testing a consistent set of items. Table presents some summary
statistics for the AACI administrations.

Table 4.6: Summary statistics of AACI administrations.

Metric CNP Fall 2015 VT Fall 2015 CNP Spring 2016 VT Spring 2016
N 40 67 32 155
Mean 12.30 16.52 13.21 20.87
Standard Deviation 3.9 4.31 4.28 4.06
Median 12.5 16 13 21
Minimum 6 9 6 10
Maximum 22 26 26 28
Distribution Normal Normal Normal Normal

4.6 AACI Reliability and Validity

We have checked the reliability and validity for our pilot AACI through several methods.

4.6.1 Reliability

To test the reliability or our initial AACI, we have adopted single administration measures
based on items’ internal consistency [3]. We have calculated one Cronbach’s alpha coefficient
for each of the four administrations as well as an overall coefficient for all four administrations.
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Cronbach’s alpha was calculated based on the following equationf}

K w0y,
a= (1 - ==L,
K—1

2
0%

Here K is the number of items in the instrument, 032/1, is the variance of the students’ scores on
item Y;, and o2 is the variance of the scores on the whole instrument. Table [4.7|summarizes
these results based on the following equation:

Table 4.7: Cronbach’s-alpha coefficient for AACI.
CNP Fall 2015 VT Fall 2015 CNP Spring 2016 VT Spring 2016  All
! 0.66 0.75 0.68 0.73 0.82

According to [66], a Cronbach’s alpha coefficient of 0.7 or higher can be a good indicator of
a reliable CI. We see from the table that the AACI has a good reliability coefficient except
for the CNP administrations. However, this is not so bad as the coefficients are above 0.65
and close to 0.7. We believe the smaller coefficients for the CNP administrations may be
attributed to the small number of students who were given the CI (40 for Fall 2015 and
32 for Spring 2016). The coefficients were good for both VT administrations as they are
both above 0.7. The best result is from the overall coefficient. Here we only calculated the
reliability for those identical 23 items across the four administrations with a total of 294
students.

Overall, it is clear from the table that the AACI items have a good reliability. In other
words, there is an acceptable internal consistency among test items, as they are measuring
the same construct or trait.

4.6.2 Validity

Reliability is necessary but not a sufficient condition to show that a CI is valid [34]. Given
the positive results we had from the AACI reliability testing, we can now check its validity.
We have adopted two methods of validation. Expert content validity and student content
validity [34].

Expert Content Validity

In order to check for face content validity [3], we have consulted a panel of 11 experts (one
expert was added to our original panel used in the Delphi process in Section , and

*https://en.wikipedia.org/wiki/Cronbachs_alpha
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asked them to give us feedback about our pilot version of the CI items. This validation
step was done before administering the AACI so that any expert feedback can be taken
into consideration before giving the instrument to students. Several criteria were taken into
account to select each expert and include him in our experts panel. Each expert should have
years of experience as an instructor of a CS3-level course. Each expert should have published
textbooks or at least have a good publication record in computer science education. Experts
were also chosen to be diverse in race, geographical location, and type of institution. A
form was sent to each expert via email containing all 10 questions of our AACI including
sub-questions for a total of 29 items along with their rubrics and the misconception list. We
asked each expert to read each CI item carefully and write his or her opinion on whether
this is a good item, needs some sort of revision, or doesn’t address an important concept or
misconception. A space was available on the form for each expert to add additional concepts
that should be addressed in the CI that we have missed. After that, we asked each expert
whether he or she thinks that the CI as a whole would do a good job in identifying the key
misconceptions an average CS3-level student has. Finally, each expert was asked whether
he or she thinks that a typical student who does well on this test is likely to have mastered
the key concepts related to algorithm analysis as taught in a typical CS3-level course, and
conversely, whether he or she thinks that doing poorly on this test will accurately indicate
that the student does not have a good understanding of algorithm analysis topics. Table
presents the feedback we received from experts regarding the quality of each CI item.

Table 4.8: Expert feedback on CI items. Each item is presented along with how many
expert rated it as a good item, needs revision, or doesn’t address important concept or
misconception.

Item Good Item Needs Revision Doesn’t Address Impor-
tant Concept or Miscon-

ception
Item 1 10 1 0
Item 2 9 2 0
Item 3 9 2 0
Item 4 9 2 0
Item 5 10 0 1
Item 6 11 0 0
Item 7 11 0 0
Item 8 8 3 0
Item 9 10 1 0
Item 10 8 2 1

It is clear from the table that for each item, most of the experts (at least 8 out of 11) found
the item to be of good quality, that addresses important concept(s) as well as important
misconception(s). However, some of the experts suggested some modifications, while a few
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of them suggested removing or replacing the item. For example, one of the experts suggested
refactoring Item 5 (this item tests problem upper bounds and lower bounds concepts) since
he found it to be generic and that it should be written in a particular context (e.g., sorting
problems). One of the experts also suggested removing Item 10 from the CI (this item tests
the ability of students of selecting an algorithm according to a given use-case scenario), since
he feels that this sort of question doesn’t address an important concept that he is expecting
students to learn. However, based on our Delphi ratings as shown in Table [£.2] this is
an important and difficult concept that lies in our concept ROI. Most of the modifications
suggested were just rewording the question or some changes to the written algorithms so
that the question can be more clear for students. All of these suggestions were addressed
before administering the pilot AACI.

Nine experts clearly stated that the pilot AACI as a whole will be a good instrument in
revealing key misconceptions that a typical CS3 student has, and that the performance of
students on this test clearly determines to what extent they have mastered the key concepts
related to algorithm analysis as taught in a typical CS3-level course. One expert mentioned
that the CI items need some probing. Another one mentioned that it is hard to say that this
is a good CI, since it doesn’t contain enough questions. We can reply to this by saying that
a CI is not intended to be comprehensive by definition and that in administering the AACI,
we are restricted with the amount of time that a typical student should need to answer the
questions (typically 30-45 minutes). We cannot add more items without increasing the time
for answering the AACI.

Student Content Validity

Because the AACI items were developed based on student misconceptions, one measure
of validity is to check whether all misconceptions defined in our initial misconception list
presented in Section are expressed in the students’ answers to the pilot AACI adminis-
trations. Table[4.9]and Figure [4.3], present the results of the AACI student content validation
in terms of the number of students who demonstrated a misconception in their answer.

As we see from the results, our pilot AACI was able to detect almost all student miscon-
ceptions as defined in our misconception list. The only misconception we didn’t find any
supporting evidence for its existence within students answers is M2. This misconception
states that students think that a program with less variables is more efficient than a pro-
gram with more variables. This misconception was defined in [21I] and [67] as one of the
misconceptions held by high school and early university students in algorithm efficiency top-
ics. But as we see here, there is no evidence as revealed from our pilot AACI that this
misconception is held by CS3 students. This result coincides with what we found in Sec-
tion 4.3l when we asked experts to evaluate our misconceptions list. 60% of the experts stated
that this misconception should be removed from the list. In addition, [2I] and [67] also de-
fined M1, M3, and M4 as other misconceptions held by high school and early university
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students in algorithm efficiency topics. However, we found only small evidence that these
misconceptions are held by CS3 students. Only the answers of 2.4% of the students among
all four administrations expressed misconceptions M1 and M3 and the answers of 2.7% of
the students expressed misconception M4. While these are not significant compared to other
misconceptions on the list, still some CS3 students are holding these misconceptions. Based
on this, we have decided to remove M2 from our misconception list, while leaving M1, M3,
and M4.

Table 4.9: Results of the AACI student content validity. Each misconception is presented
along with how many students provided answers that demonstrated this misconceptions for
each AACT administration. Here, A; stands for CNP Fall 2015 administration, A, stands for
VT Fall 2015 administration, A stands for CNP Spring 2016 administration, and A4 stands
for VT' Spring 2016 administration. Percentages are shown in brackets.

Misconception A Ao As Ay All
N =40 N = 67 N =232 N =155 N = 294
M1 4 (10%) 0 3 (9.3%) 0 7 (2.4%)
M2 0 0 0 0 0
M3 4 (10%) 0 0 3 (1.93%) 7 (2.4%)
M4 2 (5%) 3 (4.5%) 2 (6.2%) 1 (0.65%) 8 (2.7%)
M5 4 (10%) 8 (12%) 3 (9.3%) 40 (25.8%) 55 (18.7%)
M6 34 (85%) 29 (43.2%) 24 (75%) 87 (56.12%) 174 (59.1%)
M7 38 (95%) 60 (89.5%) 31 (96.8%) 72 (46.4%) 201 (68.3%)
M8 39 (97.5%) 57 (85%) 31 (96.8%) 67 (43.2%) 194 (66%)
M9 30 (75%) 32 (47.7%) 24 (75%) 54 (34.8%) 140 (47.6%)
M10 34 (85%) 42 (62.6%) 23 (71.8%) 46 (29.6%) 145 (49.3%)
MI11 24 (60%) 31 (46.2%) 23 (71.8%) 19 (12.2%) 97 (33%)
M12 9(22.5%) 11 (16.4%) 9 (28.1%) 30 (19.3%) 59 (20%)
M13 21 (52.5%) 34 (50.7%) 11 (34.3%) 22 (14.2%) 88 (30%)
M14 9 (22.5%) 4 (6%) 1 (3.1%) 19 (12.2%) 33 (11.2%)
M15 31 (77.5%) 9 (13.4%) 20 (62.5%) 12 (7.7%) 72 (24.4%)
M16 15 (37.5%) 4 (6%) 15 (46.8%) 10 (6.5%) 44 (15%)
M17] 35 (87.5%) 36 (53.7%) 27 (84.3%) 40 (25.8%) 138 (47%)

On the other hand, we see that significant number of students provided answers supporting
all the remaining misconceptions. The two most prevalent misconceptions are M7 (68.3%)
and M8 (66%). These misconceptions are related to the students’ confusion between the
concepts of upper bounds versus worst cases on one hand, and lower bounds versus best
cases on the other hand. The evidence for both misconceptions are clear from answering
Items (a) and (b) from Question 3 as True, and items (a) and (b) from Question 5 as True
(see Appendix . In addition, we see that 47.6% of the students demonstrated M9 which
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Figure 4.3: Results from the pilot AACI administrations as a post-test

is related to the students confusion between the concept of tight bound and average case.
This is clear from the students answers to Item 3(f).

A significant fraction of students provided answers that demonstrated M6, which is related
to confusion in applying upper bounds, lower bounds, and tight bounds notations. This is
clear from student answers to Questions 7 and 9 related to relative growth rates. They used
the incorrect notation to indicate the relationship between various growth rates.

We also see that the answers of 49.3% of the students provided evidence for M10, related
to the students’ confusion about the effect of the size of the input on whether an algorithm
can run in its best or worst cases. This is clear from the answers to items 4(b) and 4(c).
Students indicated that the best case of sequential search will occur when the array size is
only a single element, while the worst case will occur when the array size is very large.

M17 is also one of the misconceptions that was significantly expressed in student answers
(47%). This misconception is related to students’ confusion about the best, average, and
worst cases of a specific algorithm. This misconception was tested with Items 4(a), 4(d)
and Question 10. In items 4(a) and 4(d), students were confused between the best case and
worst case of sequential search. In Question 10, students were unable to determine the best
sorting algorithm to use in a given use-case scenario. However, from the student answers,
it seems like they would have answered the questions correctly if they had memorized the
running time of the algorithms in its best and worst cases. For example, in Question 10,
if the students knew that the worst case running time of heapsort is better than quicksort
and it requires less memory than mergesort, then probably they would have answered the
question correctly and the misconception wouldn’t have been detected. The same for Items
4(a) and 4(d). If the students knew that the best case for sequential search is when the
target element is located in the first position of the array, and the worst case is when the
target element is located at the end of the array or not found, then they probably would
have answered the items correctly and M17 would not have been detected.
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Based on this analysis, we believe that our pilot AACI did a good job of detecting student
misconceptions as defined in our list. However, we believe that we need better items for
misconception M17 not based on memorization to be able to test whether this misconception

is held by CS3 students.

4.7 Item Response Theory

Having evidence that the pilot AACI is reliable and valid, we now move to the evaluation
of the AACI based on its items. Item Response Theory (IRT) is an approach to instrument
analysis based on individual items rather than overall test scores. In this section, we present
the results from IRT analysis of our AACI based on Item Characteristics Curves (ICCs) and
the Test Information Function (TIF). ICCs plot the probability of a student to answer an
item correctly (the y-axis) given an estimate of his overall ability (the x-axis). The TIF
shows how reliable the test is at distinguishing students with different abilities. The results
here only include those similar 23 items among all four AACI administrations. Figure [4.4
shows the ICC of each item, while Figure [4.5| shows the overall TIF. Table shows the
difficulty and discrimination coefficients of each item along with interpretation. All these
results were calculated using JMP’s item analysis support EI by applying a Two-Parameter
Logistic (2PL) IRT model [5]. The model’s equation is given by:

1
P0) = T

This equation calculates the probability a student with ability # can answer an item with
discrimination a, and difficulty b.

The TTF in Figure 4.5/ shows that the peak amount of information the whole test provides is
around 0 ability. This indicates that the test did a good job in distinguishing between those
students with above average ability (> 0) and those with below average ability (< 0).

The ICCs in Figure [4.4] show that not all items have this perfect S-shaped curve with an
inflection point (intersecting the red line) around 0. Most of the curves have their inflection
point below 0. This indicates that most of the test items are easy for students. This is not
a problem as a CI is not intended to be hard. Its main purpose is to discriminate between
those students with misconceptions and those without misconceptions.

Thttp://www. jmp.com/support/help/Item_Analysis_Platform_Overview.shtml
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Table 4.10: Difficulty and Discrimination Coefficients of AACI items. Items with low dis-
crimination indices are italicized.

[tem Difficulty Discrimination Interpretation
Item 1 -1.31 0.62 Easy item with low discrimination

Item 3(a) 0.50 1.39 Moderate item with high discrimination
Item 3(b) 0.40 1.29 Moderate item with Moderate discrimination
Item 3(c) -1.26 0.60 Easy item with low discrimination

Item 3(d) -6.72 0.20 Very easy item with very low discrimination
Item 3(e) -1.99 0.68 Easy item with moderate discrimination
Item 3(f) 0.28 1.07 Moderate item with moderate discrimination
Item 3(g) 0.44 1.03 Moderate item with moderate discrimination
Item 4(a) -3.28 0.75 Very easy item with moderate discrimination
Item 4(b) -0.02 1.25 Moderate item with moderate discrimination
Item 4(c) -1.54 1.30 Easy item with moderate discrimination
Item 4(d) -3.85 0.66 Very easy item with moderate discrimination
Item 6(a) -2.18 0.80 Easy item with moderate discrimination
Item 6(b) -0.79 0.49 Moderate item with low discrimination
Item 6(c) -0.44 1.19 Moderate item with moderate discrimination
Item 7(a) -0.84 2.74 Moderate item with very high discrimination
Item 7(b) -0.71 2.46 Moderate item with very high discrimination
Item 7(c) -0.61 1.92 Moderate item with very high discrimination
Item 7(d) -1.09 1.66 Moderate item with high discrimination

Item 8 1.05 -0.17 Above average item with very low discrimination

Item 9(a) -0.17 8.62 Moderate item with very high discrimination
Item 9(b) -0.24 4.53 Moderate item with very high discrimination
Item 9(c) -0.04 4.55 Moderate item with very high discrimination
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Table provides estimations of ICC difficulty and discrimination coefficients along with
interpretations. These interpretations are defined based on coefficient cut-off values defined
in [5]. As we see, most of the items except items 8 and 3(d) are either easy or moderate
items as they have their difficulty coefficients around or slightly above or below 0. Item 8 is
slightly hard as it has a difficulty coefficient of 1.05, and item 3(d) is very easy as it has a
difficulty coefficient of -6.72. Regarding discrimination, most of the items have discrimination
coefficients above 0.64. According to [5], these items have moderate to high discrimination.
Good discrimination is desirable in any CI as each item targets one or more misconception.
Accordingly, if the item sufficiently discriminates between students, then this item will have
a good contribution to the overall CI as a tool to group students into two groups: those who
think in accordance to common conceptions, and those who think in accordance to common
misconceptions within a topic. Only items 1, 3(c), 3(d), 6(b), and 8 have poor discrimination.
In addition, item 8 has an interesting feature. It has a negative discrimination. This means
that students with low ability tend to solve this item correctly better than those students
with high ability. However, the discrimination is very low. Accordingly, this item is clearly
a candidate for removal or update in future AACI versions in addition to items 1, 3(c), 3(d),
and 6(b) as they have poor discrimination coefficients.



Chapter 5

Evaluation of Algorithm Analysis
Visualizations

5.1 Introduction

In this chapter we describe our efforts to evaluate the effectiveness of AAVs when embedded
in OpenDSA modules to replace the algorithm analysis content previously presented tradi-
tionally as text and static images. As described in Section [3.2] students using OpenDSA as
their main textbook for CS3-level courses have been shown to not engage with the algorithm
analysis content as traditionally presented. Student surveys include many comments stating
the opinion that it would be helpful to Students if the content is presented in a more engaging
way, as algorithm dynamics content is presented in OpenDSA. They suggested replacing the
content with interactive visualizations. Accordingly, some of the original algorithm analysis
content in OpenDSA was replaced with AAVs. This was done for the sorting chapter and
some of the material in the introductory algorithm analysis chapter. Our evaluation relies
on three facets:

1. Evaluating student engagement: For an intervention to be successful, it should be
engaging enough to students so that they will be motivated to learn [I§]. Accordingly,
this is our first step in evaluating AAVs. The main focus here is to see whether students
are more engaged with AAVs than with the traditional algorithm analysis content as
presented previously in OpenDSA. The total time spent interacting with AAVs for each
student in an entire semester was used as a proxy for engagement. This was calculated
by mining the OpenDSA student interaction logs.

2. Collecting student feedback about AAVs: In order to support our results from
student interaction logs, we surveyed the students to collect their feedback about AAVs
in terms of whether they were engaging and helpful to them in understanding the
algorithm analysis abstract concepts.

60



61

3. Evaluating student performance Engagement is a necessary but insufficient pre-
requisite for learning [28]. Accordingly, the last step in our evaluation is to evaluate
student performance on tests. The algorithm analysis questions used on the final exam
included our pilot AACI derived in the previous chapter.

The evaluation experiment was performed during Fall 2015 and Spring 2016 for a semester-
long CS3-level course, CS3114 at Virginia Tech. Fall 2015 students were used as our control
group (without AAVs), and Spring 2016 students were used as our intervention group (with
AAVs). For both groups, we performed three evaluation activities. First, we mined Open-
DSA interaction logs to compare student engagement. Second, we surveyed the students
to collect their feedback on the analysis content without AAVs (Fall 2015) and with AAVs
(Spring 2016). Finally, we compared the student performance on the final (for algorithm
analysis questions only).

5.2 Evaluation Protocol

In this section, we outline our protocol for AAV evaluation in terms of student engagement,
satisfaction, and performance.

1. Hypotheses
We have three main hypotheses that we have tested through the evaluation.

(a) Students in the intervention group will be more engaged with AAVs than the
control group students were engaged with traditional algorithm analysis content.

(b) Most students from the intervention group will express positive feedback regarding
their experience with AAVs.

(c) The performance of the intervention group on a set of algorithm analysis items
offered on their final will be higher than the performance of the control group
students on the same set of questions.

2. Participants
Our subjects are 67 students who took CS3114 at Virginia Tech during Fall 2015 and
155 students who took the same course during Spring 2016. Only one section from
Fall 2015 was selected, as this is the only section that used OpenDSA as the main
textbook. For Spring 2016, both sections were included.

3. Materials

(a) Both Fall 2015 and Spring 2016 groups used OpenDSA as their main textbook.
The only difference was in the presentation of some of the algorithm analysis
material in two chapters, the sorting and the algorithm analysis introduction
chapters. All the algorithm analysis content in Fall 2015 are based on textual
presentation. Some of the algorithm analysis content during Spring 2016 was
presented interactively using AAVs.

(b) In order to evaluate AAVs in terms of student learning, both groups were given a
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set of algorithm analysis questions as part of their final exam. The questions were
part of our pilot AACT as described in the previous chapter (see Appendix .
The algorithm analysis part of the test for Fall 2015 was composed of 9 items;
some were divided into sub-items for a total of 28 items. A similar test was offered
in Spring 2016 with 11 items; some are divided into sub-items for a total of 29
items. Only 27 questions were similar in both tests. These questions form the
basis of our performance comparison between both groups.

(¢) In order to investigate student opinion about AAVs, we offered a survey at the
end of Spring 2016 asking them to evaluate AAVs in terms of how useful they
were in helping them understand the algorithm analysis concepts presented in the
course. The survey is presented in Appendix [C]

4. Procedure

In order to evaluate student engagement, the total time spent on algorithm analysis
content (a textual discussion for the control group, or an AAV for the intervention
group) was used as a proxy for engagement. The total time was calculated by analyzing
OpenDSA student interaction logs. In order to evaluate student performance, both
groups were compared on the basis of the same set of algorithm analysis questions
given as part of their final exam. Exams were graded by the same person for both
groups in order to minimize inter-rater reliability problems.

5. Analysis

In order to make inferences about our hypotheses, the control and intervention groups
were compared according to the time spent in algorithm analysis material, and the
exam grade for only the algorithm analysis part. We decided to use non-parametric
tests (Mann-Whitney) with a 5% significance level. We chose this test to avoid the nor-
mality assumption that should be met if we would apply a parametric test (ANOVA),
and to mitigate the effect of unbalanced sample sizes since Spring 2016 students are
from two sections while Fall 2015 students are from one section. It was stated in [57],
that Mann-Whitney test is robust to unbalanced sample sizes.

5.3 Evaluating Student Engagement

One way of evaluating student engagement is to mine student interaction logs from past
course offerings [28]. Here we present our results from mining OpenDSA student interaction
logs to compare the total time spent by CS3114 students on algorithm analysis material
from both Fall 2015 and Spring 2016. The algorithm analysis content during Fall 2015
was presented as text and static images. Some of this content was replaced during Spring
2016 with AAVs. This was mainly done for the sorting modules and the algorithm analysis
introduction modules. Figure [5.1] shows an example of the difference between the content
for the two groups.



63

The body of inssert consists of two nested for loops. The puter for loop is executed =1 times. The inner for loop is harder fo analyze because the number of times it
€xecutes depends on how many reconds in positions 0 t0 -1 have a value less than that of the record in position i, In the worst case, each record must make its way to the
start of the amay. This would occur  the records are initially amanged from highest to lowest, in the reverse of sorted order. In this case, the number of comparisons will be
e the first time trugh the for loop, tn the second time, and so on. Thus, the total number of comparisans will be

'Efl.z “{"" ) =g,

In contrast, consider the best-case cost, This occurs when the values ocour in sorted order from lowest t highest. In this case, every test on the inner fer loop will fai
immediately, and no records will be moved. The total numbsr of comparisons will be n -1, which s the rumber of times the outer for loop executes. Thus, the cost for
Insertion Sort in the best case fs B(n).

What is the average-case cost of Insertion Sort? When record i is processed. the number of times through the inner fur loop depends on baw far “out of arder* the recond is. In
particular, the inner for loop is executed once for each value greater than the value of record f that appears in amay positions 0 through i - 1. For example, in the sideshows
above the value 14 & indially preceded by five values greater than it. Each such occurrence s called an inversion The number of inversions (Le,, the number of values
qreater than a given value that accur prior to it in the amay) will determing the number of comparisons and swaps that must take place. So long 38 all swaps are to adjacent
reconds. 14 will have to swap at leash six times to gat ta the right positien.

To cakulate the average cost, we want to determing what the average numbsr of inversions will be for the record in position §. We expect on average that half of the records
in the first i -1 amay positions will have a value greater than that of the record at pesition i, Thus, the average case should be about hak the cost of the warst case, or around
o 4, which is st 8{n"). So, the average case is no better than the worst c2se inits growth rate

While the best cas is significariy Faster than the average and worst cases, the average and morst cases are ususlly more reliabie indicators of the "typical® running time
Howewer, there are situstions where we can expect the input to be in soted or nearly sorted order. One example is when an already sorted list is dightly disordered by a
small number of additions to the list: restoring sorted order using Insertion Sork might be & good idea if we know that the disordering is slight. And even when the input s not
perfectly sarted, insertion Sort's cost goes up in propartian to the number of inversions, $0 3 “nearly sorted® list wil always be cheap f sort with Insertion Sort. Examples of
algorithms that take adwantage of Insertion Sort's near-best-case running time are Stheflsart and Qu

(a) Insertionsort analysis as presented during Fall 2015

OO OO N

Therefore, the worst case running time of insertion sort is 8(n?).

static <T extends Comparable<T>> void inssort(T[] A) {
for (int i=1; i<A.length; i++) // Insert i'th record
for (int j=i; (j»8) && (A[]].compareTo(A[j-1]) < 8); j--)
swap(A, 3, 3-1);

i=1 =2 i=3 i=4 i=5

(b) Insertionsort worst-case analysis as presented during spring 2016

Figure 5.1: Difference in the presentation of algorithm analysis content between Fall 2015
and Spring 2016
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For the control group in Fall 2015, OpenDSA interaction logs were analyzed to find an
estimate of the total time a student spent in the text-based algorithm analysis material
in the sorting modules. Not all of the material in these modules is related to algorithm
analysis, as it contains detailed discussion of the procedural dynamics of how the sorting
algorithm works and then the running-time analysis of the algorithm is presented. We are
only interested in the algorithm analysis part of the modules. Accordingly, the total time
was calculated as the sum of the times the student spent in each reading session of the
algorithm analysis part. We define a reading session as the difference between the time
when the student pressed the show/hide button as described in Section and the time
the student performs any other interaction in the module (i.e., pressed the hide button,
started solving the next exercise, left the module, or refreshed the page).

Similarly, for the intervention group in Spring 2016, OpenDSA interaction logs were analyzed
to find an estimate of the total time a student spent interacting with the corresponding
AAV(s). Again, the total time was calculated as the sum of the times the student spent in
each interaction session. We define an interaction session as the difference between the time
a student first clicked on a control in the AAV, and the time of the last interaction with the
AAV.

We did the same for OpenDSA algorithm analysis modules. However, as all of the content
in these modules are actually related to algorithm analysis, a different way of measuring the
time seemed appropriate. Accordingly, for these modules the total time spent in the entire
module for both groups was compared. For Fall 2015 students, the modules are presented
without AAVs, and for Spring 2016 the modules are presented enhanced with some AAVs
for part of the discussion. The total time spent in a module was calculated as the sum of the
time the student spent in each module session. We define a module session as the difference
between the time the student loaded the module (i.e., the document ready event is issued)
and the time the student leaves the module (i.e., a window unload or window blur events
are issued).

For some students, we found large time estimates exceeding tens of thousands of seconds,
which we don’t believe is a valid time for a typical student to spend in the text or AAVs.
Our explanation for these cases is that some students started to interact with the material
(the starting time is now recorded), and then moved away from the computer, leaving the
browser opened. After a relatively long time they come back and start to interact again
with the material until finishing with it (the end time is recorded). In order to perform valid
analysis, we should discard all the students with such behavior from our evaluation. In order
to do that, we ran a simple outlier analysis using the JMPf]software package to detect those
unusual points. For the sorting chapter, we found that all points exceeding half an hour were
identified as outliers. This was only found for the intervention group students. Regarding
the control group, we didn’t find any student who exceeded this time. For the algorithm
analysis chapter, all students who exceeded one hour per module were identified as outliers

*http://www.jmp.com/en_us/home.html
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and excluded from both the control and intervention groups.

After calculating the time for both groups, we performed a series of Mann-Whitney tests to
compare the total time spent for each student in an algorithm analysis textual discussion
from the control group versus its corresponding AAV(s) from the test group for OpenDSA
sorting modules. In addition, we performed a series of tests to compare the number of visits
for each group (the number of visits is simply the total number of sessions a student read the
text or interacted with an AAV). For the algorithm analysis introduction modules, a series of
tests were performed comparing the total time spent for each student in the modules without
AAVs (Fall 2015 control group) to the total time spent in the modules with AAVs (Spring
2016 test group). Results are presented in Table for sorting modules and in Table for
the algorithm analysis introduction modules. The “exchange sorting cost” and the “sorting
lower bound” modules are part of the sorting chapter, but their content is entirely related
to algorithm analysis. Accordingly, the time spent using them was calculated in the same
way as the algorithm analysis introduction modules.

Table 5.1: Comparing the total time in seconds spent in a textual discussion versus the total
time spent in corresponding AAV(s) for OpenDSA sorting modules using a Mann-Whitney
test. N here denotes the number of students who interacted with the material. F15 denotes
the Fall 2015 (control) group, and S16 denotes the Spring 2016 (intervention) group. Time
is in seconds.

Mean Median p-value
Module Group N ime  Visits Time Visits Time  Visits

Insertionsort F15 80 76.77 2.2 135 2 < 0.0001 < 0.0001

S16 123 189.26 6.25 127 6
Sr— FIST BT 1B DT
Selectionsort gig 12325 1301?114 ;gg 27165 ; < 0.0001 < 0.0001
Mergesort gig 12384 9;?62 ;gg 56(35 ; < 0.0001 < 0.0001
F15 28 76.64 1.75 14.5 1.5

Quicksort ' < 0.0001 < 0.0001

S16 133 194.98 6.51 122

F15 26 20.88  1.42 6.5
Heapsort S16 121 9522 9233 A6 < 0.0001  0.0014
Radixsort F15 212523 142 4 < 0.0001  0.0411

516 123 135.63  2.02 52

The Cost of Exchange F15 29  148.03 6.94 42

Sorting S16 117 61059 7 438 <0.0001  0.4223

F15 27 7855 4.7 17

S16 103 61041 51 495 <0.0001  0.07

Sorting Lower Bound

W OOt OYDN H| N = O
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Table 5.2: Comparing the total time in seconds spent in algorithm analysis introduction
modules without AAVs versus the total time spent in the same modules with AAVs using
a Mann-Whitney test. N here denotes the number of students who interacted with the
material. F15 denotes the Fall 2015 (control) group, and S16 denotes the Spring 2016
(intervention) group. Time is in seconds.

Mean Median p-value
Module Group N Time  Visits Time Visits Time Visits

Asymptotic Analysis F15 35  181.65 9.74 56 8
and Upper Bounds ~ S16 122 970.95 6.77 649 4  — 00001 <0.0006

Best, Average, F15 38 215.8 4.89 38 3.5

and Worst Cases S16 88 41294 3.68 186 2 0.00370.0071
Lower Bounds F15 33 358.72 1272 160 8

and Theta Notation ~ S16 120 1090.02 7.10 861 5 < 0.00010.0054
Algorithm  Analysis F15 35 92.48 6.34 14 4

Misunderstandings S16 140 462.57  3.61 324 2 < 00001 < 0.0001

Problems, Algorithms, F15 34 20352 935 215 7.5

and Programs SI6 136 806.64 7.38 458 < 0.00010.0031

|

: F15 34 7823 691  20.5
Analyzing Problems 316 126 50214 410 335.3 3 < 0.0001 < 0.0001

Calculating Program F15 37 601.02 1281 371 11

Running time 516 118 1175.22 1256 900 9 00001 03156

It is clear from Table that Spring 2016 students spent significantly more time interacting
with AAVs than Fall 2015 students spent reading the corresponding textual content for all
OpenDSA sorting modules. The results from Fall 2015 are similar to what we found in
Section from Fall 2014 data when we motivated the use of AAVs. In addition, we also
see that Spring 2016 students tend to visit AAVs more than Fall 2015 students did with
the textual content. This also may indicate some sort of engagement as students will not
interact a lot of times with something boring (unless there is a problem with it that makes
them confused). Accordingly, from this analysis, we believe that students are more engaged
with AAVs than the textual content. This is supported by the student survey results as we
will see in the next section.

Similarly, it is clear from Table that Spring 2016 students spent significantly more time
in the algorithm analysis modules than Fall 2015 students did. However, in most analysis
modules, Fall 2015 students tend to visit the modules more times than Spring 2016 students.
We were expecting to see similar results as found in the sorting modules in Spring 2016, as the
analysis modules are enhanced with some AAVs which may engage students to spend more
time in the modules and visit it more. What we found is that students spent significantly
more time in the modules with AAVs, but they visit the modules significantly less number
of times than the modules without AAVs. Our explanation to this is that Fall 2015 students
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may have found the modules without AAVs boring. Accordingly, when they opened it they
spent small amount of time and then close it or go to another module, or just jump to the
summary exercise without reading the content. This is clear from the small amount of time
spent in each module from Table [5.2 But since students will be tested on this content,
they have to come back again and study the module. This is done in small time sessions as
the modules are boring. This explains why we found more student sessions for the modules
without AAVs but less total time. On the other hand, from Table [5.1, we see that Spring
2016 students spent more time in sorting AAVs and also they had more visits to them
than Fall 2015 students did with the corresponding textual content. So why did we find
this when comparing AAVs to text and we found the opposite when comparing the whole
analysis modules with AAVs to the corresponding modules without AAVs? Our answer to
this question is that an AAV is an interactive component that can by itself attract students
and engage them to understand the material, and accordingly, they visit it more and spend
more time on it. For the analysis modules, an AAV is only part of the whole module. In a
typical module, AAVs represents only 10%-20% of the module content, and the rest can be
boring for students. When they get the point from AAVs, they don’t visit the module more
times again. Accordingly, we believe that Spring 2016 students when opening the enhanced
modules with AAVs, they are mainly interacting with the AAVs and ignoring the other
textual content. The results from a study performed before adding AAVs to OpenDSA
supports this, as it was found that when students open an OpenDSA module, they tend
to jump directly to the summary exercise at the end of the module to secure their credit
and they are using the interactive content (slide shows and AVs) only to find the exercise’s
answers [19]. In addition, the algorithm analysis modules in OpenDSA are more conceptual
than the sorting modules, and we think that once students get the point from the AAVs in
the analysis modules, they will not visit it again. But this is not the case in the analysis
modules without AAVs, as each time they visit it, they found it hard to understand the
concepts presented by reading the long text, so they leave the module and come back to it
more times again trying to understand the content.

In order to further test the effect of AAVs on student engagement and to be more convinced
that the difference in the time spent in the algorithm analysis modules between Fall 2015
and Spring 2016 students is attributed to AAVs, we did a similar analysis for three algo-
rithm analysis modules in which we did not yet provide AAVs. The results are presented
in Table (5.3

It is clear from the table that there is no significant difference in the total time spent in
algorithm analysis modules without AAV support between Fall 2015 students and Spring
2016 students. If we look at the number of Spring 2016 students who opened each module,
we find that it is very small compared to the number of students who opened the modules
with the AAV support from Table[5.2. This clearly indicates that students are not engaged in
the modules without AAV support, and that the significant time difference found in Table[5.2
is mainly attributed to AAVs. Results from Table [5.1] Table [5.2] and Table [5.3] support the
first hypothesis from our evaluation protocol.
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Table 5.3: Comparison for the total time spent on algorithm analysis introduction modules
without AAVs in Fall 2015 versus the total time spent in the same modules in Spring 2016
using a Mann-Whitney test. N here denotes the number of students who interacted with
the material. F15 denotes the Fall 2015 (control) group, and S16 denotes the Spring 2016
(intervention) group. Time is in seconds.

Mean Median p-value
Module Group N Time Visits Time Visits Time  Visits
Multiple Parameters Flo- 31 60.96 238 7 2 0.1456 0.0446

S16 50 64.58 1.56 14
F15 31 46.41 2.22 8
S16 47 74.25 1.40 9
Code Tuning and Em-  F15 30 23.76 1.93 4.5
pirical Analysis S16 39 46.38 1.46 9

Space Bounds 0.3262 0.0077

— == N

0.0727 0.1049

Having evidence that the intervention group students were more engaged with AAVs than
control group students were engaged with the traditional textual content, we were interested
to see whether this is also true for sub-groups within both the control and intervention
groups. We were interested in comparing the level of engagement of those students who
spent less time in both contents. In addition, we were also interested in comparing the level
of engagement of those students who spent more time in both contents. Accordingly, a similar
analysis as presented in tables and was done to compare the time spent by students
in the first quartile (those students whose total time spent falls below the 25 percentile)
and fourth quartile (those students whose total time spent falls above the 75" percentile) in

both the control and intervention groups. Results are shown in tables [5.4] [5.5] [5.6] and [5.7]

It is clear from the tables that intervention group students who used AAVs to learn the
analytical material were significantly more engaged with AAVs than control group students
who used traditional textual material. This is true for those students who spent less time in
both contents (first quartile students), and students who spent more time in both contents
(fourth quartile students). The only exception was for the “Best, Average, and Worst Cases”
module for students from the fourth quartile. Although intervention group students spent
more time than control group students as indicated from the mean and median times, this
difference is not significant as indicated from the p-value. We believe that this insignificance
may be attributed to the small sample size of the control group quartile.
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Table 5.4: Comparing the total time in seconds spent in a textual discussion from the first
quartile of the control group versus the total time spent in corresponding AAV(s) from the
first quartile of the intervention group for OpenDSA sorting modules using a Mann-Whitney
test. N here denotes the number of students who interacted with the material from the
first quartile. F15 denotes the Fall 2015 (control) group, and S16 denotes the Spring 2016
(intervention) group. Time is in seconds.

Module Group N Mean Median p-value
. F15 7 3.57 4
Insertionsort 316 32 44.19 A15 < 0.0001

F15 8 1.37 1.5

Bubblesort 916 32 9953 93 < 0.0001

Selectionsort gig 354 232 4 321 0.0014
Mergesort gig 384 221"2157 22;5 < 0.0001
Quicksort gig ;2 3;:(2)8 335 < 0.0001
Heapsort gig ;g 1i:§9 124 < 0.0001
Radixsort 15 8 L87 2 < 0.0001

S16 31 13.38 14
The Cost of Exchange  F15 7 21.14 22
Sorting S16 29 181.44 197

F15 8 6 6

Sorting Lower Bound S16 26 82.65 74 < 0.0001

< 0.0001
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Table 5.5: Comparing the total time in seconds spent in a textual discussion from the fourth
quartile of the control group versus the total time spent in corresponding AAV(s) from
the fourth quartile of the intervention group for OpenDSA sorting modules using a Mann-
Whitney test. N here denotes the number of students who interacted with the material from
the fourth quartile. F15 denotes the Fall 2015 (control) group, and S16 denotes the Spring
2016 (intervention) group. Time is in seconds.

Module Group N  Mean Median p-value

) F15 7 253.14 171
Insertionsort 316 29 50263 597 5 0.0041

F15 7 70.85 53
Bubblesort 316 35 180.05 134 0.0031

) F15 5 108.6 81
Selectionsort 316 34 99535 9115 0.0046

F15 7 75 52
Mergesort 316 33 230.3 185 0.0007

. F15 7 265.14 215
Quicksort 316 33 470.91 460 0.0028

F15 6 625 505
Heapsort S16 30 925403 203 00001

. F15 5 81.2 66
Radixsort 916 31 37774 293 0.0004
The Cost of Exchange  F15 7 443.75 210
Sorting S16 29 1305.58 1154
F15 7 266.42 59

Sorting Lower Bound 916 26 132538 1302 < 0.0001

0.0008
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Table 5.6: Comparing the total time in seconds spent in algorithm analysis introduction
modules without AAVs from the first quartile of the control group versus the total time
spent in the same modules with AAVs from the first quartile of the intervention group using
a Mann-Whitney test. N here denotes the number of students who interacted with the
material from the first quartile. F15 denotes the Fall 2015 (control) group, and S16 denotes
the Spring 2016 (intervention) group. Time is in seconds.

Module Group N Mean Median p-value
Asymptotic Analysis F15 8 12 12.5 < 0.0001
and Upper Bounds S16 29 100 103 '
Best, Average F15 9 344 3

’ ’ < 0.0001
and Worst Cases S16 22 2254 18.5
Lower Bounds F15 8 145 15

< 0.0001

and Theta Notation S16 30 150 150
Algorithm  Analysis F15 10 5.7 5.5 < 0.0001
Misunderstandings S16 35 60.8 51 )
Problems, Algorithms, F15 8 7 7
and Programs S16 34 8985 965 000
Analyzing Problems P15 11 9.5 ) < 0.0001

S16 31 T71.8 79
Calculating Program  F15 9 104.88 111
Running time S16 30 378.53 412

< 0.0001
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Table 5.7: Comparing the total time in seconds spent in algorithm analysis introduction
modules without AAVs from the fourth quartile of the control group versus the total time
spent in the same modules with AAVs from the fourth quartile of the intervention group
using a Mann-Whitney test. N here denotes the number of students who interacted with
the material from the fourth quartile. F15 denotes the Fall 2015 (control) group, and S16
denotes the Spring 2016 (intervention) group. Time is in seconds. Insignificant p-values are

italicized.

Module Group N  Mean Median p-value
Asymptotic Analysis  F15 8 364.25  305.5 < 0.0001
and Upper Bounds S16 29 1937.75 1940 ’
Best, Average, F15 9 728.33 512 0.0856
and Worst Cases S16 22 1214 810.5 '
Lower Bounds F15 8 1052.62 834.5 < 0.0001
and Theta Notation S16 30 2408.8 2274.5 '
Algorithm  Analysis  F15 9 326.11 233 0.0001
Misunderstandings S16 35 1121.45 930 ’
Problems, Algorithms, F15 8§ 782.62  297.5 0.0011
and Programs S16 34 2089.38 1938 ’

. F15 8  246.87 174
Analyzing Problems 916 31 1174.03 1036 < 0.0001
Calculating Program  F15 9 1509.22 1366 0.0022
Running time S16 29 2386.93 2334 '
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5.4 Collecting Student Feedback about AAVs

In Section [3.2.3] we presented results from a student survey done at the end of Fall 2014 ask-
ing students for their feedback about the algorithm analysis material presented in OpenDSA
at that time, which was mainly based on text and static images. The results from the survey
motivated the use of AAVs as an alternate method of presenting the analysis content in a
more engaging way. In this section, we present the results from surveying CS3114 students
in Spring 2016 after enhancing OpenDSA with AAVs as an alternative to the traditional
content. Surveying students was a necessary step to support the results from the student
interaction logs, as engagement is hard to measure without observing and questioning stu-
dents [28]. But before presenting the results from Spring 2016 after adding AAVs, we present
results from a survey done in Fall 2015. The purpose of this survey is to confirm the results
from Fall 2014, as both Fall 2014 and Fall 2015 students did not learn with AAVs, as they
used the same textual material.

In Fall 2015, 43 students responded to a survey in which they were asked the same questions
as in the Fall 2014 survey presented in Appendix|[C] We found that about 87% of the surveyed
students found algorithm dynamics concepts (how an algorithm works) easier than algorithm
analysis concepts. 58% of the students who are more comfortable with algorithm dynamics
attributed this to the material itself as algorithm analysis is more abstract and requires
some familiarity with mathematical notations. On the other hand, 29% of the students
who are more comfortable with dynamics attributed this to how each concept is presented
in OpenDSA. In Fall 2015, algorithm analysis concepts were presented in OpenDSA like
any other traditional textbook using textual discussion supported by static images, while
algorithm dynamics were presented interactively using Algorithm Visualizations. When the
students were asked to provide suggestions to improve the presentation of the algorithm
analysis material in OpenDSA, 72% of them indicated clearly that they believe visualizations
will definitely help. Other suggestions were to include video lectures to further describe the
content and to just add more analysis examples.

We see that the results from the Fall 2015 survey coincide with the results from the Fall 2014
survey presented in Section [3.2.3] This indicates that a significant proportion of students
are suffering in understanding the analysis content in OpenDSA, and they are demanding a
better presentation.

After introducing AAVs to OpenDSA sorting modules and some of the algorithm analysis
introduction modules in Spring 2016, 90 students were surveyed. They were asked similar
questions as in Fall 2014 and Fall 2015 surveys. In addition, they were asked clearly to express
their opinion about AAVs (we made sure that students clearly understood the difference
between AAVs and AVs by stating the difference in the question) whether it helped them
to understand algorithm analysis abstract concepts, and to what extent they found AAVs
useful. The Spring 2016 survey is available in Appendix [C]

Results indicate that about 83% of the surveyed students found AAVs useful in their under-
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standing of the algorithm analysis concepts presented in OpenDSA. Here are some quotes
from their answers to the question:

“Yes, the visual representations of running times were helpful. I thought the block
representations were helpful.”

“Yes, the visualizations were effective with the concept of unit of work and the total
work being the summation of the total area.”

“Yes, I felt that the step by step visuals made a difference in my understanding”
“Definitely yes. It helped me to better compare different algorithms.”

“Yes I thought it was great to see how algorithms running longer with more data shows.
Represent the analysis better.”

“Yes in particular the visualization of the proof that no sorting algorithm could be more
than nlogn 7

“Yes very very easier than looking at proofs/numbers”

“Yes they provided an easy to understand visualization of something that is difficult to
explain conceptually.”

“Yes visualizations helped. Make it easier to see Theta(x) and O(z) and put in visual-
wzation or obvious but not hidden in a text.”

Of these 83% who found AAVs useful, 51% found that AAVs are good as is and they didn’t
provide any sort of improvement as they liked it the way it is designed. About 15% didn’t
know what to say about an improvement, but they didn’t mention clearly that they liked
the AAVs as is. 34% stated that although they found AAVs useful to them, they have some
ideas for improvement. Here we present representative suggestions:

Several students mentioned that they still want more visualizations. So far, we have
only added 28 AAVs to OpenDSA, and we believe that there are additional analysis
discussions that can be further visualized.

One student mentioned about tagging a visualization slide so that he can remember
coming back to it again. This may be a useful feature as we found from the previous
section that students tend to visit AAVs more times than they visited the textual
discussion and they may only be interested in a subset of the slides in a given AAV.
Some students mentioned their need for an AAV feature that was available for most
sorting AAVs, which is displaying and highlighting code while building the graphical
shape representing the running time of the highlighted statement. We believe this
to be an important feature of AAVs that is also found in AVs. Some sorting AAVs
currently have this feature.

Some students stated that some AAVs need more colors to better enhance specific
details. Most sorting AAVs have this feature, but we also believe that some AAVs for
the algorithm analysis chapter can be enhanced with more coloring.

Some students mentioned that AAVs should be more detailed by having more steps
(i.e., slides). We are concerned that AAVs are detailed enough, such that adding more
slides to them may affect them negatively. On average, an AAV has about 10-15 slide
which we believe is a reasonable number to hold students’ attention.
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Only 8% of the students expressed negative feedback about AAVs. Here are some quotes of
student feedback when asked to express their opinion about whether AAVs helped them in
understanding algorithm analysis concepts:

“No it didn’t really stick well in my head”.

“No because the graph isn’t way clear’.

“I felt that these are less helpful than how an algorithm works. This is because they
often relied on the difference between O, Omega., and Theta that I was not confident
with.”

“No. Only for the algorithm itself.”

“The visualizations for algorithm analysis didn’t really help me. I just understand the
concept and was able to set it from the text.”

e “Somewhat — these concepts were still very abstract and I had a hard time under-
standing them even with the graph visualizations. It would have been helpful for me to
have a more concrete metaphorical comparison to understand the concept of bounds”.

As we see from the quotes, it may be obvious that the problem is not in AAVs per se, but
it is mainly in the concept itself except for the student who stated that the graphs were not
clear.

85% of the students still found that algorithm dynamics concepts are easier than algorithm
analysis concepts. Accordingly, AAVs didn’t change the opinion of students about the diffi-
culty of algorithm analysis topics. 74% of those students more comfortable with dynamics
attributed this to the material itself, while 26% of them attributed this to the presentation.
Even after AAVs, 26% of the students still believe that the dynamics concepts are better
presented than analysis concepts in OpenDSA. One explanation to this is what was stated
n [10], that visualizations appear better able to explain a dynamic evolving process as they
help viewers to track patterns and observe relationships. This is the case for procedural
dynamics, as an algorithm is intrinsically a dynamic process that evolves over time and im-
poses some changes on a data structure. But for a visual proof, this is not exactly the case.
A proof is not a dynamic process, but rather it is a sequence of arguments that collectively
validate or refute a given hypothesis. This is why it was stated in Chapter [1| that designing
A AVs is more challenging than AVs. Accordingly, we believe that despite the fact that AAVs
are found by most of the students to be helpful, they will still find AVs better as they are
depicting intrinsically dynamic processes. As most of the students gave positive feedback on
AAVs, we believe that the second hypothesis from our evaluation protocol is supported.

5.5 Evaluating Student Performance

Measuring student learning gains made with technology is a difficult endeavor [18]. How-
ever, we believe that introducing AAVs to OpenDSA will help greatly in enhancing the
effectiveness of the modules. The reason behind this belief is stated in Carroll’s time-on-task
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hypothesis, that the longer a student spends engaging with the learning material, the more
opportunities the student has to learn [12]. In order to evaluate AAVs in terms of student
performance, we offered the pilot AACI as described in Appendix [B] to both our control
(Fall 2015 without AAVs) and intervention (Spring 2016 with AAVs) groups as part of their
final exam. In our initial evaluation, we preferred not to adopt the traditional pre/post test
approach for two reasons:

1. Offering a pre-test at the beginning of a class and a post-test at the end of the class
has a high cost, as most instructors are reluctant to waste a significant portion of their
lecture’s time.

2. We don’t believe that a post-test is an actual measure of student performance as the
students typically take the post-test one or two weeks before the final and they may
not be well prepared. In addition, typically the pre- and post- tests are very similar (in
order to correctly calculate the learning gain). This may impose a problem as now the
students may remember the questions from the pre-test and know the correct answers
for them to be able to answer it correctly in the post-test.

Based on this, we evaluated the effect of AAVs based on student performance in the algorithm
analysis part of the finals to avoid these two problems. The final in both Fall 2015 and Spring
2016 was divided into two sections, one for general CS3 concepts and the other dedicated to
algorithm analysis. The whole test time was 2 hours for both groups.

Only similar items were compared in both groups, for a total of 27 items. For the purpose of
this study, each question worth one point, as we seek a comparison in student performance
within each concept addressed by the items. We believe that this will measure the actual
student performance in the algorithm analysis concepts presented in the course as each item
is designed to target one or more concepts based on student misconceptions as revealed
from Chapter [dl Table shows the results from comparing the performance of the Spring
2016 group on the algorithm analysis part of the final, to the performance of the Fall 2015
group taking the same set of questions. Note that the results from the table are to the level of
concepts, as for some concepts (Analyzing loops, Relative Growth Rates) we did not provide
any AAV in OpenDSA. Accordingly, we want to see the difference in performance in those
concepts for which AAVs were provided and also for those concepts where AAVs were not
provided. In addition, Table [5.9 shows the effect sizes of the differences found in Table [5.8]
calculated using Cohen’s d for different sample sizes [32] (also known as Hedges g).

It is clear from Table [5.8] that Spring 2016 students have significantly better scores on the
whole set of questions than Fall 2015 students. In addition, for only those concepts presented
using AAVs, Spring 2016 students have better performance. Both groups have similar per-
formance in those concepts not supported by AAVs. Furthermore, results from Table [5.9
indicates large effect sizes of roughly one standard deviation for the difference between both
groups supporting the results from Table [5.8] This supports the third hypothesis in the
evaluation protocol.
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Table 5.8: Comparing student grades in the algorithm analysis part of the final from Fall
2015 (N = 67) Vs. the student grades in the same part from Spring 2016 (N = 155) using a
Mann-Whitney test. Concepts not supported by AAVs as well as insignificant p-values are
italicized.

Concept(s) #Items  Mean Score Median Score  p-value
Control Test Control Test
Relative Growth Rates 8 5.73 5.72 7 7 0.7470

Upper, Lower, and tight bounds 7 3.13 4.76 2 5 < 0.0001
Problem Upper and Lower Bounds 3 0.65 1.98 0 2 < 0.0001
Best, Average and Worst Cases 5 3.44 4.38 4 5 < 0.0001
Analyzing Loop Constructs 4 3.104  3.109 3 3 0.6697
All 27 16.07  19.97 16 20 < 0.0001

Table 5.9: Effect sizes of the difference in grades between Fall 2015 and Spring 2016 students
calculated using Cohen’s d for different sample sizes. Concepts not supported by AAVs are
italicized.

Concept(s) Effect Size
Relative Growth Rates -0.005
Upper, Lower, and tight bounds 0.892
Problem Upper and Lower Bounds 1.239
Best, Average and Worst Cases 1.012
Analyzing Loop Constructs 0.005
All 0.964

On the surface, it might appear that these results refute Naps, et al.’s hypothesis regarding
the “Viewing” versus the “no-viewing” levels of engagement [62]. Naps, et al. stated that,
“Viewing results in equivalent learning outcomes to no visualization”. From our engagement,
satisfaction, and performance evaluations, we found that AAVs (the viewing level) provided
higher engagement, better student learning experience, and better performance compared to
traditional textual content (the no-viewing level). An important distinction to make here is
that we are not really comparing learning from prose against learning from AAVs. We are
actually comparing an eTextbook environment where students are offered prose descriptions
versus an eTextbook environment where students are offered a visual presentation of the
same material. We don’t know what the results would be if the time spent with the textual
discussion was similar to that spent with AAVs (i.e., both content were engaging to students).
What we do know is that approximately 75% of students appear to skip viewing the prose
version, while only approximately 30% of students appear to skip the visual presentation,
and that the overall average time spent is greater for the visual presentation. Accordingly, we
do not conclude from the results we have that the “no-viewing” versus “viewing” hypothesis
does not hold. Instead, we conclude that AAVs are more engaging in practice to students
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than the equivalent prose presentation.

5.6 Threats to Validity

As mentioned in the previous section, AAVs were evaluated in terms of student scores in
their final exam for those questions related to algorithm analysis. One of the main threats
to the validity of this evaluation is that we didn’t account for any difference that may exist
in the students’ pre-knowledge between the control and intervention groups. Comparing the
student scores in a pre-test for both groups may have served in overcoming this problem.
However, we do not believe that there is any difference in the pre-knowledge between both
groups as the students are taking the same course CS3114 and they are all required to take its
pre-requisites CS2114 (Software Design and Data Structures) and CS2104 (Introduction to
problem solving). Based on this we do not believe that there is anything different that may
make one group have more pre-knowledge than the other group. In addition, we performed
a detailed comparison between both groups based on some demographic information. We
were able to collect demographic information from 150 students during Spring 2016 and 46
students during Fall 2015. Results are shown in Table [5.10

Table 5.10: Comparing the demographic information of students from Fall 2015 (N = 46)
to the same information from Spring 2016 (N = 150). The p-value is calculated from a two
sample proportion test.

Demographics N Proportion p-value
Fall 2015 Spring 2016 Fall 2015 Spring 2016
Gender
Male 39 125 0.847 0.83 0.8181
Female 7 24 15.3 16 0.8965
Other 0 1 0 0.0066 0.5754
Ethnicity
White 28 91 0.608 0.606 0.9840
Asian 16 45 0.347 0.3 0.5418
Hispanic 0 6 0 0.04 0.1675
African-American 1 5 0.021 0.033 0.6891
Other 1 3 0.021 0.02 0.9442
First Generation Student
Yes 3 27 0.066 0.18 0.0587
No 43 123 0.934 0.82 0.0587

As we see, it is clear from the table that both groups have similar proportions regarding
the gender and ethnicity with no statistically significant difference. However, we see some
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difference in the proportions for first student generation, however, this difference is not
statistically significant.

In addition, we did conduct pre-tests for students during both Fall 2014 (identical content
to Fall 2015) and Spring 2016 (intervention group). We found that the Fall 2014 and Spring
2016 groups had pre-test results that were not significantly different, based on a Mann-
Whitney test (p = 0.1727). Based on this, we believe that Fall 2015 control group and
Spring 2016 intervention group are similar in the sense that there is no reason to worry
about any difference in student pre-knowledge between both groups. Since we gave a pre-
test to the intervention group, but not the control group, a reasonable concern is that the
act of taking the pre-test itself becomes an intervention that affects the final outcome. This
appears not to be the case, since as described above, the intervention group’s scores on
the final exam were significantly improved only for the three topics that were addressed by
AAVs, and not for the two topics not addressed by AAVs. If taking the pre-test had affected
performance on the final exam, then all topics would have been affected to some degree.

Another issue of concern is whether other factors caused the differences between the groups
in the time spent on the algorithm analysis material or performance on the final exam. One
factor could be that different instructors taught the course in Fall 2015 and Spring 2016.
However, they used the same material and the same textbook (i.e., OpenDSA) for the course.
The only difference was using AAVs in Spring 2016. Accordingly, we do not believe that
this had a major contribution in the difference between both groups. Our belief here is
supported by two points. First, our performance evaluation results indicate that students in
Spring 2016 have better exam scores only on those concepts presented with AAVs. If there
is any contribution by instructors, then we would expect a difference in the other concepts
as well. Second, the Spring 2016 instructor also taught the course during Fall 2014. In
Fall 2014, the algorithm analysis material was identical to Fall 2015 material (no AAVs).
We have conducted an analysis similar to the one presented in Section [5.3] We compared
the level of engagement of Fall 2014 students in the algorithm analysis material to the level
of engagement of Fall 2015 students. This was done for OpenDSA sorting and algorithm
analysis introductory modules. We found that for all modules there is no significant difference
(p > 0.05) in the total time spent in the algorithm analysis material between Fall 2014 and
Fall 2015 students. The only exception was for the “Problems, Algorithms, and Programs”
module in which we found that Fall 2014 students spent significantly more time reading the
algorithm analysis material presented in the module (p = 0.0004). This indicates that if
there is any effect attributed to the instructors, it may be only for this module. This module
presents the basic definitions of a problem, algorithm, and a program. These definitions were
not tested in the final exam used for our performance evaluation. Accordingly, we don’t see
an effect from this module on student scores. This indicates that AAVs are the major factor
contributing to both greater student time spent and improved student performance.

Another concern is related to a change in OpenDSA infrastructure. Prior to Spring 2016,
OpenDSA had little support to reduce the act of students gaming OpenDSA exercises.
Examples of student gaming include, abusing the use of hints and trial-and-error to find the
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correct answer to hard exercises. In addition, when faced with a hard exercise, students
could just refresh the page to get another question. This process could be repeated until the
student receive a question that he can answer. Starting from Spring 2016, the OpenDSA
infrastructure was updated such that when a student refreshed a page containing an exercise,
the exercise question is not changed until he answers it correctly. This may have an effect
on the student’s learning experience and most importantly, the time spent in OpenDSA
modules. However, we believe that if this change has any effect on the time spent in modules,
it will be only for those credit seekers. When a credit seeker student opens a module, he
jumps directly to the module exercises to secure his credit without learning the content
presented in the module. In the old infrastructure, the student can just refresh the page
several times until he gets an easy question. But, with the new infrastructure available,
credit seekers may be forced to read the content to be able to answer the exercise as it will
never be changed with refreshing the page. However, those credit seekers can still use trial-
and-error to know the correct answer for a hard exercise. They can memorize the correct
answer they got from the first attempt and answer the question correctly when the KA
framework picks the question again. Accordingly, we don’t believe that this threat has any
major effect on the time spent or student performance.

A final issue is related to excluding students with outlier time spent from both control and
intervention groups as described in Section [5.3] It may be the case that students with such
behavior did some meaningful interaction with the content first, and then left the browser
opened and went somewhere else. In the analysis done, we ignored the data from all students
with such behavior. However, by doing so, we are also ignoring some true time spent (the
time before the student left the browser). We don’t believe that this is a major problem that
can affect the results of the evaluation, as this behavior was detected from students in both
the control and intervention groups with similar rates.



Chapter 6

Conclusions and Future Work

AAVs were found to be more engaging in that intervention group students spent more time
interacting with them than control group students spent with the corresponding textual
discussion. The difference was significant for all OpenDSA modules containing AAVs. The
majority of the surveyed students (83%) mentioned positive feedback about the ability of
AAVs to help them understand the algorithm analysis topics. However, a significant pro-
portion of students gave at least one idea for improvement.

Given the engagement evidence from analyzing OpenDSA log data and the satisfaction
evidence from the survey, we expected to see improved exam scores for the intervention
group on the algorithm analysis part of the final exam. The scores for the intervention group
students were significantly higher than the scores for the control group students, with large
effect sizes of roughly one full standard deviation. Equally important, we also found that this
improvement is only found on those questions addressing topics that were presented using
AAVs. On other algorithm analysis questions that were not related to content presented
using AAVs, there was no statistically significant difference between exam scores for the two
groups. Accordingly, we believe that AAVs were a major contributor to this improvement.

Most students surveyed from the intervention group (85%) indicated that algorithm dynamics
concepts are easier for them to understand than algorithm analysis concepts despite the use of
AAVs. Control group students reported the same, in the same proportion. So AAVs did not
change the students’ opinion about the relative difficulty of algorithm analysis topics. Some
students from Spring 2016 attributed the difficulty of algorithm analysis topics to the style
of presentation. Even with AAVs, 26% of students still believe that the dynamics concepts
are better presented than the analysis concepts in OpenDSA. As both are presented visually,
this may indicate that students like AVs more than AAVs. One explanation for this is that
visualizations appear better able to explain a dynamic evolving process as they help viewers
to track patterns and observe relationships [10]. An algorithm is intrinsically a dynamic
process that evolves over time and imposes some changes on a data structure. A run-time
proof is not a dynamic process, but rather it is a sequence of statements that collectively
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validate or refute a given hypothesis.

Here we describe some directions to further explore the effectiveness of AAVs and to further
develop the AACI.

6.1 More AAVs

We developed AAVs to visually present run-time proofs for the main sorting algorithms
and the basic introductory concepts of algorithm analysis. Having proved to be effective
in terms of student engagement and performance, we believe that more AAVs should be
implemented and evaluated for other topics. Other topics that we believe can be targeted
by AAVs include:

e Relative growth rates of simple mathematical functions.
e Analyzing loop constructs.

e Binary-tree traversals.

e Graph traversals and shortest-path algorithms.

In addition, students’ suggestions presented in Section for improving AAVs as indicated
from the survey should be carefully studied and addressed.

6.2 Evaluating AAVs based on student demographic
information

We believe that further evaluation studies should be done for AAVs, taking into consid-
eration the differences that may arise from student demographics (gender, ethnicity, first
generation student) and majors (not all of the students taking CS3114 are CS majors). The
reason behind conducting these evaluations is to identify those groups who get the highest
benefit from AAVs regarding student engagement, satisfaction, and performance. A quasi-
experiment similar to the one described in Chapter [5[ should be conducted and comparisons
should be done to the level of subgroups, similar to what was done in [51].

6.3 Evaluating AAVs at multiple levels of engagement

So far, all AAVs fall into the viewing level of student engagement according to the engagement
level taxonomy defined in [62]. AAVs merely turn a textual discussion into a series of
visual presentations that the user can view sequentially by using the forward and backward
controls. The quasi-experiment described in Chapter [5| compared the student engagement
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and performance between the no-viewing (no AAVs) and viewing (AAVs) levels. A careful
investigation is required to see whether AAVs can be extended to further levels of engagement
(i.e., Responding, Changing, and Constructing, defined in [62]) as was done for traditional
AVs.

To support the Responding level of engagement, students should be interrupted with ques-
tions about the presented concept(s) while viewing the AAVs. We believe it may be relatively
easy to support this level in AAVs. The JSAV library has support to create simple questions
and integrate them with AAVs.

To support the Changing level, the student should be able to change the underlying data
structure and run the AAV on it. This is challenging as AAVs do not simulate the procedural
dynamics of an algorithm, but rather a proof. Accordingly, to support the changing level,
the AAV should create a proof dynamically to work on the changed data structure. This can
be relatively easy for those AAVs relying on the Area-to-Cost principle. For example, the
Insertionsort worst-case analysis AAV presented in Figure can be modified to allow
the student to provide his own array input. The AAV then should create a similar shape by
adding the right number of rectangles corresponding to the size of the array provided by the
student.

To support the construction level, the student should be able to construct his own AAV. We
believe that the JSAV library is handy for students to use and implement their own AAVs.
Another way to support the Construction level is through Proficiency Exercises (PEs). In
a PE, a student is presented with a visual depiction of a data structure state and he is
required to interactively manipulate the data structure simulating the execution of a specific
algorithm. Creating PEs for algorithm analysis is hard, as there is no dynamic process to
simulate.

6.4 Alpha AACI

In Chapter 4l we described initial steps towards developing a CI for C3-level algorithm anal-
ysis topics. Our pilot AACI did a good job in revealing students’ misconceptions expressed
through their responses. For misconceptions M1 to M4 , we didn’t find enough evidence from
students’ responses, but still some students are holding these misconceptions. We removed
M2 from the misconceptions list. In addition, we believe that better items are required
to detect misconception M17. This misconception is related to the ability of students to
differentiate between the best, average, and worst cases of algorithms.

The pilot AACI items have now received face validity by our Delphi experts, and they did
a good job in detecting various students’ misconceptions in initial testing. In addition, the
pilot AACI was found to be a reliable instrument as indicated from a Cronbach’s-alpha
reliability coefficient of 0.82. We are planning to administer the prospective alpha-AACI
in several different universities to be able to validate it and test its reliability. In addition,



student interviews should be conducted for better validation of the misconceptions list.
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Appendix A

Algorithm Analysis Visualizations

A.1 General Algorithm Analysis AAVs
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Figure A.1: Closed form solution for summation 1 to N.
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When i = 4, this adds 16 to the summation. Represent this by 16 rectangles.

4
N2 —1+2+448+16

i=0
i=0
t—1
i=2
i=3
i=4
Figure A.3: Closed form solution for the summation Y7 2°

5/8 (<) *a () ( ">>“;. )

A P .l iy / A 4

We replace a problem of size n — 3 with 1 unit of work plus a subproblem of size n —4
T(n) =1+ (14 (1+(1+T(n-4)))

(OO - @

Figure A.4: Unrolling the recurrence T'(n) = T'(n — 1) + 1
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We replace a preblem of size n — 3 with n — 3 units of work plus a subproblem of size n — 4.
T(n)=n+(n—1+(n—2+(n—3+T(n—4))).

O O () e () R ()

Figure A.5: Unrolling the recurrence T'(n) = T'(n — 1) +n

5/8 N . o g oy
| << ) | =< | | = ) | == ) @
- N N A N

For a problem of size n/8, we have 1 unit of work plus the amount of work required for one subproblem of

size n/16
O(n) =1+ (1+(1+ (1 +6(n/16)))

0 0 O =

Figure A.6: Unrolling the recurrence T'(n) = T'(n/2) + 1

8/ 12 S e N w oy Q

Now, put the nt* line back.
This splits the plane into two half-planes, each of which (independently) has a valid two-coloring inherited

from the twe-coloring of the plane with r —1 lines.

Half Plane 1

nt* line

Half Plane 2

Figure A.7: Proof by Induction example
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Here we present the sequential search algorithm implemented as a Java function.

Target key = 7 ——

Program

static int sequential(intf] A. int K) { |Found | =3

for (int i=1; i<A length; i++)
if (All] == K)
return i
return A length;

}

Figure A.8: Problems,

11711 ik o

Algorithms, and Programs

v
Q

However, no matter what array of size n that the algorithm looks at, its cost will always be the same in
that it always looks at every element in the array exactly one time.

[Keyl ‘ Key?2 ‘ Key3 ‘ Keytl]—

[Keyl | Key2 | Key3 | Key4 ‘ keyS]—

Sequential Search

Sequential(A: array)
maxindex = 1;
for i = 2 to arraySize(A) do
if A[l] > Almaxindex]
maxindex = i
return maxindex

Figure A.9: Best, Average, and Worst Cases 1

QA
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Putting things all together...
k
[ 4 ‘ 9 | 6 | 3 ‘ 10 | 2 | 5 J Best Case. A single comparison is performed.
0 1 2 3 4 5 6
k
[ 4 ‘ 9 | 6 | 3 ‘ 10 | 2 | 5 J Worst Case. n comparisons are performed.
0 1 2 3 4 5 6
[ 4 ‘ 9 | 6 | 3 ‘ 10 | 2 | 5 J Average Case. [3] comparisons are performed.
0 1 2 3 4 5 6
Figure A.10: Best, Average, and Worst Cases 2
17/ 17 "N N 7 N N F;

[ << ] [ =< )

Accordingly, the correct way to ask the question is:
What is the upper bound of sequential search in the best/average/worst case?

And the answer should be...

K

KX

0 i 2 3 4 5

©

]

|
—
=

‘ 2 ] 0(1) in the Best Case.

[3 ‘ 10‘ 8 | . | 11| 1 ‘ J O(n) in the Worst Case.

6
K

2

6

[3 ‘ 10 ‘ 8 | 7 | 1J_| il ‘ 2} O(n) in the Average Case.
0 il 2 3 4 5 6

Figure A.11: Upper Bounds Definition
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To summarize: What is the lower bound of sequential search in the best/average/worst case?

=

| 10 ] 0Q2(1) in the Best Case.
6

R
o
o]
o
(&
B
N

=1
=
]
w
s
w

K

A\

| 1 | 10} (n) in the Worst Case.

0 1 2 3 4 5 6

[8 | 9 | 151 | 4 | 73 | 1 | 1DJ f2(n) in the Average Case.
0 1 7 3 4 5 6

Figure A.12: Lower Bounds Definition

16 /.16

o

This is why we must always say that function f(n) is in O{g(n)) in the best, average, or worst case. If we
leave off which class of inputs we are discussing, we cannot know which cost measure we are referring to
for most algorithms.

Cost Cost Cost

Figure A.13: Cases Versus Bounds
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Therefore, the best case running time of insertion sort is 8(n).

static <T extends Comparable<T>> void inssort(T[] A) {
for (int i=1; i<A.length; i++) // Insert i'th record
for (int j=i; (j»@) && (A[]].compareTo(A[§-1]) < @); J--)
swap(A, j, j-1);

Figure A.14: Insertionsort Best-case running-time analysis

5/8 a TN A N j
/ [ =< [ =) [ =) | =) O

This could be 0, or 1, or 2, or anything up to i. On average, it is i/2 positions out of order.

[ﬂ.] 1 | _‘i-}

o)

static <T extends Comparable<T>> void inssort(T[] A) {
for (int i-1; i<A.length; i++) // Insert i'th record
for (int j=i; (j>0) && (A[j].compareTo(A[j-1]) < ©); j--)
swap(A, j, j-1);

Figure A.15: Insertionsort Average-case running-time analysis
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Therefore, the worst case running time of Bubble sort is 8(n?).

i
=
|
—
'

i

i=0 =1 i=2 i=3 i=4
| n—1 \
static <T extends Comparable<T>> void bubblesort(T[] A) {
for (int i-e; i<A.length-1; i++) // Insert i'th record
for (int j=1; j<A.length-i; j++)
if (A[j-1].compareTo(A[]j]) > @)
swap(A, -1, i);

Figure A.16: Bubblesort running-time analysis

220

O

i =i
Thus, the number of comparisons is determined by the equation Zi: n(nz ) and hence, the number of
=0

comparisons is #(n*), while the number of swaps is #{n)

Number of Comparisons Number of Swaps

et — 1 |

Figure A.17: Selectionsort running-time analysis
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Each such pair must either be an inversion in L or in Lg.

Here in the example, 3 comes before 4 in the original list, and 4 comes before 3 in the reverse list.

e | oy |0 | )

. | 2.) (2

L Lr

lal:]2)

anEme

Figure A.18: The cost of Exchange Sorting analysis

10/ 10

int partition(Comparable[] A, int left, int right, Comparable pivot) {
while (left <= right) { // Move bounds inward until they meet
while (A[left].compareTo(pivot) < B) left++;
while ((right >= left) && (A[right].compareTo(pivot) »>= @)) right--;
if (right > left) swap(A, left, right); // Swap out-of-place values

}

return left; // Return first position in right partition

z
¥

%)

Figure A.19: Quicksort Partition running-time analysis
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Therefore, the worst case running time of Quicksort is 8(n?)

| | Amount Of Work
T
| Alpivot| |
)
s n—1 | n—1 B
| > Alpivot] |
| % n—2 | n—2
[ > Alpioo] | A
=
| % n—3 | n—3

!

Figure A.20: Quicksort Worst-case running-time analysis

12/ 12 7N N ¥ k.
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B A, A - A 4

By solving this recurrence, we will have that quicksort's average running time is §(nlogn)

T(n) —cn + % N IT(k) + T(n —1 - K)]
) L

et L | n—1—k |
| nivutl

1 |
1 n 1

Figure A.21: Quicksort Average-case running-time analysis

5/ 12 e SR T R '
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\ ; \ / \ /
4 b - b - e

In the worst case, siftdown will push the root node towards the current last position in the heap

P O
ﬁ&ﬁ&ﬁ&ﬂ&

Figure A.22: Heapsort running-time analysis
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The third inner loop sets the values in the input array to their proper indices within the output array. This
requires a single pass over the count array that takes r units of waork

. z ! static void radix(Integer[] A, int k, int r) {
(1o & [78]68]89]25]79]83]82]60]88]35) e h e i it
(i T L W T T S ¢ VL R £ int[] count = new int[r];

int i, j, rtok;
for (i=8, rtok=1; i<k; i++, rtok*=r) {
| - | for (j=@; j<r; j++)
count[j] = @;
[1 | 1 | = ‘ e ‘ = ‘ H ‘ 2 | z | J |ll] for (j=é?]j<n.length; Jj++)
0 1 2 4 78 count[(A[j]/rtok)kr]++;
count[@] = count[@] - 1;
for (j=1; j<r; j++)
count[j] = count[j-1] + count[]j];
for (j=A.length-1; j>=8; j--) {
B[count[ (A[j]/rtok)%r]] = A[]];
count[(A[]/rtok)%r]--;
b
for (j=0; j<A.length; j++) A[j] = B[il;

Figure A.23: Radixsort running-time analysis



Appendix B

The Algorithm Analysis Concept

Inventory Items

Here, we present out initial AACI items as administered in Virginia Tech (VT) and Christo-
pher New Port (CNP) during Fall 2015 and Spring 2016. The concept each question targets
is displayed in parenthesis next to the question number. Each question’s rubric is displayed
below indicating the misconceptions associated with each wrong answer.

B.1 CNP Fall 2015, VT Fall 2015, and CNP Spring

2016 administrations

e Iteml: ((C22)

Below are two Java functions to compute (zV)?.

Function A

public int TwoPowers(int x, int vy,
int z) {
int i, result = 1;
for (i = 1; i <=y * z; i++) {
result *= x;
}

return result;

}

104

Function B

public int TwoPowers(int x, int vy,
int z) {
int i, result = 1, finalResult = 1;
for (i = 1; i <=y; i++) {
result *= x;
}
for (i = 1; 1 <= z; i++) {
finalResult *= result;
}

return finalResult;

}



Which function, A or B, do you think usually runs faster? Justify your answer.

(a) Function A usually runs faster.
(b) Function B usually runs faster.

(c) Both functions take about the same amount of time.

Table B.1: Item 1 Rubric.

task

Answer | Justification Misconception

(a) Algorithm A is simpler and has less M1
code
Algorithm A has fewer variables than M2
Algorithm B
Algorithm A has a single loop, while M16
Algorithm B has two loops

(b) Algorithm B runs in O(y + z), while correct
Algorithm A runs in O(y * z)

(c) Both algorithms are doing the same M4

105



e Item?2: ((C22)

106

Below are two functions to raise the product of the elements of an array of integers to

the power of y.

Function A Function B
public int RaiseByY(int [] arr, public int RaiseByY(int [] arr,
int y) { int y) {
int result =1, i, j, mul; int result =1, i, j, mul;
for(i = 0; i < arr.length; i++) { mul = 1;
mul = 1; for(i = 0; i < arr.length; i++) {
for(j = 0; j <y; j++) { mul *= arr[i];
mul *= arr[i]; +
} for(j = 0; j <y; j+t) {

result *= mul;

}

return result;

}

}

}

result *= mul;

return result;

Which function, A or B, do you think usually runs faster? Justify your answer.
(a) Function A usually runs faster.
(b) Function B usually runs faster.
(c¢) Both functions take about the same amount of time.

Table B.2: Item 2 Rubric.

Answer | Justification Misconception
(a) other
(b) Algorithm A has two nested loops | correct
with an overall running time complex-
ity of O(n x y), while Algorithm B has
an overall running time complexity of
O(n+y)
(c) Both Algorithms have the same state- | (M3
ments or number of statements
Both Algorithms are doing the same | (M4
task
Both algorithms have the same number | (M16
of loops
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e Item3: (C11)) (C12) (C13)
Mark all statements below about the upper, lower, and tight bounds of an algorithm
as True or False. For each false statement, either correct it or state why it is false.

(a)

The upper bound of an algorithm is the growth rate that the algorithm has in its
worst case.

The lower bound of an algorithm is the growth rate that the algorithm has in its
best case. (C12))

When we know the exact running time for an algorithm in the worst case, then
the worst case upper and lower bounds for the algorithm will always be the same.
(C13))

An upper bound to the running time of an algorithm in the worst case is any
function that is always equal to or greater than the running time of that algorithm
in the worst case. (C11])

A lower bound is the least amount of a time that the algorithm needs for an input
of size n. This can be found for the algorithm’s best, average, or worst cases.
(C12])

O is the notation used to describe the amount of a time required by the algorithm

in the average case. (C13])
We use the Big-O, and Big-{) notations to model the running time of an algorithm

in its worst, and best cases respectively. (C11))(C12)



Table B.3: Item 3 Rubric.

Part | Answer | Correction Misconception
(a) True (M7)
False Upper bound shouldn’t be confused | correct
with worst case
False other other
(b) True (M8)
False Lower bound shouldn’t be confused | correct
with best case
False other other
(c) True correct
False (]M5[) or other
(d) True correct
False (]M5D or other
(e) True correct
False Mb5|) or other
(f) True MO
False O is used as a notation for tight bounds. | correct
The shouldn’t be a confusion between
tight bounds and average cases
False other other
(2) True (M7) and (M8)
False Big-O and Big-() are notations used for | correct
upper and lower bounds respectively.
False other other

e Item4: ((C21)

The sequential search algorithm takes an array of integers and a target value. It
searches for the target value within the array and returns its index if it is found, or
returns the size of the array if not found. For each case below write whether that case
is the best or worst case of the algorithm. You can answer ”None” if you feel that the

example is neither the best nor worst case for the algorithm. Justify your answer.
(a) The target value is located near the front of the array.

) The input array contains only a single element.

) The input array is very large.

)

(b
(c

(d) The target value is located near the end of the array.
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Table B.4: Item 4 Rubric.

Part | Answer Misconception
(a) Best Case | correct
Worst Case | (M17]
None M17]
(b) Best Case M10
Worst Case | (M17]
None correct
(c) Best Case M17
Worst Case | (M10
None correct
(d) Best Case | (M17)
Worst Case | correct
None (]Ml?[)

e Itemb: (|C16) (C17) (C18)

109

Mark all statements below about the upper and lower bounds of problems as True or

False.
Justify your answer.

(a) The upper bound for the sorting problem is defined as the cost of the best algo-
rithm we know in the worst case.
(b) The lower bound of the sorting problem is defined as the cost of the best algorithm
we know in the best case.
(c) For the sorting problem, the upper bound is defined as the running time of the
best algorithm we know, while the lower bound is defined as the least amount of

time that any algorithm could require. (C16|) (C17))
(d) The lower bound for the sorting problem can be defined as the best growth rate

of one of the algorithms that solve the problem. (C18))



Table B.5: Item 5 Rubric.

110

Part | Answer | Correction Misconception
(a) True (M7)
False Problem upper bound is defined as the | correct
cost of the best algorithm solves the
problem we know about. Upper bounds
shouldn’t be confused with worst cases
False other other
(b) | True (MS)
False Problem lower bound is defined as the | correct
least cost that any algorithm solves the
problem could reach. Lower bounds
shouldn’t be confused with best cases
False other other
(c) True correct
False M5[)
(d) | True M11))
False Problem lower bound shouldn’t be con- | correct
fused with algorithm lower bound
False other other
e Item6: ((C22)
Provide the running time for the following code snippets in terms of n.
(a) for(i = 1; i <= n; i++)
for(j = 1; j <= n/2; j++)
System.out.print(i*j);
(b) for(i = 1; i <= n; i++)
for(j = 1; j <= 1; j++)
System.out.print (i*j);
(¢) for(i = 1; i <= n; i++)
for(j = 1; j <= n; j=j*2)

e Item?7: (C10) (C11) (C12) (C13) Suppose that f(n)

System.out.print (i*j);

= /nlogn, g(n) =

n, and

h(n) = 2". Mark all the statements below as True or False. Justify your answer.

(a) f(n) e
(b) g(n
(c) h(n
(d) g(n) €

) € O(f
) € Qg
)€ O(f

O(g(n)) H C10) (C1T

(n) C10) (C11
(n)

) (€
)
)

.

C10) (C12

(n)) (C7 - C13)




Table B.6: Item 6 Rubric.

Part | Answer Misconception
(a) | n%/2 correct
n"/2 (M14) or (other)
nlogn New Misconception. They think that
running the loop to half of the input
size will contribute to a logarithmic
running time
(b) "(n;l) or O(n?) | correct
n! (M14) or (other)
(c) nlogn correct
% (9E)
Table B.7: Item 7 Rubric.
Part | Answer | Justification Misconception
(a) True f(n) < ecg(n)¥n > 4 and | correct
c=1/2
True other M6
False other M6
(b) True other M6
False You cannot find ng and ¢ | correct
such that g(n) < c¢f(n)vn >
)
False other (]MG[)
(c) True h(n) > cg(n)¥n > 4 and | correct
c=2
False You cannot find ng and ¢ | (M6
such that h(n) > cg(n)vn >
)
False other M6
(d) True other M6
False We don’t have both | correct
f) = Olg(n) and
g(n) = O(f(n))
False other (]M6[)
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o ItemsS:

Which of the following statements is true?

(I) The ratio n/nlog,n is the same as nlog, n/n?.
(IT) The ratio log, n/n is the same as n/2".
(a) (1) Only.
(b) (II) Only.
(c) (I) and (IT).

(d) Neither (T) nor (II).

Table B.8: Item 8 Rubric.

Part | Answer | Misconception
(a) True (M12) and (M13)
False correct
(b) True correct
False M12) or QM 13[)
(c) True M12
False correct
(d) True (M13)
False correct

e Item9: (C10) (C11)) (C12) Look at the following figure and then fill in the blanks
with the appropriate asymptotic notation (O, €2, or ©).

(a) f(z) € (9(x))
(b) f(z) € (h(z))
(c) h(z) € (9(2))

[ (=)

Figure B.1: Functions f(x), g(x), and h(x)



Table B.9: Item 9 Rubric.

Part | Answer Misconception
(a) f(z) = Q(g(x)) | correct

f(x) = O(g(x)) | (M5) or (M6)
(b) f(x) =Q(h(zx)) | correct

(z) = O(h(x)) | (M5) or (bIE)
(c) h(xz) = O(g(x)) | correct

() = Qlg(x) | (M) or ()

e Ttem10: (C24) (C20)
Suppose that you have an array of n records to sort. Which of the following sorting
algorithms is the best choice of the four:

(a) Insertionsort, (b) Heapsort, (c) Quicksort, (d) Mergesort

Given the following two considerations:
(i) The array is so big that it nearly fits your available memory (so you are not
allowed to use a lot of extra space), and

(ii) You want the algorithm with the fastest worst case running time.
Justify your answer.

Table B.10: Item 10 Rubric.

ning time which is faster than both
quicksort’s and insertionsort’s worst
case running time of n?. We cannot
use mergesort here since the array is
nearly fitting the memory and merge-
sort needs an auxiliary array of size n

Part | Justification Misconception
(a) — IM17| or other
(b) Heapsort has an nlogn worst case run- | correct

other

M17|or other

M17|or other

M17|or other

B.2 VT Spring 2016 administration

113

In VT Spring 2016 administration, the same questions described in the previous section
were used. However, there were some changes to some of the questions. Here we show
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only those questions found in VT Spring 2016 administration that were not found in other
administrations.

e Item5: ((C16|) (C17) (C18)

Mark all statements below about the upper and lower bounds of problems as True or
False.
Justify your answer.
(a) The upper bound for the sorting problem is defined as the cost of the best algo-
rithm that we know. (C16)
(b) The lower bound of the sorting problem is defined as the cost of the best algorithm
that we know .
e Item10:
Consider these choices for algorithms:
(i) Insertionsort, (i) Quicksort, (iii) Mergesort
(a) Which is the fastest in the best case.
(b) Which is the fastest in the worst case.
(c) Which is the fastest in the average case.




Appendix C

Student Surveys

Here we include OpenDSA student surveys given at the end of Fall 2014, Fall 2015 (No
AAVs), and Spring 2016 (AAVs). We include only the parts of the surveys related to
Algorithm Analysis.

C.1 Fall 2014, 2015 Survey

CS3114 Data Structures and Algorithms
Fall 2014, 2015 Survey

We are conducting a study of your experiences and opinions regarding various pedagogical
innovations (such as OpenDSA) used in the course this semester. The principal investigators
for this study are Dr. Cliff Shaffer and Dr. Stephen Edwards. There is no risk for you to
participate in this study. The survey is conducted anonymously, and all data reporting
will be in aggregate form. You may ask questions about this research by contacting Dr.
Shaffer at (540) 231-4354 or shaffer@cs.vt.edu. For questions about your rights as a research
participant, contact Virginia Techs Office of Research Administration at (540) 231-6866.
Your participation is voluntary. If you do not wish to participate, simply do not fill out
the survey. You must be 18 or older to take part in this research. Thank you for your
participation.
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1. T understand algorithm analysis concepts presented in the course.
(a) Not at all confident
(b) Not confident
(c) Neutral
(d) Confident

(e) Very confident

2. Did you find OpenDSA useful for learning algorithm analysis concepts? Please explain.

3. Which is easier for you: understanding how an algorithm works, or determining the
asymptotic running time of an algorithm that you understand? Do you think the
difference in difficulty is intrinsic to the material, or driven by the style of presentation?

4. What do you think could be a good presentation technique that we can use to enhance
OpenDSA content on algorithm analysis? Do you think visualizations can help?

C.2 Spring 2016 Survey

CS3114 Data Structures and Algorithms
Spring 2016 Survey

We are conducting a study of your experiences and opinions regarding various pedagogical
innovations (such as OpenDSA) used in the course this semester. The principal investigators
for this study are Dr. Cliff Shaffer and Dr. Stephen Edwards. There is no risk for you to
participate in this study. The survey is conducted anonymously, and all data reporting will
be in aggregate form. You may ask questions about this research by contacting Dr. Shaffer
at (540) 231-4354 or shaffer@cs.vt.edu. For questions about your rights as a research par-
ticipant, contact Dr. Moore, Associate Vice President for Research Compliance, at (540)
231-4991 or moored@vt.edu. Your participation is voluntary. If you do not wish to partici-
pate, simply do not fill out the survey. You must be 18 or older to take part in this research.
Thank you for your participation.
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. How do you rate your proficiency in Mathematics necessary for your data structures
course? This would include things like Discrete Math topics, induction proofs, loga-
rithms, etc.

(a) very high

(b) high
(¢) moderate
(d)

)

—_

ow
(e) very low

. How confident are you about your understanding of the algorithm analysis concepts

presented in the course(i.e., upper bounds, lower bounds, Big-O, bounds for problems).
(a) Not at all confident

(b) Not confident

(c) Neutral

(d) Confident

(e) Very confident

. Did you find the algorithm analysis visualizations (those related to the running time
proofs, rather than the ones about how the algorithm works) useful for learning the
algorithm analysis concepts? Please explain.

. Which is easier for you: understanding how an algorithm works, or determining the
asymptotic running time of an algorithm that you understand? Do you think the
difference in difficulty is intrinsic to the material, or driven by the style of presentation?

. What do you think could be a good presentation technique that we can use to enhance
OpenDSA content on algorithm analysis? Do you think that the visualizations helped?



Appendix D

Student Interview Protocol

Individual Interview protocol for CS3114 Fall 2014

Introduction

e Signed consent form
e We are conducting these interviews to get perspectives from students at differing levels

of performance in the class. You were selected from the pool of students for whom we
still had Midterm 1 (so that we are able to discuss it with you).

Interview Questions

~

. What aspects you think are important to study related to algorithm analysis?
. What is your level of confidence about reading an algorithm and determining its asymp-

totic running time?

. What do you think about when asked to determine the best algorithm to use in a

particular situation?

Do you know the difference between the upper and lower bounds of an algorithm versus
the upper and lower bounds of a problem?

Do you find any difficultly in understanding the algorithm analysis sections in Open-
DSA? If yes, what features might give you a better understanding?

. What questions do you feel were hard for you?

What was your confidence level about your responses?
Do you think that you know this material any better now (since we are near the end
of the semester)?
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Appendix E

List of Publications

E.1 Papers

e Mohammed F. Farghally, Kyuhan Koh, Hossameldin Shahin, and Clifford A. Shaf-
fer. ”Evaluating the Effectiveness of Algorithm Analysis Visualizations.” Accepted at
the 48" ACM Technical Symposium on Computer Science Education, 2017.

e Mohammed F. Farghally, Kyuhan Koh, Jeremy V. Ernst and Clifford A. Shaffer.
Towards a Concept Inventory for Algorithm Analysis Topics.” Accepted at the 48
ACM Technical Symposium on Computer Science Education, 2017.

e Fouh, Eric, Mohammed F. Farghally, Sally Hamouda, Kyu Han Koh, and Clif-
ford A. Shaffer.” Investigating Difficult Topics in a Data Structures Course Using Item
Response Theory and Logged Data Analysis.” In Proceedings of the 9" International
Conference on Educational Data Mining, Raleigh, NC, 2016, pages 370-375.

e Fouh, FEric, Daniel A. Breakiron, Sally Hamouda, Mohammed F. Farghally, and
Clifford A.Shaffer. ”Exploring students learning behavior with an interactive etextbook
in computer science courses”. Computers in Human Behavior 41 (2014): 478-485.

E.2 Book Chapters

e E. Fouh, S. Hamouda, M.F. Farghally, and C.A. Shaffer, ” Automating Learner Feed-
back in an eTextbook for Data Structures and Algorithms Courses”. In Challenges in
ICT Education: Formative Assessment, Learning Data Analytics and Gamification,
Santi Caball and Robert Claris, eds., Elsevier, 2016, 135-165.
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E.3 Posters

e Mohammed F. Farghally, Eric Fouh, Sally Hamouda, Kyu Han Koh, and Clifford
A. Shaffer. ”Visualizing Algorithm Analysis Topics”. In Proceedings of the 47" ACM
Technical Symposium on Computer Science Education, pp. 687-687, 2016.

E.4 Papers to appear

e Kyuhan Koh, Eric Fouh, Mohammed F. Farghally, Hossameldin Shahin, and Clif-
ford A. Shaffer, Experience: Learner Analytics Data Quality for an eTextbook System.
Submitted to the ACM Journal of Data and Information Quality, 2017.
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