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ABSTRACT

In this study we introduce a new tool, an automatically generated
trace table for Java, and investigate its use as a form of help in an
existing tutoring system. Findings from a classroom study suggest
the scaffolding provided by the trace table is a plausible alternative
to other forms of help such as hints, most notably, increases in
performance and persistence and lower task difficulty. Adoption of
the on-demand tool proved to be low, however recommendation
utilizing a student model proved to be effective in increasing en-
gagement. Based on usage data we propose future implications for
adaptive design and student modeling.
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1 INTRODUCTION

A common, valued attribute of intelligent tutoring systems (ITS)
is their ability to break problems into steps, providing feedback
and hints throughout the entire process. Such a feature is often
referred to as an inner loop and is one of the defining characteris-
tics of intelligent tutor behavior [27]. These step-by-step tasks not
only result in a better learning experience for students, allowing
them to catch errors and provide scaffolding throughout the pro-
cess, but also provide a better model of the student’s knowledge.
This approach does have a few shortcomings, as having students
complete each step can slow down their productivity. Additionally,
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breaking problems into steps can be a time consuming endeavor,
often requiring expertise to decipher how to break down a task
and modify the tutor. Systems like CTAT [1] have tried to alleviate
the need for programming expertise by providing an interface for
content experts to create their own step-by-step problems. While
this is useful, it still requires human expertise and takes time to
craft the problem. Some domains, such a programming, offer affor-
dances that can automate this process entirely, allowing for easy
integration of step-by-step tasks.

1.1 Automation in ITS

While ITS has often been noted for strong learning gains, a common
stumbling block to deployment is the amount of time needed to con-
struct these systems [7] [8]. Therefore, it is not much surprise that
researchers have sought to automate aspects of the creation pro-
cess. One of the notable areas has been the automation of hints for
each sequential step of a problem. Efforts like Bootstrapping Novice
Data [14] and Hint Factory [4] relied on prior student log data to
generate hints based on student behaviors. Rivers and Koedinger
attempted to extend such an approach to tackle the open-ended,
problem-solving domain of program construction where there are
infinite possible states in a problem [21]. Recent research has gone
a step further and studied the impact of such automated hints with
mixed results, either noting performance gains but requiring addi-
tional self-explanations for post-test improvements [13] or having
no impact on performance or learning [19]. While these data-driven
approaches have had some success, they come with the limitation
of requiring sufficient data and a robust enough model to guarantee
coverage.

Alternatively, researchers have tried to rely on particular af-
fordances of a domain to automatically generate steps, hints, and
visualizations. O’Rourke [17] [18] mapped algorithms to problem
solving processes in the domain of fractions and algebra, allowing
for the automatic generation of not only problems with steps, but
also hints and feedback. In O’Rouke’s case, an expert was needed
to map a programming algorithm to a problem space, but after
was able to consistently generate steps and hints for similar prob-
lems within the selected domain. Such approaches helps reduce the
burden of constructing these systems and providing more varied
content.

1.2 Automation in Programming Problems

Code offers many affordances that can makes expert mapping un-
necessary, covering a broader range of problems without additional
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Tester Trace Table

Tester

public class Tester {
public static void main(String[] args) {

int result 0;
for (int i =0 ; 1 <5; i++) {
result = result + i;

~ public class Tester {

public static void main(String[] args) {

int result = @;

for Gint 1 =0 ;1 <5; i+4) {
result = result + i;

}

What is the final value of result?

Submit

result

E

Wrong. Attempts remaining: 1

Figure 1: A Quizjet Problem (left) and a Trace Table (right) generated from the same program

modifications to the system. Two notable approaches have been ap-
plied to create program visualization tools. JSVEE [26] developed a
transpiler based on the static analysis of code, producing an output
that could be utilized by a visualization tool. This method allows for
more detailed evaluation at the expression level and possessed the
ability to handle a wide array of problems, but similar to O’Rourke’s
approach, required the manual development of a transpiler to inter-
pret the code. Guo also built a visualization tool, the Python Tutor
[9], but relied on execution traces produced by debugging instru-
ments often found in programming languages, creating line based
visualizations. While not as detailed an evaluation, this approach
scales more easily to multiple programming languages, as Python
Tutor ! now supports five languages.

While these affordances of code have been used to create visual-
izations, they can also be used to generated problems for a more
active experience for users. These execution traces produced by
debuggers contain sufficient information to break a problem into
steps. Our approach is to map these resulting traces to an existing
pedagogical strategy used when teaching programming—the trace
table. A trace table is a technique which simulates the execution
of a program by tracking the changes of variables through each
step of the code. Xie et al. [30] acknowledged the existence of the
aforementioned tools [9, 26] for visualization of the program state,
but described them as passive, lacking active engagement. Due to
the absence of any trace table software, they investigated the value
of teaching a paper based trace table strategy to novel students of
programming, finding that an experiment group taught the strategy
scored 15% higher on an assessment. We investigate automatically
providing such a strategy via software to alleviate the burden on
students of learning and applying the strategy with paper. In addi-
tion, this turns the trace table into an activity easily integrated into
learning systems like intelligent tutors.

http://pythontutor.com/

2 METHOD

Our approach automatically generates an interactive table from
a given piece of source code. The resulting trace table software
can help students navigate a program’s execution and provide im-
mediate feedback of the correct change in a given step. In this
manner, students are actively engaged as they track and predict the
execution of a program step-by-step, providing an automatically
constructed inner-loop for students that helps them diagnose errors.
We built the trace table using web technologies, more specifically, a
Javascript library for single page web applications and a server that
utilizes execution traces generated from the Python Tutor backend
[9]. The interface shows the code being traced, highlighting the
current line being executed. Variables and output are columns in
the table with the Step and Line acting as row indexes. The software
tracks each change of a variable and adds new columns and rows
dynamically as variables are introduced or values changed. Stu-
dents are prompted for a variable value at a given step of execution
and asked to enter it into the table. Each task is provided with up
to three attempts, giving the correct answer only after exhausting
all attempts. To address domain modeling, knowledge components
are mapped to each line automatically using the JavaParser which
utilizes the abstract syntax tree to parse the code [10].

While an auto-generated trace table could have many pedagog-
ical applications, we investigate its use as a form of help by inte-
grating it into an existing system, Quizjet [11], as a supplementary
activity to provide learner support. Quizjet consists of prediction
tasks where users must respond with the final value or output
of a parameterized program. Upon failure, students are provided
the correct answer but the problem parameters will be altered in
future attempts. These problems do not utilize an inner loop and
consist of a single observable step. Similar to JSVEE and Python
tutor, the trace table is designed to be incorporated and embedded
into various existing systems. As the trace table is built with web
technologies and requires only source code as an input, it was easily
incorporated into the existing QuizJet system. The current library
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only requires inclusion of a JavaScript and CSS file and provides an
API to render and configure the trace table on a web page. Students
could access the trace table on-demand after attempting a problem
in Quizjet via a button labeled “Trace this code” which would trace
the corresponding QuizJet problem.

2.1 Help in Tutoring Systems

For our study, we situate the trace table as a method of help for
struggling or curious students. Research has investigated the effec-
tiveness of on-demand help, including, but not limited to, how the
help is provided, when it is accessed, and how students utilize the
help [2]. After noting undesirable behavior, such as help avoidance
and abuse, Roll et al. created the Help Tutor [22] which attempted
to address how students engage with help resources by creating a
help-seeking model that provides metacognitive feedback. While
the approach did not result in notable learning outcomes, it did
highlight ways to aid students in using help more deliberately.
The association with help and learning gains has not always been
significant, leading some to conclude that when and how help oc-
curs plays a significant role in effectiveness [2]. Future analysis
of log data by Roll et al. suggested that principle-based hints dur-
ing medium level of mastery were most effective [23]. Additionally,
studies have questioned the degree to which hints are useful, noting
that reattempting a problem, rather than obtaining a hint, may be
better for learning [24]. Such findings bring forefront the question
of how a system should offer help, suggesting more approaches
should be explored. Studies have noted the potential of replacing
or augmenting hints with more interactive activities such as self
explanations or scaffolding [20] [6] [2] [13]. As these alternative
approaches could offer less support, it is also important to consider
persistence, a valued trait for learners in a system. As research
works to detect non-persistence in systems [5, 29], help should be
able to serve as a sufficient intervention to prevent students from
abandoning problems when encountering difficulty. Overall, more
research needs to be performed to conclude how help can help most
effectively in intelligent tutoring systems.

Our attempt-based approach focuses on actively engaging stu-
dents through the help process. In lieu of giving a hint, the system
provides an alternative activity that breaks down the given task.
As Quizjet’s problems are single step and not already broken down
like some tutors, we can easily integrate this method into this sys-
tem. Quizjet’s single step can offer a way for students to progress
through the system faster and solve more problems, but, when
struggling, students likely need more support and thus can use
the trace table for scaffolding. Therefore, the trace table acts as
an alternative, interactive method of help which actively engages
the student in a task as opposed to providing a principle-based
hint. By using the trace table, students can identify the specific
steps where they have made a misassumption and also better track
the execution of the program. Likewise, the broken down tasks
would also help the system diagnose areas where a student may be
deficient. This also is an attempt-based approach that tries to capi-
talize on the correlation with learning gains seen when students
attempt more problems, rather than given hints [24]. Feedback for
attempts is limited to whether a solution is correct or incorrect
and, after exhausting all allotted attempts, the correct answer. Since
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this form help is provided on-demand and to address the issue of
when students should engage with the tool, we implement a popup
recommendation in our experiment group based on the student
model, recommending it after students fail on newer problems they
have less experience with. This is not only an effort to combat
help-avoidance but also ensure students are familiar with the help
at their disposal.

-ing[] args) { WRONG!

) i++) { Your Answer:
- i; 28
Correct Answer:
36
sult?
Try Again

Figure 2: Feedback from a QuizJet attempt along with
the button for on-demand trace table of same problem

3 STUDY AND RESULTS

A classroom study was conducted to pilot the trace table and inves-
tigate how it would be utilized by students for learning support in
the existing QuizJet system. Subjects were enrolled in one of two
sections in Fall 2019 or one section in Spring 2020 of an undergrad-
uate Introductory Java course for information science students and
non-majors. Students were not required to have prior programming
experience. All students were provided an account to access the
practice system at their own discretion. Students were randomly as-
signed to an experiment or control group that determined whether
the system would recommend the trace table.

Over 101 unique Quizjet problems were attempted in the sys-
tem, 66 of which included a trace table option. All problems were
accessed through the Mastery Grids system [12] which provides
an interface to navigate through all the available learning activities
and includes an Open Learner Model (OLM) and social comparison
elements. The OLM shows an estimation of a student’s conceptual
knowledge based on their performance, while the social compari-
son visualizes how the rest of the class is progressing on each topic.
To incentive students to use the system, up to a 2% increase of
their final grade was offered as extra credit for solving at least one
problem per topic.

Of the 77 students enrolled in the courses, 50 attempted QuizJet
problems and 35 made use of the trace table software. All enrolled
users were randomized into two conditions and, of the 50 active
users, 24 were from the control group and 26 were from the ex-
periment group. A total of 297 trace tables were attempted, 256 of
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which completed, for 61 unique problems, generating a total of 2440
line attempts. There were a total of 4980 QuizJet submissions to 66
unique problems that supported trace tables, and, as questions were
parameterized, the same problem could be reattempted multiple
times by a user with differing answers.

Trace Table Classroom Quizjet
1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0.0 0.0
Trace Table Recitation Quiz Jet
1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0.0 0.0
Error Rate Error Rate

Figure 3: Comparing QuizJet and Trace Table Accuracy in
Classroom and Recitation studies

While the classroom study investigated long term use, a second
study was conducted during Fall 2020 in a course recitation for an
introductory computer science course to look at short-term effects
and also impact on more challenging problems. This short study
took place during the last two weeks of the semester where students
solved 8 QuizJet problems and were able to use the trace table before
or after each attempt. Completion of problems occured either in a
lab or at a student’s leisure at home. A total of 90 users participated
in solving QuizJet problems with 80 making use of the trace table. A
total of 1682 attempts were made of 8 unique Quizjet problems and
447 trace tables were accessed, 301 of which completed, to create
a total of 5093 line attempts. Participation was entirely optional
and was presented as a method to prepare for the upcoming course
final.

3.1 Trace Table Difficulty

We first wanted to investigate the impact of breaking QuizJet prob-
lems into multiple steps had on learners, more specifically, the effect
on the difficulty of the task inferred from student error rates. To
eliminate some of the noise in the data from easier problems, we
looked at the tougher half of problems based on difficulty, i.e., the
mean error rate. Mean error rate of trace table problems was low
at 18.1% with over 47.2% of the tables reporting 100% accuracy as
opposed to Quizjet with 35.9% mean error rate and 39.7% with no
errors. We are reluctant to report statistical tests directly comparing
accuracy of Quizjet problems and Trace table problems due to their
differing structure. While difficulty was challenging to compare
between both sets of problems, these findings suggest that merely
breaking a problem down reduced the error rate in a classroom
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setting. However, results differed when looking at recitation data,
as shown in Figure 3. As opposed to the classroom setting, the
recitation took place in a more condensed time frame with more
challenging problems to prepare for a final examination. Evidence
suggesting the trace table was less difficult was not as apparent,
and instances of no errors were much more rare.

3.2 Accuracy Over Time

Similarly, we analyzed how students performed with each respec-
tive activity over time as the total number of opportunities in-
creased. To accomplish this, we looked at users who had completed
a minimum of four trace tables, resulting in 15 users, and calcu-
lated their accuracy per opportunities in both Quizjet and trace
tables. Simple linear regression was performed to the examine the
relationship between number of opportunities and overall error
rate in both Quizjet and trace table problems. As shown in 4, for
Quizjet there was a significant effect between opportunity number
and error rate, the latter increased approximately 1 percent for
every 5 opportunities. Conversely, the regression analysis found a
significant, negative effect between opportunity number and error
rate further described table 1. This result revealed that while error
rate increased over time in Quizjet, the opposite occured in trace
table problems, however this effect was less pronounced with a
decrease of .35 percent for every 5 opportunities.

Table 1: Simple Regression by Number of Opportunities

Source F df B t p

Quizjet 1410 1817 .0021 37.6 .001 .437
Trace Table 176.8 2104 -.0007 -13.3 .001 .078

Error Rate Over Time

050  wmm Trace Table
045 =— Ql.IiZjEt

0.40
0.35
0.30

Rate of Error

0.25
0.20
0.15

0 25 50 75 100 125 150
Opportunity

Figure 4: QuizJet and Trace Table Error Rate over time

3.3 Remediation After Failing

We also wanted to investigate whether the trace table aided students
in solving QuizJet problems they had previous failed on. Problems
were parameterized so students would be given a different prob-
lem of similar structure following a wrong answer. We looked at
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instances where users fail and reattempt the problem without trac-
ing compared to instances when user’s fail, complete a trace table,
then reattempted the problem. A chi square test was performed to
examine the relationship between a user completing a trace table
and answering correctly. Results indicated a significant relation-
ship between completing a trace table and answering correctly
)(Z(I,N =671) =5.8, p <.025 ¢ = 0.05 OR = 1.85. Likewise, we
conducted the same analysis for the recitation with a significant,
and stronger, relationship y%(1, N = 1062) = 28.5, p < .001, ¢ =
0.77 OR = 2.69. This association gives evidence that the trace table
was indeed helpful for students in solving problems they had failed
on and this finding was strengthen in the recitation where students
were 2.69 times more likely to answer correctly after tracing.

3.4 Persistence

Since students now had a helpful resource to use when failing a
QuizJet problem, we wanted to examine persistence, conceptualized
as instances where a problem was first attempted incorrectly but
later solved. Abandonment, failure to solve an attempted problem,
was infrequent, occurring only 30 times total in the classroom
study. Due to the rarity of the event, we looked at just the Quiz]Jet
problems abandoned by users and calculated abandonment rates for
those that were traced and those not traced. Users had significantly
lower abandonment rates (M=0.02, SD=0.1) for problems where
they traced the code than those in which they didn’t (M=0.12, SD
= 0.3), t(46) = 2.18, p < .05. While abandonment was rare, this
finding suggests the trace table, when used, contributed to students
persisting and eventually solving the problem.

3.5 Usage and Recommendations

Not all users made use of the trace table with 35 of 50 completing at
least one problem, and 23 of those 35 completing 3 or more tables.
We anticipated adoption to be an issue as prior research has noted
help avoidance and worked to remedy it [3] [22]. To account for this,
we attempted to promote use of trace table for struggling students
in system by implementing a popup recommendation that triggered
after failing a problem. The popup was dependent on the student
model, and appeared only if a student lacked a mean 50% probability
of knowing concepts associated with the problem. In the classroom
study, the mean conversion rate of users was 65% indicating that the
recommendation to table trace was fairly successful based on the
model. A Welch’s t-test showed that users receiving the popup rec-
ommendation (M=7.6, SD = 9.9) completed significantly more trace
tables than users not shown a popup (M=2.7, SD = 5.1) t(50) = 2.27,
p < .05. We desired to implement a third condition for randomized
popups to evaluate the efficiency of adaptive recommendation but
were unable to obtain sufficient subjects. Still, there was evidence
the recommendation promoted the use of help in the system to
warrant further investigation.

3.6 Other Observed Usage Behavior

There was little evidence of gaming the trace table, like the bottom-
ing out of hints, which might be attributed to Quizjet’s feedback
alone often being sufficient to obtain a correct answer or the pa-
rameterized nature of the problems making gaming less effective.
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The few instances of gaming observed were actually due to prob-
lems with excessive number of steps. One such case involving an
inner loop generated over 150 steps for the student to complete.
Other similar idiosyncrasies were observed, such as input errors
occurring over the specificity of data types (e.g., including a decimal
and trailing zero in the answer). In one such instance a student
expressed anger at the trace table in their entry for not accepting
their answer as correct. Overall, such frustrations seemed more
rare in the classroom study where usage occurred over a period of
time and error rates were lower. These observations do highlight
areas of potential improvement for the system to better adapt to
both learners and content.

4 DISCUSSION

Our single session remediation study revealed a much lower degree
of accuracy on the trace table. In this case, students had less time to
familiarize themselves with the trace table strategy, suggesting the
exercise might not be intuitive. Despite the low accuracy, students’
performance seemed to benefit from the using the trace table. This
could be due to the fact that an error ridden trace table still serves
as a worked example, a finding in line with Shih et al’s analysis
of bottom out hints [25]. While still beneficial, this low accuracy
presents an opportunity to adapt to new users by first modeling
the trace table in the form of a worked example. By relying on a
student model, the trace table could first visualize the execution
before asking students to trace it themselves. This would create
interleaved worked examples that might make students more effi-
cient as observed in prior research [15, 16] and also could decrease
student frustration. Such an adaptive design would be similar to
step-based helped recently proposed in program construction tasks
[28] and capitalize on higher levels of scaffolding while remaining
more active than techniques like hints.

An additional problem for adaptation, the trace table was ob-
served generating an excessive amount of steps for some types of
problems resulting in a time consuming intervention that could
impede learning. Loops in general produce repetitive tasks in trac-
ing which is sometimes useful but often unnecessary. This calls for
future adaptations that shorten the task by eliminating easier or
repetitive steps based on the model on the student’s knowledge.
Simple steps like variable initialization are likely not pertinent in
more advanced problems and could be skipped to reduce time on
task. Similarly, loops could be traced only at crucial moments such
as the start and end. However skipping too many steps could con-
fuse learners in their efforts to trace the execution of the program,
thus this adaptation must be implemented in an intuitive manner
to alleviate frustrations. Additional feedback and instruction may
be necessary to help address some of these issues of confusion
suggested by the low accuracy in the recitation.

Additionally, when to promote this form of help was also investi-
gated. Conversion rates were high for recommending the trace table
after failing on problems with newer concepts and these prompts
had a significant effect on how often the trace table was utilized.
Still, use of trace table was low and one could reason students could
learn from Quizjet’s feedback of a correct answer. However, this
could potentially lead to guessing or shallow learning as the param-
eterized problems are similar in structure. This feedback might also
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explain the low occurrence of abandonment, giving further motive
to disable this type of feedback in future studies. While prompts
for using the trace table lead to more engagement with this form
of help, more research needs to be conducted to find when are
the optimal moments for recommendation based on the student’s
knowledge and prior behavior. For example, prior research has
indicated that the level of mastery or knowledge can impact the
effectiveness of help. Such prompts could also utilize detection of
wheel-spinning or non-persistence to redirect students efforts to a
more scaffolded task.

5 LIMITATIONS

While this study noted improvements in student performance from
using the trace table, further analysis needs to be conducted to
investigate the trace table’s relationship with learning gains of
students. Unfortunately due to COVID-19, we were unable to ac-
cess the pre and post test in time to conduct a thorough analysis
of the effects. Additionally there were insufficient students for a
third condition to evaluate the adaptive recommendation based on
student knowledge and determine whether it would outperform a
randomized prompt.

6 CONCLUSION

This study investigated the use of an automatically generated trace
table as a help mechanism for students in a classroom and single
session setting. Results suggest that automatically breaking down
the task into steps decreased the difficulty, producing lower error
rates. Error rates in Quizjet increased over time with more oppor-
tunities which we associate with increasing difficulty of problems,
however the trace table’s error rates decreased despite problems
growing more difficult. Additionally, there was strong evidence the
trace table aided in remediation by improving accuracy of students
on failed problems in both classroom and recitation settings. Both
these findings further amplify prior recommendations for research-
ing other methods of help beyond the more traditional hints which
have not always yielded significant results. Similarly, our analysis
found that the trace table provided enough support to help students
persist through difficult problems despite the active, attempt-based
nature of the exercise.
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