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WIP: Exploring Office Hour Interactions in a Data Structures
and Algorithms Course

Abstract

Large universities often have introductory computing courses with hundreds of students, dozens
of TAs, and multiple TAs on duty at the same time. We investigate what occurs during office hour
interactions between students and TAs, focusing on a large intermediate data structures course
with major programming assignments. We hope to learn what gaps exist in current TA training
and open the “black box” of office hours. To collect this data, we are using a self-hosted version
of MyDigitalHand, an automated office hours queuing system. We have modified our instance of
MyDigitalHand to collect additional data to answer our research questions.

Introduction

Office hours provide the backbone of communication between course staff, specifically teaching
assistants, and students. As the number of students in programming courses has increased,
universities have responded with three main solutions: 1) increase staff sizes by hiring more
Teaching Assistants (TA), 2) use automated feedback systems to take augment instructional staff,
and 3) deploy systems designed to support TA staff conducting office hours. Large universities
often have introductory computing courses with hundreds of students, dozens of TAs, and
multiple TAs on duty at the same time [1], [2]. Managing this army of TAs and ensuring that they
are taking the best approaches to helping students can be difficult for instructors, especially since
they often get little direct feedback about TA/student interactions.

While we know that students spend time in office hours, especially when they encounter obstacles
on their assignments [3], we know surprisingly little about the details of what happens during
these interactions. We also do not know exactly what factors make these interactions successful or
unsuccessful as defined by the participants.

This study investigates what occurs in office hours in a third year Computer Science course at a
large R1 public university. The junior-level Data Structures and Algorithms course includes a
major focus on programming assignments, with four projects each with a 3-to-4 week lifecycle.
This course sits as a post-CS2 Data Structures and Algorithms course and is a prerequisite for
many of the electives offered by the department. Due to the high level of difficulty in the projects,
we believe that TAs for this courseoften face challenging questions from students. While students
often present their problem as “I need to find the bug”, we find that often the “real” problem is
some misconception about the assignment, programming language or environment, or their



design. Therefore, TAs should default to pointing students away from a potential code error
message, and towards finding the misconception if there is one. In particular, TAs should resist
debugging student code.

Since there is not much in the literature about the details of what goes on in student/TA office
hours interactions, we see an opportunity here to explore this topic through a data-driven
approach. We seek to do this through a combination of data collection (structured responses
immediately after an interaction), and post hoc interviews.

To collect data, we used MyDigitalHand [4], an office hour queuing system and research platform.
MyDigitalHand allows us to not only create structure and similarity across office hour interactions
for a course, it also helps us to get a better idea of what goes on inside of the student-TA
interactions themselves. Before joining the queue, students must articulate what they are working
on, what problems they have, what they have tried, and their modality. Post-interaction surveys
and timing data on the interactions give us hints of what the participants think of as successful or
unsuccessful interactions. In the near future, we will follow up on this quantitative data phase
with a qualitative data phase consisting of a series of interviews with TAs and students.

Methods

This WIP study takes an explanatory mixed methods approach [5] where we collect quantitative
data from MyDigitalHand. Our initial data collection effort contains the interaction times, total
questions asked and answered, responses to feedback questions on the topic, and perceptions of
success of the interaction. Teaching staff were explicitly asked whether students had
misconceptions about what their “real” problem was.

These data allow us to then plan targeted interviews and observations towards interactions
identified by TAs and students as unsuccessful to develop a more complete view of office hour
interactions at this level.

MyDigitalHand collects two main forms of data: automatically collected data related to the timing
or context of the interaction, and after-interaction feedback data requested from both students and
TAs on how a session went in their opinion. Automatically collected data consists of time stamps
as well as student-provided descriptions of the topic they are seeking help about. After-interaction
feedback data contains both student and TA responses to several questions shown in Table 1.
These were multiple-choice questions where students and TAs were provided the same answer
choices for similar questions [6]. The question of whether or not the problem a student brought to
office hours was solved during the session has three possible responses: yes, partially, and no.
This question in particular will help us target our interviews for phase two of the study.

The data collected through MDH can indicate some trends of office hours and highlight
interesting interactions to investigate more thoroughly. The data provides mechanical context of
office hour interactions (who met with who, and for how long), what students say they are
working on, how long they talked about it with a TA, and more. We also asked whether an
interaction “good” or “bad” without providing guidance to students and TAs on what that meant.
Often it is hard to interpret from the data we collect how significant the interaction was. In
particular, our current data collection efforts have not allowed us to answer basic questions like:



Student Feedback Questions TA Feedback Questions

What was your question about? What was the student asking?
Did you make progress on or solve your
problem during your office hour interaction? What was the student looking for?

Was the student’s problem solved during this interaction?

Table 1: Feedback questions asked of students and TAs with MyDigitalHand

Student ID (anonymized identifier) 1642 1706 1252 1473 1601 1379

TA-Identified Unsuccessful Interaction 3 5 8 2 2 0

Student-Identified Unsuccessful Interaction 9 9 6 6 6 5

Table 2: Number of interactions per student (minimum 5 unsuccessful interactions) that were
identified as unsuccessful by the student or the TA involved

Which TAs are doing a good job? Is more time spent per person a good indicator or a bad one?
What is a reasonable “success” rate where students indicate whether their question was
resolved?

We can identify “interesting” or subpar interactions such as where both participants felt it was
unsuccessful, or possibly those where students felt they weren’t helped, but TAs felt that they did
a good job. Exploring these cases further through interviews will let us see what is happening in
these interactions and provide the qualitative data for the mixed methods approach.

Results

Preliminary results from the quantitative data collected allow us to pinpoint which interactions are
worth taking a closer look at. We have defined “unsuccessful” interactions as those where the TA
or the student indicated that the problem discussed in the interaction was not solved. Table 2
shows the number of unsuccessful interactions per student of those with more than five
unsuccessful interactions. Table 3 shows the the number of unsuccessful interactions per TA of
those with more than 9 unsuccessful interactions and the percent of unsuccessful interactions per
TA of those with at least 10 interactions and at least 10% unsuccessful interactions.

These data provide us with several interview targets, students that had multiple bad experiences
with TAs. Talking to these students could expose patterns across the TAs that were not helpful for
students, or possibly problems with approaches that certain students take. It is also useful to
investigate what these students were seeking from office hours. Without a window into the
interaction itself, it is difficult to determine if these students were looking for an answer that the
TA was unable to provide due to a lack of understanding, or one that the TA refused to provide
due to course policy, for example.

Table 3 shows that some TAs were much more critical of themselves than students were of them,
but there were exceptions. TA 1205 felt they were generally doing a decent job of answering



TA ID (anonymized identifier) 1207 1185 1193 1198 1190 1204 1205 1199

TA-Identified Unsuccessful Interaction 32 21 17 17 12 12 12 11

Student-Identified Unsuccessful Interaction 12 9 9 5 3 4 26 9

Percent Unsuccessful Interactions 23.53% 18.42% 15.18% 14.05% 8.76% 15.58% 7.19% 9.48%

Table 3: Number of interactions per TA (minimum 9 unsuccessful interactions) that were identified
as unsuccessful by the student or the TA involved and percent of interactions per TA that were
identified as unsuccessful by the student or the TA involved

student questions, but the students they interacted with reported a larger number of unsuccessful
interactions. With so many interactions identified by students as unhelpful, it could be worth
interviewing this TA about how they approached office hours and what strategies they employed
to assist students.

There were 21 interactions identified by both the TA and the student involved as being
unsuccessful. These interactions are an important subset of those identified in Tables 2 and 3 that
should be investigated further. In particular, exploring the actions of the TA, whether they
recommended to simply rejoin the queue, seek further clarification themselves from other course
resources (or TAs), or moving on to their next student, could spotlight factors that could be
addressed in future TA trainings or scaffolding for office hours provided to them.

Discussion

This WIP study focuses on selecting interactions to investigate with interviews based on student
and TA feedback about how “successful” the interaction was. From the data we have collected,
we plan to expand the criteria for selecting interactions to take into account time spent waiting for
and during an interaction. How long a student must wait to see a TA and how long they spend
with them once they get matched could be indicators of the quality of an interaction [7].

Time spent on interactions is a concern for this course not just due to potential impact on other
students waiting for a GTA. Due to the nature of the course and the difficulty of the projects,
students are often asking for help with debugging their program. If a TA accepts that as a
reasonable thing to attempt, it can lead to a long interaction time while the TA tries to trace
through the program. We generally discourage TAs from taking this approach, but some do this
even so.

Another anecdotal concern is that some students will make complaints that they go to TAs who
are unable to answer their questions. This is not strongly supported by the actual survey data:
while some students report not having a question answered, it does not match the pattern that
some students complain about. We hope with better monitoring through the MDH survey process,
as well as better understanding about student/TA interactions in general, that we will have a better
way to recognize and address these situations. Ideally we would be able to identify whether some
TAs really are unhelpful or whether some students have poor help-seeking behaviors.

Universities have started creating training programs for TAs [8], [9]. However, these programs are
often not well-formed or standardized. These programs can be as structured as a full course, as



short as a one hour seminar, or completely non-existent [10]. Even when they do exist, these
programs often have gaps in what training they provide for TAs or focus on completing trainings
required by the university instead of instruction on how to better interact with students [10].

Developing a better idea of what occurs in office hour interactions will allow us to more
accurately design systems to scaffold and provide TAs with the necessary information to help
students, or to better prepare students to attend office hours productively.

Limitations

This work is limited by the ability of the researchers and course staff to require use of the data
collection platform by students and TAs. It is important to note that we are not merely surveying
students and TAs for voluntary feedback. Data collection is embedded within a useful office hours
queuing tool. This provides incentive for the users to participate, especially during peak hours.
But since we are new to adopting MyDigitalHand within our department, it can take time to
establish a “new normal” of routine use.

A second limitation is relying on the ability of students and TAs to self-identify how good or bad
an interaction is without additional context. Some TAs might have no experience to compare to,
or may only be comparing to their own experiences as students in other courses. For GTAs, this
might be at other universities and in other countries.

Future Work

Now that students and TAs have been identified, the next steps are to interview those selected and
attempt to match their feedback about what happens inside of office hours to markers in the
quantitative data to allow more effective measurements of office hours to be taken at scale.

This work is the first step towards defining and gathering better metrics for TA performance.
Current methods of evaluating TA performance are often subjective reviews from instructors that
might not ever see the TA actually perform in office hours [11], [10]. Investigating a data-driven
approach that accurately measures TA performance based on objective measures of their
interactions with students can provide insights that allow for better TA training systems. Without
knowing where office hours are unsuccessful, it is difficult to design useful interventions to better
prepare TAs. With the data collected from this work, we have the opportunity to visualize where
TAs could benefit from additional scaffolding in office hours.
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