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ABSTRACT
Background and Context. Academic help-seeking is vital to post-
secondary computing students’ e!ective learning. However, most
empirical works in this domain study students’ help resource se-
lection and utilization by aggregating the entire student body as a
whole. Moreover, existing theoretical frameworks often implicitly
assume that whether/howmuch a student seeks help from a speci"c
resource only depends on context (the type of help needed and the
properties of the resources), not the individual student.
Objectives. To address the gap, we seek to investigate individual
computing students’ help-seeking approaches by analyzing what
help-seeking characteristics are individual-driven (and thus stay
consistent for the same student across di!erent course contexts)
and what are context-driven.
Method.We analyzed 𝐿 = 597 students’ survey responses on their
help resource utilization as well as their actual help-seeking records
across 6 courses. We examined relations between individual stu-
dents’ frequency-based help usage metrics, type-of-help requested
in o#ce/consulting hours, self-reported order of ideal help resource
usage, and their collaboration inclination in small-scale sections.
Findings.We found that students’ frequency-based help metrics
and their order of ideal help resource usage stays relatively consis-
tent across di!erent course contexts, and thus may be treated as
part of students’ individual help-seeking approaches. On the other
hand, the type of help students seek in o#ce/consulting hours and
how much they collaborate with peers in small sections do not
seem to stay consistent across di!erent contexts and thus might be
deemed more context-driven than individual-driven.
Implications. Our "ndings reveal that part of students’ help-
seeking characteristics is individual-driven. This opens up a pos-
sibility for institutions to track students’ help-seeking records in
early/introductory courses, so that some preliminary understanding
of students can be acquired before they enter downstream courses.
Our insights may also help instructors identify which part of stu-
dents’ help-seeking behavior are more likely to be in$uenced by
their course context and design.
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1 INTRODUCTION
Academic help-seeking is both a metacognitive behavior and a
self-regulated learning (SRL) strategy [28, 29, 40, 42] adopted by
students to support their learning. The positive e!ects help-seeking
can bring on students’ academic achievement, especiallywith instru-
mental help-seeking approaches that emphasize mastery/acquiring
skills, are widely known and studied [16]. Existing educational
theories on help-seeking, such as Karabenick’s eight help-seeking
stages [29] and Makara and Karabenick’s expectancy-value model
and four dimensions of help resources [42], have motivated many
subsequent works on factors in students’ help resource selection and
utilization [12, 20, 48, 49, 51, 55, 60].

However, most of these works implicitly model students’ help-
seeking decision/resource selection as one standalone process that
depends almost solely on context. Some of these works study prop-
erties of the current help need, such as type of help desired [42]
and e!ort to phrase the current help need [51]; others study prop-
erties of the help resources, such as accessibility/availability [12,
42, 48, 51, 60], perceived usefulness [12, 42, 60], and synchronic-
ity/timeliness [20, 51]. In contrast, the e!ects of personal approaches
that di!er from individual to individual are less emphasized in these
models, despite recent explorative works showing substantial in-
dividual di!erences in students’ help-seeking behavior in both
computing [33, 52, 63] and other [20, 55] contexts.

One possible reason for this gap in existing literature lies in the
sparsity of help-seeking records. Thanks to the booming growth of
enrollment and Ed-tech platforms in computing-related "elds in the
recent years, computing educators now have access to many kinds
of data that track students’ learning. However, not all students seek
help, and only a tiny portion of them help-seek frequently enough
for "ne-grained analyses. Furthermore, help-seekers do not always
utilize class-a#liated help resources that enable data collection,
and their interactions with informal resources such as classmates,
static online resources, or general large language models (LLMs) are
usually not captured. As a result, student-speci!c help-seeking data
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remains relatively harder to collect than other kinds of data such
as students’ incremental programming trace in controlled IDEs.

As a result, most recent works on students’ help-seeking records
focus on one or two speci"c help resources in one speci"c instruc-
tional context, while individual students’ behavior across di!erent
instructional contexts is less studied. This gap has created a dis-
sonance between what the "eld has studied (mostly treating the
entire class/cohort of students as a whole) and what educators ulti-
mately care about (we want to provide each student adequate and
personalized help that they need, or motivate every student that
needs help to seek it). Motivated by these gaps, our work seeks to
study computing students’ individual help-seeking approaches and
records in multiple instructional contexts, using both self-reported
and actual behavioral data. Our research question is:

• (RQ)What student help-seeking characteristics are individual-
driven (part of their individual approach), and what others
are context-driven?

To tackle this research question, we surveyed students on their
help resource utilization (11 o!erings across 6 courses) and col-
lected students’ help-seeking records (20 o!erings across the same
6 courses) in formal (course-a#liated) resources.We then "ltered for
students that appeared in at least two courses in our data (𝐿 = 597
after "ltering), and examined the correlations and associations be-
tween their help-seeking characteristics in di!erent courses.

Our analyses reveal that some aspects of a student’s help-seeking
approach seem individual-driven while others are more driven by
the course context. From actual help-seeking records, our analy-
ses revealed that students’ frequency-based help metrics (such as
number of threads a student initiated on the class forum) in dif-
ferent courses are strongly correlated, while their distributions of
type of help requested in o#ce/consulting hours are not. Therefore,
the former is more likely part of students’ individual help-seeking
approaches/habits, while the latter might be more heavily in$u-
enced by the course context. From the survey data, we also found
students’ self-reported order of ideal help resource usage to stay
rather consistent across di!erent courses, justifying it being a part
of students’ help-seeking approach. On the other hand, how much
students collaborate with others in small-section discussion/lab
sections does not seem to stay consistent across courses.

Although limited by the scope of our data collection, our work
serves as an explorational attempt to characterize computing stu-
dents’ individual help-seeking approaches. On the practical side, our
"ndings reveal that part of students’ help-seeking characteristics
is individual-driven and might preserve across di!erent contexts,
opening up the possibility for institutions to track students’ help-
seeking records along the entire curriculum so as to better support
each type of student in downstream courses. Through di!erentiat-
ing individual-driven and context-driven characteristics, our insights
may also help instructors identify parts of students’ help-seeking
behavior that are directly in$uenced by the design of their course
help ecosystem, and make progress towards helping students "nd
the approach that best supports their learning. For research pur-
poses, our categorization of characteristics can serve as a primer
for clustering students with similar characteristics together and
subsequently studying each “cluster/persona” via more in-depth
qualitative research methods.

2 RELATEDWORKS
2.1 Help-seeking theories

Help-seeking as a self-regulated learning strategy. Academic help-
seeking is a metacognitive behavior deeply intertwined with self-
regulated learning (SRL) [28, 29, 40, 42]. Karabenick and Dembo [29]
break down the academic help-seeking process into eight stages
(that are not always sequential): (1) determine whether there is a
problem; (2) determine whether help is needed/wanted; (3) decide
whether to seek help; (4) decide on the type of help (goal); (5)
decide on whom to ask; (6) solicit help; (7) obtain help; and (8)
process the help received. As pointed out by Stites et al. [55], phase 2
(identifying the need for help) corresponds to the forethought phase
in Zimmerman’s SRL model [64], whereas phase 8 (processing the
help and determining whether further help is needed) aligns with
the self-re"ection phase.

Type of help. Early studies on help-seeking [26, 27, 30] focused
on investigating phase 3-4 of the 8-stages model (decide whether to
seek help and if so, what type of help to seek) by examining factors
such as self-e#cacy and self-esteem. A taxonomy for categorizing
the type of help is instrumental versus executive/expedient [16, 34,
35]: the former focuses on acquiring skill/mastery and thus usually
reduces the need for future help, while the latter prioritizes the
outcome and thus only has a short-term e!ect (work gets done) but
not necessarily improves learning. Fong et al.’s meta-analysis [16]
found only instrumental help but not executive/expedient help to
be positively related to academic performance.

Resource selection/utilization. Although the original 8-stagemodel
phrased phase 5 as decide on whom to ask, the variety of help re-
sources students can access has far outgrown the initial wording.
As such, Makara and Karabenick [42] contextualize students’ per-
ceptions of help resources by the role (formality of the resource), the
relationship (between students and the resource), the channel (that
help gets delivered), and the adaptability (of the help resource to dif-
ferent individual’s needs). Based on these dimensions, they re"ned
phase 5 of the 8-stage model by a resource selection expectancy-value
model: the likelihood a student utilizes a resource relies on both
the resource’s accessibility/availability and how much the student’s
desired type of help matches what the resource provides.

Inspired by Makara and Karabenick’s model, many subsequent
works investigated students’ resource selection process [12, 20, 48,
49, 51, 55, 60], revealing an ever-growing list of factors that in-
$uence students’ help-seeking behavior such as formality of the
resource [49], timeliness of response [20], trust in the resource [48],
and synchronicity and e#ort to phrase a problem [51].Wirtz et al. [60]
and Doebling and Kazerouni [12] subsequently take the model one
step forward: they study students’ self-reported frequency of use and
perceived usefulness of all available help resources, and identify an
order of usage progression from less social, less formal, and more
accessible resources to more social, more formal, and less accessible
resources. Based on their e!orts, Hou et al. [25] recently compared
students’ self-reported frequency of using large language models
(LLMs) and perceived usefulness against existing help resources.
While these works provide deep insights into students’ help re-
source selection and utilization, they are mostly based on students’
self-reported usage patterns instead of actual behavioral data.
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2.2 Resources-Speci!c Works
Social help resources. Thanks to data collection in Ed-tech plat-

forms, many existing works have reported and analyzed computing
students’ social help-seeking behavior in each platform: course-
speci"c discussion forums [8, 52, 54, 57, 59], public discussion fo-
rums [13], video platforms [4], study groups [46], in-person [53] and
online [18] course-speci"c o#ce/consulting hours, and non-course-
speci"c academic help centers [5]. These works usually focus on
documenting the course-aggregated usage statistics such as usage
rates (what proportion of students used the speci"c resource, and
its relation with di!erent student groups) [8, 18, 33, 58, 59, 62],
usage frequencies (how many times a student used the speci"c
resource on average, again across di!erent demographic/identity
groups) [33, 52, 54, 57, 58, 62], and resource-speci"c statistics such
as average wait time and interaction length in o#ce/consulting
hours [18, 19, 33]. Some also categorize the kind of help students
seek from these resources [19, 33, 50, 56, 59] and/or the overall
quality of help-seeking attempts (e.g., whether students provide suf-
"cient context when asking a question) [17, 19, 59]. Finally, several
works analyzing timings of help-seeking behavior [4, 17, 33] found
students’ help-seeking behavior peak immediately before assign-
ment deadlines, and the type of help students seek di!er between
peak and non-peak time.

Non-social help resources. The help computing students receive
is not limited to social help from humans. Automated feedback in
learning management systems (LMS) [9] and autograders [32] have
been widely used to scale instruction and provide adaptive [43]
or formative [21, 22] feedback on students’ works. Due to their
highly synchronous and accessible nature, another line of works
study (and attempt to mitigate) students’ over-reliance on automatic
feedback tools [1, 38], even before the transforming emergence of
large language models (LLMs) sparked many discussions on how
(should) LLMs "t in computing/programming classrooms [3, 36,
37, 41]. Several works in this wave benchmark LLMs’ responses to
novice programmers’ help requests [23] and novice programmers’
interactionswith generative AI tools [31, 47]. Hou et al. [25] recently
found a bimodal distribution of usage of LLMs as a help resource:
students that have adopted LLMs rely on it almost daily, whereas
many students never use it at all.

Resource interaction. Although most works focus on investigat-
ing one resource (or two resources separately) at a time, several
works have examined the interaction between di!erent resources.
Deorio and Keefer [10] report that providing more transparent auto-
mated feedback (e.g., making test cases visible) reduces the demand
andwaiting time in o#ce/consulting hours. Two other works [2, 61]
studied how the existence of autograders in$uence the kind of help
students seek in introductory programming courses. Liu et al. [39]
incorporated LLMs into their course-a#liated ecosystem and found
this to have reduced students’ social help needs.

2.3 Synthesis and our contribution
Despite all the e!orts, most of our understanding on computing stu-
dents’ help-seeking behavior (on both the theoretical and empirical
sides) implicitly treat the student body as a whole and characterize
what happens in one instructional context. Outside of computing

education, there has been e!orts on modeling students’ individual
help-seeking characteristics so as to "nd a few canonical help-
seeker “pro"les” [15], “clusters” [7], or “patterns” [14], but those
works draw from a snapshot of each student’s help-seeking char-
acteristics, which may include context-driven factors. Deviating
from them, our work attempts to characterize help-seeking behav-
ior/approach from an individual student’s perspective and study
what is/is not stable for individual students across course contexts.

3 PARTICIPANTS AND DATA COLLECTION
Table 1 summarizes our data collection. Our data is collected at Duke
University, a medium-size, research-oriented, private university in
the Southeastern United States with 15-week semesters. The data
spans 6 courses: introduction to programming (CS1), data structures
and algorithms (DSA), data science (Data), discrete math (DM),
database systems (DB), and algorithm design/analysis (Algo). The
data is collected from Fall 2020 (Fa20) to Fall 2023 (Fa23) while the
number of o!erings for each course varies (see Table 1). Throughout
this paper, we refer to the six courses above as courses, and single
o!erings of a course as classes (20 in total).

Parts of the data were collected during the Covid-19 pandemic
with abnormal instructional contexts. Speci"cally, all synchronous
class meetings were exclusively online over Zoom [65] up to Sp21,
then shifted to a hybrid format in Fa21 where both in-person and
Zoom modalities were available. Data remained hybrid throughout
the rest of our scope, while CS1 switched back to in-person in Sp22.
We report the participant demographics in Table 4 in the Appendix.

3.1 Frequency-based help metrics

Class forum. All classes used Piazza [45] for the class forum up to
Sp21 and Ed discussions [11] since Fa21. Both data sources captured
the timestamps of all thread initiations and comments/responses,
total number of days each student was active on the forum, and how
many posts/comments/responses each student read. When aggre-
gating how many threads/comments/responses each student con-
tributed (i.e., wrote), we exclude all comments/responses to threads
initiated by a sta! member. These posts are mostly announcements
instead of help-seeking attempts. Due to di!erent classes hav-
ing di!erent policies on regulating the use of private/anonymous
posts on their class forums, we did not analyze the number of
private/anonymous posts for each student in our analyses.

Consulting hours. Throughout this paper, we use consulting hours
to refer to what past works also called o$ce hours or tutoring hours:
a designated time/place where students get helped by a class sta!
member (an instructor, a graduate TA, or an undergraduate TA) on
one-on-one basis. For all classes in our data, most of their regular
consulting hours were o!ered in the evenings, and most of help
interactions were carried out by undergraduate TAs. All classes
collected the timestamps of interactions between students and TAs,
but only Data-Sp23 and Data-Fa23 collected student-instructor
interactions. We excluded the interactions where the wait time
(the time the student stayed in the queue) exceeded four hours
or the interaction duration was not between 1-60 minutes; such
interactions were mainly due to human errors.
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Table 1: Summary of participants and data collection. An ↑ in a cell represents that data was collected from that class. For the
Order survey, ↑ represents the survey was administered once at the midpoint of the semester, and a 2 represents the survey
was administered twice, at the midpoint and end of the semester. CS1-Fa23 is omitted: being the entry course, no students took
it with another course simultaneously. There is no data for DSA from Fa21-Fa22 as consent was not collected. Class forum
usage data includes timestamps of each post/comment/response, total number of posts/comments/responses read, and total
number of days active on forum for each student. Consulting hours usage data includes timestamps of each interaction, for
which the type of help requested was only collected in some classes (due to platform di"erences).

Course Semester Participants Class forum Consulting hours Questionnaires
Total Consenting Usage Usage Type of help Order Collab

CS1

Fa20 198 152 (76.8%) ↑ ↑ ↑
Sp21 216 157 (72.7%) ↑ ↑ ↑ ↑
Fa21 241 177 (73.4%) ↑ ↑ ↑ ↑
Sp22 221 152 (68.8%) ↑ ↑ ↑ ↑
Fa22 262 183 (69.9%) ↑ ↑ ↑ ↑
Sp23 218 163 (74.8%) ↑ ↑ ↑ ↑ ↑

DSA
Sp21 276 217 (78.6%) ↑ ↑ ↑ ↑
Sp23 331 238 (71.9%) ↑ ↑ 2 ↑
Fa23 390 272 (69.7%) ↑ ↑ 2 ↑

Data

Sp21 217 181 (83.4%) ↑ ↑ ↑
Fa21 198 144 (72.7%) ↑ ↑ ↑
Sp22 209 145 (69.4%) ↑ ↑ ↑
Fa22 208 152 (73.1%) ↑ ↑ ↑ ↑
Sp23 234 160 (68.4%) ↑ ↑ ↑ ↑
Fa23 82 66 (80.5%) ↑ ↑ ↑ ↑

DM Sp23 128 94 (73.4%) ↑ ↑ ↑ ↑
Fa23 120 94 (78.3%) ↑ ↑ 2 ↑

DB Fa23 330 183 (55.5%) ↑ ↑ ↑ ↑

Algo Sp23 298 202 (67.8%) ↑ ↑ 2 ↑
Fa23 160 123 (76.9%) ↑ ↑ 2 ↑

(a) # of Class Forum Threads Initiated. (b) # of Class Forum Contributions
(Threads/Comments/Answers).

(c) # of Total Views on Class Forums.

(d) # of Days Active on Class Forums. (e) # of Consulting Hours Interactions. (f) # of Social Help Requests
(sum of Parts 1a and 1e).

Figure 1: Histograms and KDEs for frequency-based help metrics across all CS1 o"erings.
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Frequency-based help metrics. Figure 1 plots the histograms for
each frequency-based help metric for CS1, where the bar heights
represent the percentage of students across all CS1 o!erings (see
Table 1) with that many help requests/events. Similar to what has
been reported by past works [18, 33, 50], the distributions of ac-
tive [63] help requests exhibit an extremely right-skewed long-tail
behavior with a mode of zero, including number of forum threads
initiated (Figure 1a), number of forum threads/comments/answers
contributed (Figure 1b), number of consulting hours interactions
(Figure 1e), and number of social help requests (the sum of the
number of forum threads initiated and the number of consulting
hours interactions, plotted in Figure 1f). On the other hand, distribu-
tions of passive help requests are still right-skewed but do not have
modes at zero. This includes number of total views on the forums
(Figure 1c) and number of days active on the forums (Figure 1d).

We report the complete set of course-level histograms (i.e., a
histogram that aggregates across all o!erings of a course for each
metric) in Figure 6 in the Appendix. The help demands vary from
course to course as part of their instructional contexts, with the
most salient observable di!erences being the consulting hours inter-
actions distributions (See Figure 6e in the Appendix). This combined
with the fact that none of the six metrics are close to being normally-
distributed motivates normalizing each metric by percentiles before
our analyses (see Section 4.1).

3.2 Type of help in consulting hours
In addition to the frequency-based help metrics, CS1, Data, and DB
collected the type of help requested in each consulting hours inter-
action via a pre-interaction survey in the MyDigitalHand queueing
app [44]. Students were required to "ll out this survey before sub-
mitting each help request in MyDigitalHand. On the other hand,
DSA, DM, and Algo used an internal queueing platform where the
type of help was not collected.

The MyDigitalHand pre-interaction survey captures where the
students’ help needs were in terms of their problem-solving pro-
cesses. CS1 used Hilton et al.’s [24] seven steps for the options,
while Data and DB used another problem-solving framework de-
tailed in Table 5 in the Appendix. We follow the Understand, Plan,
Implement, and Correctness (UPIC) framework [56] and the map-
pings provided there to bucket the problem-solving steps in each
class into UPIC phases to allow for inter-class comparisons. The
type of help question was multiple choice in CS1 Sp21-Sp23 and
select-all-that-apply in all other classes. Note that the type of help
question is asked once per interaction, and thus is fundamentally
di!erent than the per-student surveys that we outline below.

3.3 Per-student surveys

Order of help resource usage. In Data-Fa22 and all classes since
Sp23, we surveyed students on their order of help resource usage (the
Order survey hereon). The survey was administered at (or slightly
later than) the midpoint of each semester. In some of the classes (see
Table 1), the survey was also repeated at the end of the semester.

The survey asks all students to group and rank all available help
resources in the class in their ideal order of resource usage. The
survey’s list of available help resources depended on each class’

context. More speci"cally, we asked the students to “put the ac-
tion(s)/resource(s) that they utilize "rst if/when they need help (as-
suming available) in group 1”, and then “put the action(s)/resource(s)
that they turn to when the !rst group of action(s)/resource(s) are un-
available or not helpful enough in group 2”, and so on. Students
could use up to 3 groups and could omit resources that they did
not use. Please see Table 6 in the Appendix for a detailed table of
available help resources in each class.

Note that the Order survey asks for students’ ideal order of re-
source usage (which is agnostic to the availability/accessibility of all
resources) rather than their typical order of resource usage (which
is highly in$uenced by availability of each resource in the course’s
help ecosystem). Therefore, this survey is fundamentally di!erent
from asking students to report their frequencies of using each of
the resources [12, 55, 60] (see Section 4.5 for more discussions).

Collaboration. All courses except Data had discussion/lab sec-
tions in which students were expected but not enforced to work
with peers on course material. These classes administered a Col-
lab survey (along with the Order survey, whenever the latter was
present). In the Collab survey, students were asked to report their
sentiments on the claim “I work collaboratively with other students
in discussion/lab” from a 5-options Likert question with options
from “Strongly disagree” to “Strongly agree”.

3.4 Participants !ltering
To analyze students’ help-seeking characteristics across course con-
texts, we "lter for students that appear in two ormore courses/classes
in our data (no students repeated any course). This leaves 597 stu-
dents in our sample that appeared in 2-5 courses/classes. Speci"cally,
464/100/30/3 students appeared in 2/3/4/5 courses/classes respec-
tively (see Figure 2a), while no students appeared in 6 courses/classes.

(a) Histogram of # of courses (classes) students appeared in.

(b) Heatmap of course intersections.

Figure 2: Students participating in multiple datasets.
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Table 2: Spearman’s 𝑀 test results between students’ raw/normalized frequency-based help metrics in two di"erent classes. All
𝑁-values are Bonferroni-adjusted and are signi!cant at the 0.05 signi!cance level after adjustments. 95% con!dence intervals of
𝑀 are obtained via Fisher’s 𝑂-transform and are raw (unadjusted).

Raw metrics Normalized percentiles
Metric (Corresponding Figure) 𝑀 95% CI of 𝑀 Adjusted 𝑁 𝑀 95% CI of 𝑀 Adjusted 𝑁

Number of class forum threads initiated (Figure 6a) 0.47 [0.43, 0.59] 5.9e-35 0.44 [0.39, 0.55] 1.2e-30
Number of class forum contributions (Figure 6b) 0.47 [0.42, 0.59] 1.4e-34 0.44 [0.39, 0.55] 6.3e-31
Number of total views on class forums (Figure 6c) 0.47 [0.43, 0.59] 2.8e-35 0.58 [0.58, 0.74] 2.4e-56
Number of days active on class forums (Figure 6d) 0.52 [0.49, 0.65] 3.4e-43 0.56 [0.56, 0.72] 3.3e-52
Number of consulting hours interactions (Figure 6e) 0.41 [0.36, 0.52] 6.9e-27 0.40 [0.35, 0.51] 8.6e-26
Number of social help requests (Figure 6f) 0.49 [0.45, 0.61] 7.8e-38 0.49 [0.46, 0.62] 2.1e-38

Figure 2b demonstrates, for each pair of courses, the number
of students that appeared in both courses in our data (regardless
of which classes). Note that students that participated in more
than two courses/classes appear more than once in this heatmap,
and thus the sum of all nonzero cells exceeds the total number of
students in our analyses.

4 RESULTS
4.1 Frequency-based help metrics:

frequent help-seekers remain frequent
help-seekers

We examined frequency-based help metrics and found them to be
more individual-driven than context-driven. For all 597 students
that participated in multiple classes in our data (see Figure 2), we
obtained their help platform usage metrics in the (chronologically)
"rst and last classes they took in our data. For tie-breaking among
classes in the same semester, we treated the lower-divisional class
(with the smaller course number at the institution) as the “earlier”
class. By picking each student’s two courses that are farthest away
from each other from either the chronological or the curriculum
perspective, we are likely to get the “most distant” snapshots of the
students’ help-seeking approach. The more distinct instructional
contexts we examine, the more likely that any e!ect that we may
observe is individual-driven.1

For each frequency-based help metric listed in Section 3.1, we ran
a Spearman’s 𝑀 test between students’ metric values for their earliest
classes and that for their latest classes. We use the non-parametric
Spearman’s 𝑀 test because none of the metrics are normally dis-
tributed. To further control course-speci"c contexts (such as the
varying levels of help demand related to course contents) and class-
speci"c contexts (such as total number of assignments that heavily
in$uences help-seeking frequencies), we normalized each metric
by percentiles among all students in the respective class.

1We acknowledge here that a more robust approach would be to analyze the intersec-
tion of each pair of courses/classes separately, so that we do not rely on this assumption
about instructional contexts, but our data is too sparse for this approach. However,
note that most of our students (464/597, see Figure 2a) only appear in two courses
in our data, and thus the choice of using the two farthest-away courses only really
a!ects 133/597=22.3% of the pairs. As a baseline, we also ran the same analysis after
randomly shu%ing each student’s records, which completely disregards any chrono-
logical/curriculum consideration. All frequency-based metrics still remain strongly
correlated under this setting.

Table 2 shows, for each frequency-based help metric, the Spear-
man’s 𝑀 test results for both the raw metric and the normalized
percentiles. Regardless of being normalized or not, every metric
exhibits a strong ordinal correlation e!ect (𝑀 spans 0.41-0.52 for raw
metrics and 0.40-0.58 for normalized percentiles). In other words, a
student that seeks help more frequently according to any one of
these metrics in their earlier class (compared to their peers in the
class, if normalized) tends to also seek the same form of help more
frequently in their later class, and vice versa.

Collectively, these results hint individual social help-seeking fre-
quencies relate heavily to students’ personal approaches.

4.2 Students’ type of help requested in
consulting hours does NOT seem to stay
consistent across courses

We found the type of help students request in consulting hours to
be more context-driven than individual-driven. Our analyses for
type of help in consulting hours are based on a smaller subset of
78 students due to the sparsity of help records. More speci"cally,
among the 597 students that participated in multiple classes in our
data, only 277 (46.4%) of them participated in multiple classes in
which the type of help requested in consulting hours interactions
were collected (see Table 1 and Figure 2b). Furthermore, only 90
students (32.5% of the 277) utilized consulting hours in two or more
classes where the class collected the type of help requested. Finally,
only 78 students (86.7% of the 90) had at least one UPIC-captured
interaction in two or more classes.2 Our analyses throughout this
subsection are thus based on these 78 students.

For each student and each pair of their classes, we measured
the di!erence between the student’s consulting hours interactions
for those two classes (in terms of problem-solving phases) using
the Cityblock distance between normalized distributions of UPIC-
captured consulting hours interactions. Intuitively (and informally),
for each pair of their classes, we compare the two corresponding
normalized distributions and obtain how much probability weight
is “shifted” between the two distributions. For example, consider a
student who has two interactions (one Understand and one Plan)
in class A and four interactions (all in Understand) in class B. The
two normalized distributions can be represented as ↓ 12 , 12 , 0, 0↔ and
2In other words, 12 of the 90 students only utilized consulting hours for non-problem-
solving-related reasons (e.g., seeking technical help on installing software/con"guring
environments) in at least one of their classes.
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(a) All students (𝐿 = 78).

(b) Heavy users (3+ interactions per class, 𝐿 = 39).

Figure 3: Distribution of mean Cityblock distance. Data has
𝐿 = 78 students; 68/9/1 students had at least one consulting
hours interaction captured by the UPIC framework in 2/3/4
classes, respectively. 39 out of the 78 students had at least 3
UPIC-captured interactions in multiple classes.

↓1, 0, 0, 0↔ respectively for the two courses. As such, the Cityblock
distance between these two vectors is 1

2 , as a probability weight
of 1

2 “shifted” from the Understand phase to the Plan phase from
class A to class B. This metric has a range of 0 to 1: a distance of 0
happens when the two distributions are identical, and a distance of
1 happens when the two distributions are completely disjoint.

For studentswithmore than two classes’s worth of UPIC-captured
consulting hours records, we took the mean of the Cityblock dis-
tances over all pairs of their classes. As such, each student’s mean
Cityblock distance is still between 0 and 1, capturing (in aggregate)
how similar/di!erent their consulting hours usage records across
all of their classes are, in terms of problem-solving phases.

Figure 3a shows the distribution of all 𝐿 = 78 students’ mean
Cityblock distances. While our previous work on type of help
sought in consulting hours [33] found that most consulting hours
users have an individual “primary UPIC phase” that the majority
of their records fall in, our analysis here reveals that these primary
phases, and students’ distributions in general, do not seem to stay
consistent from course to course. Indeed, a student with the same
“primaryUPIC phase” throughout all of their classes can never have
a mean Cityblock distance of 0.5 or higher,3 and yet the median
student in Figure 3a had a mean Cityblock distance of 0.51.

Of particular note, a signi"cant portion (12/78 = 15.4%) of the
students have a mean Cityblock distance of 1.0. However, these are
mainly students with very sparse interaction records in some or all
of their classes: if a student used consulting hours only once in each
of their two classes, and the two interactions are not of the same
UPIC phase, they would easily have a mean Cityblock distance of
3This is because the probability weight attributed to their primary phase would be
larger than 0.5 in all of their empirical distributions.

1.0. Such a result speaks more volume about the sparsity of their
records than whether their type of help sought in consulting hours
remain consistent across courses.

Therefore, following the earlier work [33], we discarded all stu-
dent records with less than three UPIC-captured interactions in a
class, keeping only the heavy consulting hours users in the dataset.
Figure 3b plots the distribution for the remaining 𝐿 = 39 (50.0%)
students who had 3+UPIC-captured interactions in multiple classes.
As shown in the "gure, after further "ltering away sparse records,
the mean Cityblock distances for heavy users are still quite high
(median = 0.48), showing substantial distributional di!erence across
students’ own consulting hours usage records.

In all, our results suggest type of help requested in consulting hours
more depend on course context and less on individual approaches. In
other words, the distribution of type of help requested should not be
considered part of a student’s individual help-seeking approach.

We also repeated the same analysis using another slightly di!er-
ent metric (the meanHellinger distance [6]), yielding similar results.
Please see Appendix B for the formal mathematical de"nitions of
all metrics used (including for Cityblock) as well as the results for
the mean Hellinger distance.

4.3 Order of help resource usagemay be a key
part of student’s help-seeking approach

We found the order of students’ ideal help resource usage to be more
individual-driven than context-driven. Due to the Order survey not
administered in earlier semesters (see Table 1), only 260 among
the 597 (43.6%) students that participated in multiple classes in our
data answered the Order survey in multiple classes. Recall that
each time a student answered the Order survey, they provided an
order function from the set of all available help resources in that
class’s ecosystem (see Table 6 in the Appendix) to the used !rst,
used second, used third, and never used (NA) groups in the survey.

We thus need more metrics to quantify the disagreement of two
order functions. Table 3 lists all four metrics we de"ne–Normalized
Undirected Disagreement (NUD), Normalized Directed Disagreement
(NDD), Normalized Pairwise Swap (NPS), and Normalized Toggled
Resources (NTR)–between two order functions as well as a running
example using "ve resources.

These metrics play di!erent roles in capturing how a pair of
order functions are “di!erent from each other”. The Normalized
Undirected Disagreement (NUD) is the most intuitive and captures
how much the two functions “disagree” with each other. However,
it also overestimates the disagreement, as it inherently captures the
potential di!erence in students’ help need in di!erent contexts; if
a student has the same ideal order of help resource usage in two
classes, but simply does not need as much help in class B as in class
A, they might put every resource in a later group in class B than
in class A, which would result in a NUD of 1.0 (100%). The NDD
metric captures this phenomenon as a baseline that quanti"es the
overestimation in NUD: if all the resource movements are simply
due to the student “moving the entire function forward/backward”,
we can expect their NDD to be equal to or near their NUD.

Unlike NUD, NPS attempts to conservatively measure the dis-
agreement between two functions in a pairwise fashion: the relative
order of two help resources being strictly swapped between the
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Table 3: De!nition and running example onmetrics for order functions. The de!nitions are based on two general order functions
𝑃1 : R1 → {1, 2, 3, 4} and 𝑃2 : R2 → {1, 2, 3, 4}, where R1 and R2 are the set of available help resources in the two classes’ help
ecosystems, and 1, 2, 3, 4 represent the used !rst, used second, used third, and never used groups in the Order survey, respectively.
For the running example, consider the common help context of 5 help resources R = {𝑄𝑀, 𝑄𝑁 , 𝑄𝑂 , 𝑄𝑃 , 𝑄𝑄 }, where a student indicated
𝑅1 (𝑄𝑀) = 1, 𝑅1 (𝑄𝑁 ) = 1, 𝑅1 (𝑄𝑂 ) = 2, 𝑅1 (𝑄𝑃 ) = 3, 𝑅1 (𝑄𝑄 ) = 4 in the !rst survey, and
𝑅2 (𝑄𝑀) = 2, 𝑅2 (𝑄𝑁 ) = 1, 𝑅2 (𝑄𝑂 ) = 3, 𝑅2 (𝑄𝑃 ) = 4, 𝑅2 (𝑄𝑄 ) = 2 in the second survey. (Note that 𝑅1 and 𝑅2 are speci!c instances of 𝑃1 and 𝑃2.)

Metric Intuition Formal De"nition (R ! R1 ↗ R2) Running Example on 𝑅1 and 𝑅2
Normalized proportion of resources !!!!

{
𝑅 ↘R:𝑆1 (𝑅 )ω𝑆2 (𝑅 )

}!!!!
| R |

NUD(𝑅1,𝑅2) = 4
5 = 0.8;

Undirected that moved groups all resources except 𝑄𝑁
Disagreement (NUD) between 𝑃1 and 𝑃2 moved groups between 𝑅1 and 𝑅2
Normalized net proportion of resources !!!!!!{𝑅 ↘R:𝑆1 (𝑅 )>𝑆2 (𝑅 )

}!!!≃!!!{𝑅 ↘R:𝑆1 (𝑅 )<𝑆2 (𝑅 )
}!!!!!!

| R |

NDD(𝑅1,𝑅2) = |1≃3 |
5 = 0.4;

Directed that moved forward/backward 1 resource (𝑄𝑄 ) moved “forward”,
Disagreement (NDD) from 𝑃1 to 𝑃2 (or vice versa) 3 (𝑄𝑀 , 𝑄𝑂 , and 𝑄𝑃 ) moved “backward”
Normalized proportion of resource pairs

2·
!!!{𝑅 ,𝑅 ⇐ ↘R:(𝑆1 (𝑅 )≃𝑆2 (𝑅 )) · (𝑆1 (𝑅 ⇐ )≃𝑆2 (𝑅 ⇐ ))<0}!!!

| R | · ( |R |≃1)

NPS(𝑅1,𝑅2) = 2·2
5·4 = 0.2;

Pairwise whose relative order swapped only two pairs, (𝑄𝑂 , 𝑄𝑄 ) and (𝑄𝑃 , 𝑄𝑄 ),
Swap (NPS) between 𝑃1 and 𝑃2 had their relative order swapped
Normalized proportion of resources that !!!!

{
𝑅 ↘R:(𝑆1 (𝑅 )=4,𝑆2 (𝑅 )ω4)⇒(𝑆1 (𝑅 )ω4,𝑆2 (𝑅 )=4)

}!!!!
| R |

NTR(𝑅1,𝑅2) = 2
5 = 0.4;

Toggled are never used in one two resources (𝑄𝑃 and 𝑄𝑄 ) were
Resources (NTR) of 𝑃1 and 𝑃2 but not the other “toggled” on/o! between 𝑅1 and 𝑅2

two functions is concrete evidence that students’ ordering indeed
changed regarding the two resources in question, agnostic to any
potential context in$uences.

Finally, there is the question of whether students actually order
the available help resources in the granularity that the survey ex-
pected. NTR gets to this idea as a cruder version of NUD. More
speci"cally, some students may not order the help resources into
multiple sequential groups, and instead only categorize them into
what they use and what they do not use (in other words, merging
the "rst three groups in our surveys into one). NTR is exactly what
NUD reduces to in this scenario.

In sum, using all four metrics allows us to more holistically
examine whether the same student’s two order functions disagree
at all (NUD in granularity and NTR without the granularity), and
when they do, whether it is due to potential di!erent levels of help
needs (NDD) or actual ordering swaps (NPS). In other words, we
can more con"dently say two functions disagree with each other if
they have high NUD and NPS but relatively low NDD and NTR.

Figure 4 illustrates the empirical distribution of each metric
mentioned above. Similar to our approach in Section 4.2, for the
students that responded to the Order survey in more than two
classes (30 out of a total of 260), we obtain the mean of each of
the four metrics across all pairs.4 Every data point in Figure 4 is
therefore a student, and the "gures are the distributions of the
means of the metrics. To ensure fair comparison, we only used the
mid-semester Order surveys from all classes.

Our results suggest that what resource(s) a student uses and in
what relative order(s) stay rather consistent for a student in di!erent
class contexts. As shown in Figure 4a, the mean NUD values are
rather high (both the mean and the median are at 0.50) and are
distributed rather evenly between 0 and 1 without obvious spikes,

4In other words, for a student that "lled out the Order survey in classes A, B, and C,
their mean NUD would be the mean of three values: their NUD between classes A
and B, their NUD between classes A and C, and their NUD between classes B and C.

which at the "rst glance may seem to imply students rank many re-
sources into di!erent groups in di!erent classes. However, students’
mean NDD values (plotted in Figure 4b) hints that a substantial
part of NUD can be explained by NUD, or in other words, students
“shifting the entire distribution forward/backward” according to
their di!erent levels of help need. While the distribution of the
mean NDD is still meaningfully lower than that of the mean NUD,
the mean of students’ mean NDD values is 0.30 (which is 60% of
that of NUD), suggesting that the disagreement between students’
rankings is not as high as what Figure 4a implies. Indeed, as shown
in Figure 4c, few pairs of resources (mean = 8%; median = 3%) ac-
tually got their relative order swapped between di!erent classes.
Note that a student can have nonzero values of NUD and NDD but
have a zero value for NPS if they do not completely swap the order
of any pair of resources. Finally, Figure 4d shows that relatively
few resources (mean = 15%; median = 11%) are used by a student
in one class but not in the other, further suggesting that students’
selections of help resources to use are consistent across courses.

To further contextualize the results in Figure 4, we calculated
the same metrics (and plotted their distributions in Figure 5) be-
tween each student’s response to the mid-semester Order survey
and that to the end-of-semester Order survey in all classes that
administered both, and found the results to be quite similar to that
in Figure 4. These measurements benchmark how much a student’s
self-reported order of help resource usage could $uctuate in the
same class context within a timeframe of 1-2 months. As shown in
the results, for all four metrics, the empirical distribution of the
metric between two responses in the same class (Figure 5) does not
substantially di!er from that of the mean metric across students’
responses in all pairs of their classes (Figure 4). In other words, we
observed students’ self-reported order of help resource usage did not
meaningfully di#er more across courses than within the same courses,
and thus order of help resource usage is likely a key part of student’s
individual help-seeking approach.
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(a) Mean NUD (mean = 0.50; median = 0.50; std = 0.22).

(b) Mean NDD (mean = 0.30; median = 0.25; std = 0.21).

(c) Mean NPS (mean = 0.08; median = 0.03; std = 0.10).

(d) Mean NTR (mean = 0.15; median = 0.11; std = 0.17).

Figure 4: Histograms of mean distance metrics across all
pairs of each student’s order of help resource usage functions.
Data has 𝐿 = 260 students; 230/29/1 students responded to the
Order survey in 2/3/4 classes, respectively.

4.4 Collaboration inclinations seem to depend on
context

We found students’ collaboration inclinations to be more context-
driven than individual-driven in our data.

A total of 273 students responded to the Collab survey in more
than two courses. For each of these 273 students, we identi"ed their
"rst and last classes taken using the same procedure in Section 4.1.
We then ran Spearman’s 𝑀 test on their responses to the Collab
question across di!erent courses. Note that students’ responses to
the Likert question (from “Strongly disagree” to “Strongly agree”)
are ordinal, enabling us to rank the responses without converting
them to numbers. This test did not reveal any signi"cant correlation
(𝑀 = 0.07, 𝑁 = 0.26) between students’ collaboration inclinations in
their earlier and later classes.

However, di!erent classes have slightly di!erent collaborative
cultures in the small-section environments. To control for class-
speci"c context, we further normalized students’ responses by order

(a) NUD (mean = 0.46; median = 0.45; std = 0.22).

(b) NDD (mean = 0.27; median = 0.27; std = 0.21).

(c) NPS (mean = 0.06; median = 0.04; std = 0.08).

(d) NTR (mean = 0.15; median = 0.14; std = 0.16).

Figure 5: Histograms of distance metrics between students’
mid-semester and end-of-semester responses to the Order
survey. Data has 𝐿 = 929 entries, each being a student in a
class where the Order survey was administered twice.

percentiles per class, which is again feasible due to the Likert options
are ordinal. The Spearman’s 𝑀 test on the percentiles showed similar
results to that on the raw data (𝑀 = 0.11, 𝑁 = 0.08).

In sum, we did not "nd any signi"cant relation between students’
responses to the Collab survey across di!erent courses, as the e!ect
sizes were positive but weak (and insigni"cant) for both analyses.
In other words, how collaboratively a student works with others
in small-scale discussion/lab sections does not strongly correlate
from class to class, and thus should not be treated as part of the
student’s help-seeking approach.

4.5 Could resource availability have a"ected
order of usage?

By administering the Order survey, we sought to gain more insight
on students’ help resource utilization patterns in a di#erent lens
than just looking at students’ (self-reported or platform-recorded)
frequency of using each formal resource. We thus phrased the
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survey to speci"cally ask for students’ ideal order of resource usage
assuming all resources are available, which makes it fundamentally
di!erent than existing qualitative works on a similar question [12,
60] in which students’ typical order was the main focus. In other
words, the Order survey attempts to abstract away all resource
availability contexts, although still using a contextualized list of
course-speci"c help resources. As such, the responses to the Order
survey (students’ ideal order of resource usage) should not be directly
compared against their order of resource usage in their actual help-
seeking records, because the former is context-agnostic and the latter
is contextualized.

However, to explore whether there are signi"cant discrepancies
between the two versions of resource usages (which would im-
ply the ecosystems being observed are not ideal for the students),
we still attempted a crude comparison in a few classes whose help
ecosystemsweremore conducive to examining the order of resource
usage in students’ actual records. Speci"cally, in both CS1-Sp23
and DS-Sp23, our data satis"es the following: (i) the Order survey
was administered; (ii) all forum posts and consulting hour inter-
actions were annotated (by students themselves) with the speci"c
course component (granular to the assignment level); (iii) there
was clear delineation between UTA-hosted consulting hours vs.
GTA/instructor hosted ones (see Table 6 in the Appendix); and
(iv) student identities could be linked across di!erent data sources.
Therefore, we were able to observe all occurrences in which a stu-
dent (in either of these two classes) utilized more than one formal
help resources for the same course component (e.g., a speci"c assign-
ment), then compare whether their order of utilizing the resources
match their self-reported ideal order in the survey.

Our results showed that only 13.5% (50 out of 369) of CS1-Sp23
observations and 16.0% (50 out of 313) of DS-Sp23 observations
showed a mismatch between students’ Order survey response and
their actual usage, i.e., student utilized help resources in a di!erent
order than what they indicated in the survey. Note that only when
a student accessed two or more formal help resources for the same
assignment would it count as an observation.

Furthermore, 40% (20/50) of the CS1-Sp23 discrepancies and 54%
(27/50) of the DS-Sp23 discrepancies were occurrences in which
student utilized an alternative resource during a time when the
resource that they would prefer to utilize !rst was not available. Since
the more preferred resource was not available when these help
utilization happened (i.e., the situation was not ideal), these students
technically did not deviate from their self-reported ideal order of
resource usage.

In sum, our preliminary comparison shows that (i) students’
actual order of utilizing formal resources mostly match their self-
reported ideal order, and (ii) a signi"cant part of discrepancies might
be attributed to availability reasons.

5 LIMITATIONS AND FUTUREWORK
Scope of study. Our data on students’ help-seeking records only

include formal (i.e., course-a#liated) platforms and does not cap-
ture informal help-seeking such as the frequency students seek
help from friends/classmates, online resources, LLMs, etc., which
is nonetheless a substantial part of their help-seeking approach.

Furthermore, the six courses in this study are all at the same in-
stitution and have rather consistent instructional context (e.g., a
prominent culture of UTAs, consulting hours are available in the
evenings, etc.) that may have contributed to the overall consistent
trends in the data. Due to platform and/or logistic inconsistencies,
not all kinds of data was collected for every class.

Finally, this study does not capture the fundamental questions
of whether/when students decide to seek help or is the help e#ective
when they seek help. Instead, the study only focuses onwhat students
do exactly when they seek help, in that we characterize their help-
seeking approach by the frequency (of resource usage), the type
(of help), the order (of using resources), and their collaborative
inclination.

Analyses. Due to the sparseness of the data, we could not simply
analyze the intersection of each pair of classes (which would have
made the correlational analyses much more robust). Speci"cally,
the number of overlapping enrolling students is under 50 for all
but two pairs of classes. Given that around half of students in each
class did not seek any formal help throughout the entirety of the
class, analyzing separately by pairs of classes would have rendered
all sample sizes under 30. We thus chose to pool all metrics together
and perform the (noisier) paired tests between students’ records in
an earlier and a later course that they took.

We chose to normalize both students’ frequency-based help met-
rics and collaboration inclination using percentiles, which is not a
perfect normalization technique and is prone to ignore the relative
magnitude of observations. Had the data been less sparse, a more
robust strategy would be using a more sophisticated model (e.g., a
mixed-e!ects model) to account for potential di!erences in help
demands amongst di!erent o!erings of the same course. Never-
theless, our results for both parts stayed consistent before/after
normalization, and thus it is unlikely that the normalization caused
any systematic error for the purposes of our analyses.

Data Collection Inaccuracies. Each of our data sources has its
own limitation on the granularity of data collected. For consult-
ing hours, existing queueing apps do not well-capture the act of
a teaching sta! member helping multiple students at a time (due
to similar help requests) or bouncing back-and-forth between stu-
dents (leaving time for students to digest the help and work on
their own for healthier learning). Some interactions might be ac-
cidentally omitted or recorded with an inaccurate duration due
to human error. We thus chose not to analyze the total duration
across all consulting hours interactions for a student. Finally, not
all kinds of help students sought in consulting hours were captured
by the (course-speci"c) categories, and the process of bucketing
the interactions into UPIC phases might lose some nuances.

For the class forum, both the number of days active on the forum
and the total number of read actions performed by a student are
aggregated over the entire semester and are not thread-speci"c. We
therefore were not able to distinguish between general forum use
(e.g., for reading logistic announcements) and help-seeking actions
for these two metrics, or account for how di!erent teaching teams
used the forum in di!erent ways. The data also did not capture the
amount of help students requested in each thread/post, as some
students preferred to ask one question per thread while others
combined several questions into one thread.
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For both the Order and the Collab surveys, the granularity of
available options per question is limited: students had to group all
help resources into four buckets and estimate their collaboration
with peers using a 5-option Likert question. Finally, not all students
answered all questions in each survey.

Demographic Variables. One interesting direction is to study the
relation between demographic variables and the many help-seeking
characteristics analyzed in this study. Due to the underlying student
body being not very demographically diverse (see Table 4) and the
sparsity of data, we plan to study the e!ects around single demo-
graphic variables as well as intersectionality after accumulating
more data.

Interaction between help resources. Our study focuses on indi-
vidual students and the (cor-)relation between individual students’
help-seeking records/approaches in di!erent contexts. As such, we
do not analyze the interaction between help resources (e.g., whether
the frequencies of getting help on the class forum and in consulting
hours are correlated, and in which direction, etc.). We leave such
research questions to a future paper on its own.

6 CONCLUSIONS
Our work is a preliminary attempt in characterizing computing stu-
dents’ individual help-seeking approaches. Our analyses revealed
that frequency-based help metrics and students’ ideal order of re-
source usage stay consistent for individual students across dif-
ferent course contexts, and thus may be treated as part of their
individual help-seeking approaches, while type of help sought in
consulting hours and whether students collaborate with peers in
lab/discussions do not exhibit as much consistency. Although many
interesting questions remain, our work adds evidence that individ-
ual help-seeking approaches do exist and should be considered an
essential part of any model of the help-seeking process while also
showing that not every bit of students’ help-seeking characteristics
is part of their approach.
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A SUPPLEMENTARY MATERIAL FOR SECTION 3

Table 4: Student demographics (consenting students only). Not all consenting students responded to the demographics survey;
in classes where the demographics were collected in a separate survey, the number of consenting responses to the survey could
be less than the number of consenting students. Black includes African American, and 2+ stands for multiracial. Values lower
than 5 are replaced with an asterisk. Not all data was collected in all classes, and not all students answered all questions.

Course- # consenting Gender Race Hispanic Year
Semester students (responses) Men Women Nonbinary White Asian Black 2+ Other 1 2 3 4

CS1

Fa20 152 152 75 73 * 74 42 12 13 * 19 - - - -
Sp21 157 141 47 93 * 65 50 8 11 * 15 92 22 22 5
Fa21 177 161 64 94 * 80 48 15 13 * 22 87 48 14 11
Sp22 152 124 48 76 * 63 38 * 16 * 22 81 27 10 6
Fa22 183 175 - - - - - - - * - 106 32 23 14
Sp23 163 163 63 90 * 90 35 11 15 * 20 101 25 16 16

DSA
Sp21 217 212 136 75 * 94 81 13 14 * 22 143 53 12 *
Sp23 238 238 125 110 * 89 97 20 15 * 31 176 39 18 *
Fa23 272 272 167 97 5 100 131 14 13 14 24 157 93 15 5

Data

Sp21 181 181 79 93 * 76 69 12 12 * 16 10 40 68 57
Fa21 144 144 78 62 * 61 55 9 10 * 10 * 30 60 48
Sp22 145 145 84 55 * 59 63 8 5 * 11 10 56 46 27
Fa22 152 152 83 65 * 41 83 8 12 * 14 * 34 54 54
Sp23 160 160 92 61 * 63 67 7 15 * 23 21 68 50 20
Fa23 66 66 33 32 * 22 33 * 6 * 7 * 19 18 29

DM Sp23 94 62 33 27 * 18 29 6 5 * 8 14 25 22 *
Fa23 94 94 49 42 * 23 44 5 13 7 7 5 42 37 10

DB Fa23 183 183 104 74 * 61 97 6 9 * 21 * 34 75 68

Algo Sp23 202 202 120 77 * 89 88 12 11 * 18 * 44 91 67
Fa23 119 119 83 34 * 45 59 8 5 * 11 * 9 36 65

Table 5: Mapping from class-speci!c problem-solving step/phases to UPIC [56] (Understand, Plan, Implement, and Correctness)
phases. Note that only CS1, DSA, and Data collected the type of help sought in consulting hours.

Course Option Understand Plan Implement Correctness

CS1

Doing an instance of the problem (Step 1 of the 7-steps [24]) ↑
Developing a plan to solve a problem (Steps 3 and 4 of the 7-steps) ↑
Writing the code to solve a problem (Step 5 of the 7-steps) ↑
Testing my program (Step 6 of the 7-steps) ↑

DSA

Understanding a problem or directions ↑
Reviewing past materials/concepts ↑
Planning how to solve a problem / thinking about what code to write ↑
Implementing my plan / writing my code ↑
Testing / understanding my code and debugging ↑

Data

Understanding a problem or directions ↑
Understanding a concept from class ↑
Planning how to solve a problem before getting into the math/code details ↑
Writing the math/code details to solve a problem ↑
Validating/testing/debugging my solution ↑
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(a) Number of Class Forum Threads Initiated.

(b) Number of Class Forum Contributions (Threads/Comments/Answers).

(c) Number of Total Views on Class Forums.

(d) Number of Days Active on Class Forums.

(e) Number of Consulting Hours Interactions.

(f) Number of Social Help Requests (sum of Parts 6a and 6e).

Figure 6: Histograms and KDEs for frequency-based help metrics for each course.
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Table 6: Help resources included in each class’s Order survey. Note that not all classes had the Order survey (See Table 1). An ↑
in a cell indicates the help resource was included in the Order survey as a standalone option. An - indicates the help resource
was not part of the class’s help ecosystem. Otherwise, resources with the same symbols were captured as the same option in the
survey. For example, in DSA-Sp23, Data-Sp23, Data-Fa23, and DB-Fa23, there was an option in the Order survey phrased as
“GTA/Instructor online consulting hours” that captured both resources with the ↭ symbol.

Class CS1 DSA Data DM DB Algo
Resources Sp23 Sp23 Fa23 Fa22 Sp23 Fa23 Sp23 Fa23 Fa23 Sp23 Fa23

Class material ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑
Online resources-static † † ↑ † † ↑ † ↑ ↑ † ↑
Online resources-LLMs † † ↑ † † ↑ † ↑ ↑ † ↑
Classmates ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑
Class forum-read ↑ ↑ ↑ ‡ ↑ ↑ ↑ ↑ ↑ ↑ ↑
Class forum-write ↑ ↑ ↑ ‡ ↑ ↑ ↑ ↑ ↑ ↑ ↑
UTA in-person consulting hours ↑ ↑ ↑ ↫ ↑ ↑ ↬ ⊜ ↑ ⊜ ⊜
UTA online consulting hours ↑ ↑ ↑ ↫ ↑ ↑ ↬ ≿ - ≿ ≿
GTA in-person consulting hours ≳ ≳ - ⪆ ≳ - ↬ ⊜ - ⊜ ⊜
GTA online consulting hours - ↭ - ⪆ ↭ ↭ ↬ ≿ ↭ ≿ ≿
Instructor in-person consulting hours ≳ ≳ ↑ ⊸ ≳ ↑ ⊸ ↑ - ↑ ↑
Instructor online consulting hours ↑ ↭ ↑ ⊸ ↭ ↭ ⊸ - ↭ ↑ ↑
People una#liated ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑

(a) 𝑃CB (𝑇𝑈𝑉 ) , all students (𝐿 = 78). (b) 𝑃H (𝑇𝑈𝑉 ) , all students (𝐿 = 78).

(c) 𝑃CB (𝑇𝑈𝑉 ) , heavy users (𝐿 = 39). (d) 𝑃H (𝑇𝑈𝑉 ) , heavy users (𝐿 = 39).

Figure 7: Distributions of mean distance metrics between all pairs of each student’sUPIC distributions. Data has 𝐿 = 78 students;
68/9/1 students had at least one consulting hours interaction captured by the UPIC framework in 2/3/4 classes, respectively. 39
out of the 78 students had at least 3 UPIC-captured interactions in multiple classes.
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B SUPPLEMENTARY MATERIAL FOR
SECTION 4.2

We present below the formal de"nitions of mean Cityblock and
Hellinger distances used in the analyses in Section 4.2, then present
the results for both to allow for comparison.

De"ne the normalized empirical UPIC vector of each student
𝑆𝑇𝑈’s consulting hours usage history in each class 𝑉𝑊𝑆 as

PUPIC (𝑆𝑇𝑈, 𝑉𝑊𝑆) ! ↓𝑁u, 𝑁p, 𝑁i, 𝑁c↔,
where

𝑁x !
# of 𝑆𝑇𝑈’s interactions in 𝑉𝑊𝑆 in phase x

# of all 𝑇𝑈𝑉’s interactions in 𝑂𝑊𝑇 captured by the UPIC framework
,

for all x ↘ {u, p, i, c}.
Note that the numerator of 𝑁x is not always an integer in some

classes: among the classes in which the type of help question was
select-all-that-apply, 11.4%-25.1% of the interactions were annotated
with multiple UPIC phases. For those interactions, we distributed
an equal weight to each selected phase. For example, an interaction
for which the student selected Understand, Plan, and Implement
will count as 1/3 of an interaction to each of the three phases.

TheCityblock andHellinger distances [6] between two empirical
UPIC vectors P = ↓𝑁u, 𝑁p, 𝑁i, 𝑁c↔ and Q = ↓𝑋u,𝑋p,𝑋i,𝑋c↔ are de"ned
as

𝑌CB (P,Q) !
1
2
()
*

∑
x↘{u,p,i,c}

|𝑁x ≃ 𝑋x |,-
.
,

𝑌H (P,Q) !

√
1 ≃ ()

*
∑

x↘{u,p,i,c}

⇑
𝑁x · 𝑋x,-

.
.

Both distance metrics have a range of 0 to 1, where a distance of 0
happens when the two empirical UPIC vectors are identical, and
a distance of 1 happens when the two empirical distributions are
completely disjoint.

The two metrics measure discrepancies between empirical prob-
ability vectors di!erently. For a concrete example, suppose P =
↓ 14 , 14 , 14 , 14 ↔ (i.e., a uniform distribution) and Q = ↓ 12 , 12 , 0, 0↔ (i.e., a
uniform distribution across only the "rst two phases). Accordingly,
the Cityblock distance puts equal weight on the discrepancies be-
tween each phase’s weights in the two distributions (all four terms
are 1

4 ). On the other hand, the Hellinger distance deems the two
distributions more discrepant in the later two phases than the "rst
two: since the Implement phase has a positive weight in P but no
weight inQ, the two distributions are drastically di!erent regarding
this phase, as opposed to that the Understand phase contributing a

weight of


1
4 · 12 to the negative term.

Each student’s mean Cityblock and Hellinger distances are then
de"ned as

𝑌CB (𝑆𝑇𝑈) !


𝑂,𝑂⇐ ↘C(𝑇𝑈𝑉 ), 𝑂ω𝑂⇐

𝑌CB

PUPIC (𝑆𝑇𝑈, 𝑉), PUPIC (𝑆𝑇𝑈, 𝑉⇐)



|C(𝑆𝑇𝑈) | · ( |C(𝑆𝑇𝑈) | ≃ 1) ,

𝑌H (𝑆𝑇𝑈) !


𝑂,𝑂⇐ ↘C(𝑇𝑈𝑉 ), 𝑂ω𝑂⇐

𝑌H

PUPIC (𝑆𝑇𝑈, 𝑉), PUPIC (𝑆𝑇𝑈, 𝑉⇐)



|C(𝑆𝑇𝑈) | · ( |C(𝑆𝑇𝑈) | ≃ 1) ,

where C(𝑆𝑇𝑈) is the set of classes that student 𝑆𝑇𝑈 participated
in. As such, both mean distances 𝑌CB (𝑆𝑇𝑈) and 𝑌H (𝑆𝑇𝑈) are still
between 0 and 1 for each student 𝑆𝑇𝑈, capturing (in aggregate) how
similar/di!erent each student’s consulting hours usage records
across all of their classes are, in terms of problem-solving phases.

Figure 7 shows the distribution of both metrics. The results using
Hellinger distances are similar to that of the Cityblock distances:
there is a peak at 1.0 (students with sparse records), and the rest of
the values are still high (median = 0.56 for all students and median =
0.48 for heavy users). In other words, regardless of which metric we
use, our results reveal a substantial distributional di!erence across
students’ own consulting hours usage records in terms of their
problem-solving phases, which seems to be driven by instructional
context.
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