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Abstract

Many people want to learn to program but lack access to traditional
classroom instruction. Teaching these novices at scale is crucial for
building a more diverse and capable software engineering work-
force. While online tools like Stack Overflow and ChatGPT offer
help, they can be impersonal or reinforce poor software develop-
ment practices. Anonymous peer-to-peer (P2P) tutoring has the
potential to be an additional place for scalable support, but we lack
a firm understanding of how to best support it for CS pedagogy.

We present a mixed-analysis study of n=108 anonymous, unmod-
erated P2P CS tutoring sessions. We analyze text-based conversa-
tions from Python Tutor, a widely-used learning platform. In this
setting, novice programmers (LEARNERs) request help from volun-
teer programmers (HELPERS) in a shared coding environment. We
present a qualitatively-backed model of user motivations, conversa-
tional dynamics, and LEARNER-reported satisfaction. Surprisingly,
LEARNERS often receive useful (59% of tutoring interactions), low-
toxicity (78% of messages) help without moderation. P2P chats
reflect key phases of the software development process (83% of
chats) and occasionally foster personal connection (17% of chats).
We identify behaviors linked to satisfaction and discuss implications
for scalable peer tutoring system design for CS education.
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Figure 1: Visualization of a Python Tutor chat, showing how
issues are segmented without overlap within a larger chat (5
messages shown out of 36). The LEARNER (blue circle) initi-
ates; a HELPER (green square) joins later. Each issue begins
with a LEARNER ’s request and ends with an outcome (e.g.,
expression of satisfaction by LEARNER). All intervening mes-
sages are annotated with "Communication” types.

1 Introduction

Students learning to program are increasingly turning to online
resources for help, from MOOCs (massive open online courses) [44]
and programming forums such as Stack Overflow [19, 52, 60] to
newer options like Discord communities [4, 15, 59] and conver-
sational Al tools such as ChatGPT [20, 83]. Universities are even
beginning to structure and personalize such support through insti-
tutional Large Language Model (LLM) deployments (e.g., ASU [79],
Harvard [55], etc.). This growing reliance on online resources may
reflect several persistent challenges in computing education: enroll-
ments [41, 42] that may strain available TA budgets, limited oppor-
tunities for non-traditional learners to access timely support [10],
and uneven retention [49, 50, 68]. These challenges disproportion-
ately affect students from underrepresented groups, who are more
likely to feel unsupported [29].

Online resources offer partial solutions to these problems by
expanding access to help while reducing reliance on in-person
staff. While usable at scale, these platforms are not without limita-
tions. Sites like StackOverflow or MOOCS can feel impersonal or
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unmotivating [6, 14], leading to low retention in practice [45]. In
contrast, Al tools often provide direct answers that may not foster
deeper reflection or learning [63, 83]; Al over-reliance negatively
impacts cognitive skills such as decision-making, critical thinking,
and analytical reasoning [84], all of which are essential for learning
software engineering [26]. Thus, students using online resources
may feel isolated or receive help that resolves an immediate coding
problem but does little to support long-term growth or persistence.

One potential solution is online peer-to-peer tutoring (P2P) [18,
87]. In this setup, programming novices (LEARNERS) can request
help from fellow novices or more experienced volunteers (HELPERS),
creating opportunities for personalized support that may better
mirror traditional teaching environments. In anonymous and un-
moderated contexts, it could be flexible and scalable, applicable to
both traditional and non-traditional students. However, it is unclear
if such settings lead to improved programming learning outcomes
and satisfaction. While researchers have considered aspects of this
problem in isolation (e.g., the benefits of social features in formal on-
line learning [5], unmoderated P2P interactions without a learning
component [22], or online education with trained tutors [40, 56]),
we are not aware of research on the use of anonymous, unmoder-
ated, and untrained P2P tutoring in computing education.

We help fill this gap through a mixed analysis study of n = 108
anonymous P2P tutoring sessions (comprising 40, 755 total words).
We analyze P2P sessions from Python Tutor, a popular online code
editor for novices that provides step-by-step execution visualiza-
tions [37, 38]. Python Tutor piloted a P2P feature where LEARNERS
could join a help queue and be paired with anonymous volunteer
HELPERS, communicating through a text chat and shared live coding
environment.! These P2P conversations were anonymous, unmod-
erated, and could involve arbitrary code, making them an excellent
dataset for evaluating if P2P tutoring can effectively assist with
programming help at scale in a supportive and inclusive manner.

We contribute the first qualitatively characterized model
of anonymous, unmoderated P2P programming tutoring:

e Who uses P2P tutoring and why. We find that most LEARNERS
are CS1-level novices, seeking help with writing new code and
debugging. HELPERS range from peers to professional engineers.

e What occurs in P2P tutoring sessions. Conversations are
overwhelmingly positive in tone and frequently extend beyond
debugging to cover software development processes such as re-
quirements, design, and testing.

o How outcomes are shaped. We identify conversational strate-
gies linked to learner satisfaction, a key factor for persistence
and retention in computing education [7].

2 Background and Terminology

With over 10 million users globally, Online Python Tutor is an
educational tool for visualizing program execution, allowing users
to write, run and step through arbitrary code in a sandbox envi-
ronment [37, 38]. While aimed at novices and sometimes used by
university programming students, Python Tutor attracts a diverse

'While the specific chat feature studied here is not currently available on Python Tutor,
other large sites, such as Khan Academy’s associated schoolhouse.world, also offer free
online P2P tutoring for computer science where “no experience is required” to become
a volunteer peer tutor [47].
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Figure 2: LEARNER view of Python Tutor.

range of users including self-taught learners, hobbyists, adult stu-
dents, and educators exploring alternative learning methods [38,
Fig. 1]. This broad user base contrasts with the more homogeneous
groups typically found in traditional classroom settings.

While primarily a code execution platform, Python Tutor also
piloted a real-time peer-to-peer chat feature for live coding commu-
nication [39]. A chat is a platform-supported session initiated by a
user, and includes all natural language messages (i.e., a text input
followed by pressing enter) and shared code edits in that session.
Designed to mimic tutoring, chat sessions could be private or public
(open to all users). This paper focuses on archival public chats.

Figure 2 shows the online interface as it appeared for the texts
analyzed here. When a user clicked “Get Live Help”, Python Tutor
created a random chat ID and showed the session, along with the
user’s country, to other users who could choose to join and help. All
sessions contained a live chat window in the bottom-right corner
of the screen. Similar to instant messaging, users sent messages
visible to everyone in the session. To share live code edits, users
could activate “Live Programming Mode”, which included a coding
window for real-time collaboration. Any participant could run the
program and observe its behavior (“Visualize Execution”), but only
the session creator could end the chat session or kick other users
out. In the rest of this paper, we refer to the user who starts a
session (i.e., opens the chat) and requests help as the LEARNER,
and any volunteers who may join and exit at any point during the
session and send a message as HELPERS. To validate the distinction
between LEARNERS and HELPERs, we applied likelihood ratio testing
to compare nested GLMER models with and without user type
(LEARNER/HELPER) as a factor (Section 4.3). We found that including
user type significantly improves model fit (p < 2.2e—16), providing
strong evidence that LEARNERS and HELPERs exhibit distinct overall
patterns in chat conversations.

Initially, Python Tutor only supported private chats, requiring
LEARNERs to know a tutor or peer HELPER and externally share
a URL before the session [39]. A study on that private-only ver-
sion found that it successfully connected geographically-separated
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peers and facilitated learning in tutoring and collaborative learn-
ing sessions. However, that approach limited scalability and made
the chats inaccessible to LEARNERS who did not already know a
peer or tutor. As a result, Python Tutor enabled public chats (the
focus of this paper). Critically, in public chats any number of anony-
mous, untrained HELPERS could join or leave at any point during the
session, and chats were unmoderated. We present the first analysis
of these anonymous P2P interactions, investigating how novice
programmers actually carry out P2P tutoring in practice.

3 Chat Structure and Unit of Analysis

To ground our analytical approach, we first describe the conversa-
tional patterns that emerged from an exploratory review of a subset
of Python Tutor chat transcripts (Section 4.2.1). These insights in-
formed our chat segmentation and outcome measure choices.
Chats Contain Multiple Issues. Most chats begin with a LEARNER
(defined in Section 2) presenting a programming-related request
(e.g., debugging, writing new code; see Section 5.1.2). However, con-
versations often shift over time: after resolving an initial problem,
LEARNERS may introduce new questions or explore related concepts,
even if different HELPERS join or leave. To capture this recurring
structure, we segmented chats into discrete help-seeking episodes,
which we refer to as issues (Figure 1). Thus, our analysis considers
both the full chat and its constituent issues as units of analysis. In
total, we analyze 108 chats that contained 133 issues.

Outcomes Defined by LEARNER Satisfaction. We evaluated each
issue based on LEARNER satisfaction, as expressed within the chat
(e.g., explicit gratitude, positive closure, or frustration). While this
measure does not directly capture conceptual learning, it reflects
whether the immediate tutoring goal was met from the LEARNER ’s
perspective. Standard learning metrics (e.g., program compilation,
test scores) are poorly suited to this context: code may compile
while still failing to meet a learner’s intent, and goals often evolve
mid-conversation. Satisfaction is linked to motivation and retention
in computing education [6, 7, 35].

We are particularly interested in self-reported satisfaction of
social tutoring given our focus on understanding online pedagogy —
including non-traditional novices. Salguero et al. found that “lack of
sense of belonging” (which included feeling supported, etc.), a social
factor, explained more of the variance in early CS outcomes than
other factors such as in-class confusion, personal obligations or lack
of confidence [68, Tab. 2]. Similarly, Lehman et al. found that “peer
experiences in computing are central to student persistence in the
major” [50]. Overall, in a meta-review of 50 publications, Badali et al.
found that social motivations (perceptions of support, interaction,
connecting with others, etc.) were the second most frequent factor
for student retention in online classes [6, Tab. 2], after only the
direct academic motive (e.g., earning credit). Other studies focus
more directly on learning outcomes (e.g., course grades [49]); our
research questions focus on self-perceptions of satisfaction with
tutoring support, and our dataset permits a nuanced investigation.

4 Analysis Approach

We take a mixed analysis approach to assess anonymous, unmoder-
ated peer-to-peer (P2P) programming tutoring chats on Python Tutor.
Our analysis is guided by the following research questions:
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Communication

Figure 3: User messages’ conversational function is identified
via labeling with "Communication" codes. Each type has axis
associated with it to capture further conversational depth.
All types can be used by LEARNERS and HELPERS.

RQ1: Why do LEARNERs use Python Tutor?

RQ2: How are HELPERS characterized on Python Tutor?

RQ3: What is the content of Python Tutor interactions?

RQ4: How do people feel about their Python Tutor interactions?

RQ5: What leads to successful interactions on Python Tutor?
We apply qualitative content analysis (Section 4.2) to a random
sample of Python Tutor chat transcripts (Section 4.1), developing
a two-part coding scheme that segments chats into distinct issues,
then labels the communicative function of users’ messages (Sec-
tion 4.2.2). We also use these codes as features in generalized linear
mixed-effects regression models (Section 4.3) to go beyond descrip-
tion and explore predictive relationships (e.g., whether certain com-
munication strategies are more likely to lead to positive outcomes).

4.1 Analysis Dataset

We collected initiation events from the Python Tutor platform [37]
over six days between October and November 2019. Not every event
reflected tutoring, so we applied automated filtering and manual
review to construct a dataset of programming interactions.

We retained only non-trivial tutoring chats, requiring at least two
participants (LEARNER and HELPER) and more than five messages,
yielding 1,314 sessions. Very long sessions (over 150 messages, 3%)
were excluded, as annotation costs rise with transcript length and
fatigue can reduce consistency in long qualitative sessions [16],
leaving 1,158 sessions. From this pool, we randomly sampled chats
and had three annotators verify whether a programming-related
issue was present; sampled sessions were discarded if conversations
started midstream, lacked code, or were not about programming,
in which case another random session was drawn.

The final dataset consisted of 108 chats (108 LEARNERs and
266 HELPERS), comprising 8,973 messages and 40,755 words. While
moderate in size, this dataset was large enough to capture recur-
ring patterns in tutoring interactions (Section 4.2.2) and to support
reliable coding across annotators (Section 4.2.4).

Our replication package contains our annotated anonymized
dataset, scripts, and assumption checking. It is available at: https:
//github.com/pasantiesteban/ICSE_SEET2026_Chats.

4.2 Qualitative Analysis Methodology

We used qualitative content analysis [13, 85] to systematically exam-
ine the structure and content of Python Tutor chats. This approach
allowed us to identify communication strategies, LEARNERS’ help-
seeking goals, issues’ outcomes, and the basic structure of tutoring
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conversations. We developed a two-part coding scheme through
iterative annotation, combining deductive insights (e.g., prior re-
search and domain expertise) with inductive analysis of emergent
patterns. The scheme includes codes that segment chats into distinct
issues (see Section 3) and codes that label the communicative func-
tion of user messages. These were consolidated into a structured
codebook and applied with high inter-rater reliability (Section 4.2.4).
Beyond supporting descriptive insights, these codes also served as
inputs to our statistical models (Section 4.3).

4.2.1 Method to Generate Codebook. An initial exploratory review
of a small set of chats (excluded from the main analysis) revealed
recurring patterns in user roles, programming experience, chat
structure, and content. Based on these observations, prior work
(Section 7), and our research questions, two researchers iteratively
open coded [48] a separate sample of 100 chats. Through discussion,
we refined the resulting codes into a structured codebook and cod-
ing scheme (Section 4.2.2). This process allowed us to iteratively
refine the codebook until thematic saturation was reached—that is,
no new codes or categories emerged. Once the codebook was stable,
three annotators (including one of the initial coders) then applied
the finalized scheme to a new set of 108 chats. The first 10 were
coded collaboratively to reach a second round of code saturation
with the new annotators. The remaining chats were annotated inde-
pendently, with weekly meetings to resolve disagreements—seeking
full consensus on the number and type of issues.

4.2.2  Codebook, Codes, and, Coding Scheme. Our codebook in-
cludes five top-level code families (set in Title Case): "Issue Request",
"Issue Outcome”, and three types of "Communication”, collectively
totaling 46 sub-codes (set in lower case). The first two support seg-
mentation of chats into discrete issues (Section 3), while the latter
three characterize message-level conversational behavior.

We apply two structural codes to segment each chat into issues.
An "Issue Request” marks a LEARNER ’s request for programming
help, which we classify into four categories, i.e., sub-codes (see
Section 5.1.2). This is followed by a corresponding "Issue Out-
come" indicating that the LEARNER expressed either satisfaction
(e.g., thanks) or dissatisfaction (e.g., confusion, disengagement).
Each request—outcome pair defines a self-contained issue (see Sec-
tion 3). We identify 133 issues within the 108 chats.

For all other messages, we apply "Communication" codes to
characterize conversational behavior. At a high level, we identify
three principal message types: "Questioning” (i.e., form of query for
information), "Answering" (i.e., form of giving information), and
"Attitude” (i.e., form of emotional expression). These can all be used
by both LEARNERs and HELPERS. For example, a LEARNER might ask
a question regarding some programming syntax, or a HELPER might
pose a question to guide the LEARNER through the problem-solving
process. Further, each type has between one and four axes (see
Figure 3). For example, "Questioning” messages are annotated with
a "Question Goal" (e.g., to check correctness, gather information,
etc.), "Content Domain" (the discussion topic, e.g., "bug", "error
message", etc.), and "Specificity” ("vague"/"detailed"). See Table 1
for more. These sub-codes allow us to capture rich communication.

4.2.3  Applying Codes. We apply codes to one or more sequential
chat messages (i.e., text input followed by pressing enter) from a
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user. We applied "Issue Request"” and "Issue Outcome" structural
codes only to LEARNERS’ messages, as only LEARNERS initiate and
resolve issues (see Section 3). For all other messages, code appli-
cation were constrained to reflect a single "Communication” type:
"Questioning”, "Answering", or "Attitude". For example, if a LEARNER
sends two sequential messages— T am worried” and “Can you help
me with arrays?” —each would be its own coding unit ("Attitude”,
then "Questioning"). If two or more sequential messages had the
same "Communication" type, we considered them one coding unit.
In cases where a single message conveyed more than one "Commu-
nication" type, coders were instructed to apply the label that best
captured the message’s dominant intent.

4.24  Inter-Rater-Reliability (IRR). Three annotators (an author, a
professional software engineer, a computer science Masters’ stu-
dent) applied the codebook to all 108 chats, with at least two anno-
tators in each of 99/108 = 91.7% of chats. We calculated inter-rater
reliability (IRR) using the balanced F-measure [43] with relaxed-text-
spans [80], both established methods suitable for our data’s lack of
defined negative cases [43], variable numbers of annotators [43],
and linguistic filler [80]. We calculated IRR for each top-level code
family and the 46 lower-level codes, averaging over chats and an-
notator pairs [43]. All five high-level codes have IRR above 80%
(with some up to 95%). Among lower-level codes, 70% (32/46) ex-
ceed 50% IRR. Such values are common for fine-grained distinctions
(e.g., "suggest" vs. "teach + extensions") and are acceptable when
carefully interpreted [57].

4.3 Quantitative Analysis Methodology

We conduct a supervised quantitative analysis of the annotated
chats using generalized linear multi-level regression (GLMER) mod-
eling with log links. This approach allows us to analyze the occur-
rence rates of our qualitative codes and relate them to issue-level
variables ("Issue Request” and "Issue Outcome”). While we model
different features to address each research question, our general
methodology is consistent across all analyses.

4.3.1  Suitability of GLMER analysis. Our data may exhibit non-
independence between observations (annotated coding units) of
the same annotator, chat, speaker type (LEARNER/HELPER), or re-
quest type, and thus do not satisfy the assumptions of a simple
regression model. GLMER analysis is well-suited for such hetero-
geneity [9, 27, 33], allowing us to control for the effects of nuisance
variables by leveraging random effects to specify potential grouping
structures in our model. In addition, GLMER analysis accommo-
dates unbalanced group sizes, which is useful given that not all
annotators viewed every chat.

4.3.2  Modelstructure and inference. We investigate the per-speaker,
per-issue frequencies of each code, as well as the frequencies of
issue-level attributes ("Issue Request” and "Issue Outcome"). To
do so, we construct a dataset where each observation is defined
by multiple mathematical model variables: the code, the speaker
(LEARNER/HELPER), the unique identifiers of the surrounding chat
and issue, and the annotator’s unique identifier. We model counts
(the number of times one annotator assigned one code to messages
sent by one speaker in one issue) as our response variable. Other
explanatory variables include the issue’s outcome (Boolean, Section
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"Communication" Definition Individual Codes (separated by @)

Axis Labels

Question Goal ? Describes the intent of the question. info gathering @ check if correct ® guiding @ check if following @ personal
Specificity ? v/ Describes degrees of message specifics. vague @ detailed

Content Domain ? v/ Describes the topic of conversation in the mes-
sage. Topics focus on programming and range
from source code to defects to rapport.

proposed new code @ specifications @ original code @ bug @ coding con-
cept @ platform related @ personal info @ test cases @ coding experi-
ence @ development strategy @ code opinion @ learning resources @ error
location @ error message

Confidence v/ Describes degrees of conveyed certainty. certain @ uncertain

Mechanism v/ Describes the manner information is given. state/observe @ positive confirmation @ explain @ implement @ suggest @
interactive steps @ negative confirmation @ teach + extensions

Expression — Describes the emotional intent of the message. greeting @ gratitude @ supporting words @ being lost @ frustration @

We identify two categories: positive or negative.

apology @ negative self-judgment @ being incorrect @ teaching philosophy

Axis Label Applies To: 7= Questioning, v'= Answering, —= Attitude

Table 1: Six axes of "Communication” codes, collectively comprising 40 individual sub-codes. Each dimension is labeled with a
subset of message types ("Questioning"/"Answering"/"Attitude"). Structural/segmentation message types ("Issue Request" and
"Issue Outcome") are elided. In each row, individual codes are sorted by decreasing frequency (median across annotators).

4.2.2) and Issue type (Section 4.2.2). In all models, we control for
issue length (# of annotations, used in log scale as an offset).

We fit five models, structured to analyze LEARNERS (RQ1) ques-
tions; question-asking and answer-providing (RQ3); and issue out-
comes (RQ5). RQ2 and RQ4 are descriptive and not suited to regres-
sion analysis. To define each model, we apply dataset filtering and
pooling and design a corresponding model specification formula.
We consider relevant observations, variables, and interactions be-
tween variables. We recognize that our Boolean outcome is one
of many possible success metrics; thus, we only include it in the
model explicitly considering issue outcomes (RQ5). For each model
specification, we fit Poisson [36, Ch. 5.4.3] [82] and negative bino-
mial [31] models (when tractable). We select final models using the
Akaike Information Criterion (AIC) measure of model fit [2, 17].

Explanatory variables can be interpreted as modifying the pro-
portion of annotations in an issue which correspond to a (code,
speaker) pair. For variables modeled by random intercepts and
slopes [8], these are represented by a Best Linear Unbiased Predic-
tor (BLUP), given as a predicted value along with a 95% coverage
prediction interval (PI). The BLUP represents the additive change
to the log rate of occurrence [65]. Thus, the effect for one level of a
qualitative variable, with predicted value § and PI = (a, b), means
that the (code, speaker) pair is predicted to occur at ef times its
marginal expected frequency when that factor level applies, with
95% confidence that this multiplier (the rate ratio) falls between e“
and eb. For clarity, we only present statistically significant effects
(i.e., PI excludes zero). The replication package has more detail.

5 Results

We present findings from a mixed analysis study of 108 anonymous
peer tutoring chats totaling over 40,000 words. We use qualitative
coding (Section 4.2) to identify key conversational behaviors and
quantitative modeling (Section 4.3) to examine their relationships
and predictive patterns. We source quotes by chat number (C#).

"Issue Request" Type # Issues # Successful Issues
code writing 57 33 (57.9%)
bug fixing 55 32 (58.2%)
code comprehension 15 10 (66.7%)
code improvement 6 3 (50.0%)
Total 133 78 (58.6%)

Table 2: Proportion of successful issues per type of request.

5.1 RQ1— Why do LEARNERS use Python Tutor?

We show that LEARNERS are primarily CS1-level novices (91%) seek-
ing assistance with writing code (43%) or fixing bugs (41%). LEARN-
ERs who are traditional students often use Python Tutor to sup-
plement other resources. In total, our dataset includes 108 unique
LEARNERS, each represented by a single chat session with 1-3 issues.

5.1.1 Most LEARNERS are CS1-Level Novices. The majority of
LEARNERS (95/108) are novices, new to computer science or
Python. We evaluate this by manually examining messages tagged
with "coding experience" or "personal info" (see Table 1). Novice
LEARNERS do at least one of the following: (1) explicitly identify as
anovice (n = 15, e.g., ‘Tam a newbie... ” (C14)), (2) mention lacking
knowledge in topics commonly covered in introductory CS courses
(n =10, e.g., “..I'm struggling with lists and how to use them obvi-
ously”(C83)), or (3) present problems that focus on a common CS1
course topics, per the CS introductory topics identified by Becker
and Fitzpatrick [11] (n = 71, e.g., “[HELPER:] what are you trying to
do? [LEARNER:] append data2 dict to datal” (C54)).

5.1.2  LEARNERs Want Help Writing Code and Debugging. We find
that LEARNERs seek help on four problem types (Table 2): "code
writing" (42.9% of all requests), "bug fixing" (41.4%), "code compre-
hension" (11.3%), and "code improvement" (4.5%). These categories
reflect core activities in software development and capture the
range of challenges that LEARNERS bring to P2P sessions.

A "code writing" request asks for help writing programs or
functions (e.g., “hey i need help defining a function that prints out
“Hermione is a wizard in Mathematics™ (C18)). A "bug fixing" re-
quest asks for help fixing bugs (e.g., ‘I am trying to find out where I
went wrong with my code” (C8) or “Need help debugging” (C7)). A
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"code comprehension” request asks for help understanding a pro-
gram’s behavior or clarifying concepts (e.g., “Why does commenting
out nonlocal s cause an error?” (C3), or “can you explain me the
27th line” (C77)). Finally, a "code improvement” request asks about
enhancing the efficiency, or quality of functioning code. This in-
cludes optimizing big-O runtime or improving variable names (e.g.,
“Could you help me make this code more readable?” (C11)).

The majority (84.2%) of requests are for writing code and
debugging. This reflects that LEARNERs are focused primarily
on concrete, low-level, implementation-heavy tasks rather than
higher-level, more analytical tasks while on Python Tutor. Interest-
ingly, a futher evaluation of the topic of LEARNERS’ questions (i.e.,
"Questioning"-coded messages, see Section 4.2.2), reveals that the
topic of "proposed new code" is significantly more frequent than
other topics (i.e., "Content Domains"), regardless of the precipitat-
ing "Issue Request" type (f = 1.79, RR = 6.02: defined in Section
4.3.2). Together, these results imply that LEARNERs desire help
with writing new code disproportionately compared to other
topics. Writing new code seems to be key motivator for using
Python Tutor’s P2P chat. This is important because it highlights a
key difference between what LEARNERS seek in P2P tutoring—help
with new code—and what is often sought in traditional classroom
settings (e.g., help with bugs in existing code [1]).

5.1.3  LEARNERS Use Python Tutor as a Secondary Resource. Beyond
just being novices, we observe that some LEARNERS are currently
enrolled in a structured programming course: 28 LEARNERS explic-
itly indicate that they are students by referring to their coursework
or academic year (e.g., ‘T am just taking CPE 101”). We investi-
gate why LEARNERS choose to augment course instruction with
Python Tutor’s unmoderated chat by manually examining mes-
sages tagged "personal info". Understanding this choice can provide
insight into the specific needs of students seeking help outside the
classroom. We find that LEARNERS describe challenges with
the structured instruction available through their traditional
courses: “Yeah I'm struggling a lot with it, I went to office hours today
and they somehow only confused me more” (C78). Some LEARNERS
cite looming deadlines. For example, “it’s due at my school today
but they never taught us how to make an input into a list” (C34).
These patterns suggest that some students turn to peer platforms
like Python Tutor when formal support falls short. We saw no
unsolicited praise of Python Tutor, only critiques of classroom in-
struction, highlighting both gaps in CS1 support (e.g., office hours
not helping) and opportunities for better P2P platform design.

RQ1 — Why do LEARNERS use PythonTutor?

Almost all LEARNERs are beginners at the CS1 level (95/108) and
some identified as traditional students (28/108) with these stu-
dents more frequently using Python Tutor as a secondary learn-
ing resource. Overall, LEARNERs primarily desire help with code
writing (43%) and bug fixing (41%).

5.2 RQ2 — Characterizing HELPERS

We find that while some HELPERs (n = 21/266) explicitly or im-
plicitly describe their programming skills (ranging from novice to
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Figure 4: Distribution of the top 5 "Content Domains" (e.g.,
"bug") as a function of "Issue Request" (e.g., "bug fixing").

experienced), most do not state their background directly. Nonethe-
less, a subset of HELPERS (n = 25) articulate clear teaching philoso-
phies about how they want to support LEARNERs. Further, HELPERS
use three communication strategies more frequently than learners,
to help achieve these goals. Our findings highlight that informal,
volunteer-driven peer tutoring can foster pedagogical behaviors,
even without formal training.

5.2.1 HELPER Programming Experience Is Diverse but Rarely Spec-
ified. Some HELPERS reflect a broader range of programming ex-
perience than LEARNERS, based on manual inspection of messages
coded as "coding experience" or "personal info". We observed three
categories of self-described experience: novice, experienced,
and implicit experience. Ten HELPERs identified as beginners
(e.g., “..Iam new to python”[C97, C76]), and one was a high school
student. Others expressed more confidence, including one “python
engineer” (C80), someone who had “been doing all this from quite
sometime now”(C11), and two who were self-taught (e.g., T learned
python by myself” (C16)). Five HELPERS revealed their experience
level indirectly, often by noting unfamiliarity or uncertainty (e.g.,
“never seen except ValueError” (C8); “I'm not sure if I can fix it” (C2)).
Overall, Python Tutor draws HELPERs from a wide range of back-
grounds, some of whom are still learning, themselves.

5.2.2 Some HELPERs Express Teaching Philosophies. While most
teaching beliefs are expressed implicitly (e.g., by supplying "inter-
active steps" for problem-solving), surprisingly, some HELPERS
explicitly describe their teaching philosophies during inter-
actions with LEARNERS or other HELPERS (n = 25). We defined
"teaching philosophy" (a sub-code of "Content Domain") as a com-
munication about what the HELPER believed the LEARNER should
take away from the conversation. These fell into three themes: (1)
encouraging learning alongside correctness (e.g., “hopefully the so-
lution makes snese to you and is understandable and readable” (C4));
(2) promoting LEARNER independence (e.g., “I'm not here to do your
homework for you. That is for you to do” (C12); “i suggest you rewrite
your question and tell us what you are trying to do instead of trying
to fix a subproblem”(C44]); and (3) emphasizing the importance of
practice (e.g., “But if you practice enough you should be fine!” (C91)).
These moments of explicit pedagogy suggest that some HELPERs see
themselves not just as problem-solvers, but as informal educators.

5.2.3 Three HELPER-Specific Strategies and Varied Participation. In-
structional strategies for professors and TAs are well studied, but
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peer learning (especially in informal online settings) introduces
unique dynamics that are less understood [7, 18, 28, 40]. In our
qualitative analysis of HELPERS’ responses, beyond provid-
ing code implementation help, we observed three relevant
strategies: "guiding” questions (e.g., “Look at the outputs of the
examples on lines 7 and 8 :) What data type is the output?” (C53),
"interactive steps" (e.g., HELPERs guide the LEARNERS code writ-
ing: “so step one should be getting a list of those numbers” (C12),
“try to use paper and pencil to map it out first” (C48)), and "teach +
extensions” (i.e., referencing detail beyond the scope of the current
help request). For example, “[HELPER]: Python is actually awesome
and has this great built-in string operator "*" that lets you dupli-
cate a string x times” (C12), where the HELPER describes additional
coding concepts associated with Python. Across all annotations,
we predominantly observed these codes from HELPERS, not from
LEARNERS. The examples above illustrate how some HELPERS adopt
pedagogical approaches when assisting peers (see Section 5.2).

Although some helpers engaged deeply, many contributed
briefly: of 266 HELPERs, 247 sent more than just a greeting, but
only 91 sent ten messages or more (average across annotators).
This drop-off suggests that many helpers offered transient support,
while a subset engaged more consistently. Despite this variance,
58.6% of interactions (Table 2) were rated successful by LEARNERS.
In some cases, success involved a core HELPER taking a leading role.
For example, one HELPER might guide the explanation while others
stepped back: “ok I leave you, you are the captain here [HELPER],
[LEARNER] listen to him/her ok?” (C53).

RQ2 — How are HELPERS characterized on Python Tutor?

Unlike LEARNERS, who are mostly novices, some HELPERS in-
dicated more diverse experience levels. A subset (n=25) ex-
pressed teaching philosophies emphasizing deeper learning, in-
dependence, and practice. Lastly, HELPERs often used strategies
like guiding questions and incremental steps. However, many
HELPERS contributed only briefly.

5.3 RQ3 — Breaking Down Interactions

Having analyzed LEARNERS (Section 5.1) and HELPERS (Section 5.2)
separately, we now consider their interactions: the content of chats.
Specifically, we find that they overwhelmingly focus on writing
code, regardless of the LEARNER’s request. Excitingly, we find a
pattern of common software development processes that emerge
organically in conversation. All analyses focus on "Questioning"
and "Answering" messages.

5.3.1 Emphasis on New Code in All Chats and Specs-Focused Bug
Discussions. Out of 14 distinct "Content Domains" identified (see
Table 1), "proposed new code" overwhelmingly dominates

conversations across all types of issues (f = 2.57, RR = 13.02).

We obtain this result by examining the distribution of "Content
Domains" (see Table 1) via GLMER modeling (see Section 4.3). This
is a notable contrast to real-world software engineering, where
reading and understanding existing code are significantly more
common than writing new code [12, 58, 62, 71]. This pattern
may indicate a disconnect between the LEARNER’s initial
question and the HELPER’s emphasis on code synthesis as a
help strategy. For example, in the excerpt below, a LEARNER asks a
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Pred. 2.5% 97.5%| Rate
Mechanism Val,f PI P.I|Ratio
implement 2.04 0.89 3.18| 7.66
coding concept teach + extensions | 1.66 0.44 2.88| 5.26
learning resources teach + extensions 141 0.08 2.73| 4.08
development strategy suggest 1.40 0.28 2.53| 4.07
bug explain 1.27 0.16 2.38| 3.56
suggest 1.23 0.05 241| 3.42
Table 3: "Content Domains" and "Communication Mecha-
nisms" likely to occur together: the pair’s frequency is sig-
nificantly different from zero, even after controlling for the
two marginal frequencies. Statistics defined in Section 4.3.2.

Content Domain
proposed new code

learning resources

question about Python scoping semantics, but the HELPER quickly
redirects the conversation to a suggestion to use a data structure:
“[LEARNER]: Why does commenting out nonlocal s cause an error? ...
[HELPER]: instead using list i recommend using dict [LEARNER]: this
is a question from an exam. im having trouble understanding why
s cannot be called from parent f1” (C3). The HELPER misinterprets
the conceptual question as a prompt for implementation advice.

Contrary to this common HELPER assumption, we find that P2P
interactions are not one-size-fits-all: with statistical significance, the
strategies that participants use to communicate with one another
are related to the subjects they wish to communicate (see Table 3,
showing analysis of "Questioning” and "Answering" messages). In
particular, messages discuss "proposed new code" via direct "imple-
menting" at 7.66X the rate that would be expected if the "Content
Domain" and "Communication Mechanism" axes (Figure 3) were in-
dependent. Meanwhile, "coding concepts” and "learning resources"
are disproportionately communicated via "teach + extensions". Par-
ticipants may naturally find particular communication strategies
better for some topics, motivating investigation into whether these
pairings encourage successful P2P tutoring.

We also found significantly lower frequencies of "error location"
and "error message" (f = —1.58, RR = 0.21), across all request types.
This is important since "bug fixing" is the second most common
request. For instance, even when LEARNERs explicitly asked for help
debugging, conversations often shifted away from talking about
defects: “[LEARNER]: i’'m supposed to change the code so it prints out
those results, but without adding any new lines. [HELPER]: yes but
don’t you want match to count not always equal to one but count how
many [LEARNER]: so I should do match = attempt? [HELPER]: no it’s
shoud count like count = count +1” (C7).

5.3.2  Software Development Patterns Are Common in Chats. Build-
ing on patterns in our codebook (Section 4.2.2), we identify four
software development stages adapted from the Waterfall model [66]:
Requirements (e.g., [LEARNER]: I'm not suppose to print anything
at the final” (C7)), Design, Implementation, and Verification
(e.g., “[HELPER]: do you have test cases? [LEARNER]: attempt is [28, 49]...”
(C7)). Though inspired by the Waterfall model, these stages also
reflect broader software practices [3, 23]. Our goal was to surface
educationally-relevant stages, not enforce a specific methodology.
To verify these inferences, one researcher manually reviewed all
"Questioning" and "Answering" messages.

Excitingly, 83% of chats (90/108) included at least one of
these four stages, and, very surprisingly, 30 chats included
and worked through all four stages. The most frequent stage
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was Requirements, appearing in 88 chats, which aligns with some
software engineering conventional wisdom about where the most
costly mistakes are made and how defects are actually defined
(cf. [81]). Perhaps surprisingly, the least common stage was Verifica-
tion, found in only 51 chats, which aligns with our observation that
corresponding "Content Domains" (e.g., "test cases") were not a fo-
cus of P2P tutoring chats (see Figure 4). This analysis suggests that
while novice programmers frequently engage in discussions related
to code specifications, they do not prioritize testing and verification
in these chats. Given the importance of testing in software develop-
ment, this gap highlights an area where novice programmers may
benefit from further instruction and practice.

RQ3 — What is the content of Python Tutor interactions?

First, new code writing was the most common topic, even for
conceptual requests. Second, "teach + extensions" (i.e., going
above and beyond) was a popular communication strategy for
"coding concepts” and "learning resources", even though P2P
tutors are untrained and uncompensated. Third, 83% of chats
included at least one classic SE development stage (requirements,
design, implementation, or verification) and 28% had all four.

54 RQ4 — Assessing Emotional Tone

We analyzed emotional attitudes and personal connections, which
have been identified as important to outcomes and retention [6, 7,
35]. We find that our unmoderated chats are largely positive.

5.4.1 Users Largely Express Positive Attitudes. In our data, "Ex-
pressions" fell into two categories: positive (i.e., fostering a sense
of community, optimism, or welcome) and negative (i.e., creating
tension or conveying frustration), see Table 1.

We identified five positive expression patterns: "apologize"
(i.e., apologizing for a perceived mistake: “im sorry i understand
now”(C12)), "express being wrong" (i.e., admitting what they said
prior was incorrect: “oh sec my bad”(C34)), "supporting words" (e.g.,
“d(’’d)”(C12), symbolizing two thumbs up, “you are very good” (C9)),
"gratitude” (e.g., “Thank you so much for helping” (C16)), and "greet-
ing" (e.g., “Hello!:)”(C16)). We find three patterns of negative
expressions: "being lost" (e.g., “huh?”(C10, C24) or “im so confused”

(C78)), "frustration” (e.g., “Mannn this shit is frustrating” (C7) or
“IVE BEEN WORKING ON IT FOR AN HOUR STRAUGHT” (C27)), or
"negative self-judgment” (e.g., “ive been sitting like an idiot for 13
min”(C59) or “im not capable of this” (C82))

Interestingly, prevalent attitude expressions vary by request
type (full data in replication package). For example, "code compre-
hension" requests trigger a particularly high rate of "supporting
words" (34.9%, e.g., ‘[LEARNER]: ... thought that my method work too.
but too naive xD, [HELPER]: ahahha yeah thats alright”(C92)). In gen-
eral, however, we find that "greetings" are the most common form
of "Expression" (777 annotated messages out of 2, 197). The second
and third most common are "gratitude" (n = 389 annotations) and
"supporting words" (n = 367 annotations). Despite the anonymity
and lack of moderation in Python Tutor chats, the overall tone
of peer-to-peer interactions leans positively. This agrees with
traditional classrooms where teachers and tutors often aim for pos-
itivity [51, 61, 77]. By contrast, other P2P communities like Stack
Overflow can show significantly more negativity [29, 72].

Priscila Santiesteban, Emma Shedden, Madeline Endres, and Westley Weimer

5.4.2  Users Make Personal Connections. We explored whether users
formed personal connections during P2P tutoring sessions, using
the exchange of personal information (e.g., age, location, or social
media handles) via manual inspection of messages labeled as "per-
sonal info" as a proxy. While uncommon, such disclosures suggest
a degree of trust, familiarity, or social bonding.

We found 18 chats with personal information exchanges.
These occurred in three main ways: (1) LEARNERS offered contact
information to HELPERS after successful interactions, often to re-
quest ongoing support outside of Python Tutor (n = 4; e.g., “re you
on some other platform, i wanna learn a lot from you” (C20)); (2)
HELPERSs initiated an exchange of contact info to share additional
materials (n = 2; e.g., ‘Tll give you my Skype, so you can drop me the
assignment” (C32)); (3) either party voluntarily shared or asked for
personal details unrelated to the task (n = 12; e.g., “can i ask you,
where are you from?” (C66), “university of antwerp” (C32)).

Although uncommon, P2P does foster personal connections but
they are limited and further research is needed to explore their
influence on users and online tutoring. We consider this noteworthy
because personal connections can enhance a sense of belonging
and community (cf. [72]), which, in turn, may promote inclusivity—
particularly among novice or less-represented [29] LEARNERS, who
constitute the majority of users on Python Tutor.

RQ4 — How do people feel during Python Tutor chats?

Most annotated messages are positive in tone (1714/2197) with

non

common expressions like "greetings", "gratitude”, and "support-
ing words". "code comprehension" requests often trigger "neg-
ative self-judgment” from LEARNERS and encouragement from
HELPERS. Personal connections (e.g., sharing contact info) were

rare (18/108) but occurred in both directions.

5.5 RQ5 — Modeling Successful Interactions

We examine which conversational features predict successful out-
comes, defined as positive LEARNER feedback (Section 3), using
three lenses: (1) request type, (2) individual conversation features,
and (3) speaker role (LEARNER vs. HELPER). For (1), contrary to ex-
pectations, programming-heavy requests (e.g., "bug fixing") were no
more successful than conceptual ones (e.g., "code comprehension");
Fisher’s exact test found no significant difference in success rates
(p = 0.92; Table 2). For (2) and (3), we fit a GLMER model using
code frequencies as predictors of success. To reduce sparsity, codes
are modeled independently. We report only statistically significant
or strongly trending effects (full results in replication package).

5.5.1 LEARNER Satisfied Outcomes. We identify conversational be-
haviors associated with issue success (defined in Section 3). Because
these behaviors occur prior to outcome resolution, they may reflect
mechanisms contributing to success or failure.

The sub-code "gratitude” (defined in Section 5.4.1) is positively
associated with success (f = 0.34, RR = 1.40). While this aligns
with our outcome definition (LEARNER-reported satisfaction), it
also serves as a check on internal validity: interactions marked by
mid-conversation positivity are more likely to end well. Similarly,
"implementing” (e.g., a strategy where the user writes or modifies
code) is also positively associated with success (f = 0.18, RR = 1.20).
This suggests that hands-on support (vs. indirect guidance) may be
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Codes Pred. Success
Communication Axis — Sub-Code Val, g When:
Question Goal — personal 0.19 L>H
Content Domain — coding experience 0.16
Content Domain — test cases 0.13
Mechanism — positive confirmation 0.07

(no corr.)
Confidence — certain -0.05
Content Domain — proposed new code -0.06
Specificity — vague -0.07
Expression — greeting -0.08
Mechanism — explain -0.13
Mechanism — implement -0.21
Question Goal — check for following -0.36 L<H

Table 4: "Communication" codes where the difference in us-
age between LEARNERs and HELPERS (L — H) is significantly
predictive of successful issues. Rows sorted by effect size.

especially effective in P2P environments. In contrast, "being lost"
(B = —0.34, RR = 0.72) and "frustration” (f = —0.35, RR = 0.71) are
both negatively associated with success. These emotions (defined
in Section 5.4.1) may signal trouble early, suggesting a role for
real-time monitoring and intervention.

5.5.2  Speaker-stratified effects. Beyond overall code frequencies,
we examine whether the balance of behaviors between speakers
(LEARNERs and HELPERs) predicts "Issue Outcome". Specifically, we
compute the difference in usage per code (LEARNER frequency —
HELPER frequency) and investigate how this difference predicts
outcomes. This speaker-stratified analysis identifies 12 codes with
statistically significant associations (Table 4), revealing that who
expresses a behavior can matter more than whether it occurs at
all. We control for the marginal effects in Section 5.5.1, e.g., that
"implementing” (regardless of the speaker) is predictive of outcome.

"Content Domain": LEARNERS feel more positively about issues
where they contribute more discussion of "coding experience" and
"test cases”, while HELPERS take a larger share of the discussion
around "proposed new code".

"Mechanism": Successful interactions are marked by more "pos-
itive confirmation” from LEARNERs and more "implementing" and
"explaining" from HELPERs.

"Questioning": We find that successful interactions tend to
include more "personal” questions from LEARNERS (e.g., inquiring
about each other’s experiences) and more "checking for following"
questions from HELPERS. Successful interactions tend to include
HEeLPERS whose messages are more often "vague" (i.e., higher-level
or open-ended) and phrased with greater "certainty”.

"on

Most notably, three codes: "personal questions”, "coding experi-
ence”, and "test cases", exhibit a striking difference-in-differences
pattern. In successful issues, LEARNERS use these codes more than
HEevrpERS. In unsuccessful issues, the opposite is true. This reversal
suggests that not just the presence of these behaviors, but
the speaker producing them, is tightly tied to success. These
findings offer a clear signal for future design interventions and
validate the importance of considering speaker role.

Finally, some significant codes may reflect structural patterns
in the platform rather than conversational strategy. For instance,
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LEARNERS may issue more "greetings" in failed interactions as po-
tential HELPERs join and leave without assisting. While still in-
formative, these cases may reflect external dynamics rather than
speaker-driven effects.

RQ5 — What leads to successful Python Tutor interactions?

Success is not significantly tied to issue request type. Instead, we
find that "implementing" is positively associated with success,
while "being lost" and "frustration" are negative indicators. Out-
comes also depend on who enacts certain behaviors: in successful
issues, LEARNERs more often ask personal questions, discuss cod-
ing experience, and mention test cases, whereas in failed issues,
HerpERs do so more (statistically significantly).

6 Discussion

Our findings show that anonymous P2P tutoring can offer real help
with real code. We reflect on its value in this generative Al era and
outline design opportunities for future systems.

Implications for P2P Tutoring. Our results indicate that P2P
tutoring could serve as a scalable supplement to traditional instruc-
tional support, especially in large CS1 courses where resources may
be stretched thin [70]. P2P systems can help LEARNER demand with
minimal institutional overhead, while supporting a positive tone
and maintaining engagement with formal software engineering
processes. We find that HELPERS encourage active problem-solving
skills through varied communication strategies. This may help build
critical thinking skills that risk being lost when students over rely
on generative Al tools [83]. The diverse experiences, goodwill, and
a positive learning atmosphere suggests P2P tutoring is not only
viable but valuable, even in the generative Al age.

Design Directions for Future P2P Platforms. First, successful
conversations were often marked by role-specific behaviors: LEARN-
ERs asking personal questions or discussing test cases, HELPERS
confirming that LEARNERS are following, etc. (Section 5.5.1). P2P
systems could scaffold users do so more frequently. One promis-
ing avenue is an Al-powered conversational scaffolding agent that
suggests role-specific prompts mid-chat, such as “Did that make
sense?” or “Could we walk through a test together?” Second, while
toxicity was rare in our dataset, anonymous platforms are vulner-
able to abuse. Human moderation is likely too costly; instead, Al
moderation agents could flag problematic behavior and intervene
early. Third, matching between LEARNERs and HELPERS could be
improved. Intelligent matching based on programming experience,
shared code, communication style, or prior collaboration could lead
to more productive sessions and better rapport.

7 Related Work

We situate our work within prior literature on P2P tutoring.

Peer-to-Peer Tutoring. P2P tutoring can effectively help students
learn (see Silva et al. for a review [74]). Traditionally, P2P tutoring
involves students working together in a formal educational set-
ting (e.g., students reviewing each other’s work, etc.). Interactions
in these setting are frequently studied [53, 56]. P2P participants
have typically interacted before the session (e.g., classmates), and



ICSE-SEET ’26, April 12-18, 2026, Rio de Janeiro, Brazil

tutors often have incoming training or scaffolding (e.g., TA train-
ing [67], etc.). P2P tutoring can improve attitudes and performance
in traditional introductory programming classrooms [34].

Real-time collaboration also appears in pair programming, where
one student writes code and another reviews and guides it. Though
not P2P tutoring per se, pair programming has been studied in
educational contexts [76, 78]. For example, Shi et al. [73] found that
game-based pair programming promoted planning behaviors. How-
ever, unlike our work, these studies did not examine anonymous
interactions or communication structure.

P2P tutoring has also been effectively adapted to online con-
texts [18, 21, 25, 39, 87]. Closest to our work, Guo et al. analyzed
a set of private P2P chats on Python Tutor where students knew
each other before the session [39]. They found that 60% of sessions
were collaborative learning activities without a tutoring goal, along
with an emphasis on remembering, applying and understanding,
but not analyzing, evaluating or creating. By contrast, we observed
a significant focus on a tutoring goal, communication strategies,
and writing new code. Within the same platform, this difference
can be attributed to our focus on public chats, where the users
are anonymous. We argue that the public aspect of our dataset is
essential for deploying P2P tutoring for non-traditional novices at
scale. It is crucial to understand the difference in these contexts.
Asynchronous Peer Interactions. To the best of our knowledge,
we are the first to explore the dynamics in synchronous, anonymous,
unmoderated P2P tutoring. By contrast, both wiki editing [54] and
forum posting [86] have been evaluated as learning activities in
an introductory computer science course, and found to promote
engagement and learning under structured conditions. Studies have
also examined Stack Overflow as a learning tool [14, 24]. Swillus et
al. used mixed-methods to analyze sentiment (similar to "Attitude”
in our codebook) in Stack Overflow comments [75], finding that
negative sentiments (e.g., insecurity) interact with project complex-
ity and the experiences of engineers. However, they did not analyze
conversation topics or how peer interactions relate to an outcome.
Al for Tutoring. An alternative to P2P tutoring leverages Al
models like ChatGPT (see meta analysis by Francisco et al. [30]).
Whether these methods help students is an ongoing research topic.
One qualitative study of responses to programming-related ques-
tions from Stack Overflow and from ChatGPT and found that pro-
grammers of varied experiences preferred the Stack Overflow re-
sponses [46]. Regardless, there is a rise of students using Al models
to help them learn and understand code [20, 32, 64]. One promising
angle for Al in our context is our finding that certain behaviors
are more correlated with success when carried out by LEARNERS.
Since current Al interfaces (e.g., ChatGPT) are driven by questions
and prompts from LEARNERS, Al tools may avoid the “mistake” of
asking personal questions or probing for test cases too frequently.

8 Limitations and Threats to Validity

Generalizability. Our data comes from a single platform, which
limits external validity. However, Python Tutor is globally accessi-
ble and has real-time features that make it a strong case for scalable
peer tutoring. Although we mitigate this threat by randomly sam-
pling chats, data were collected prior to the widespread use of LLMs
like ChatGPT (cf., 2019), and user norms may have since changed.
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Satisfaction as Measure of Outcome. Rather than evaluating
direct learning gains, we focus on satisfaction as a proxy for ses-
sion success: critical factors in persistence and early CS confidence.
This captures important LEARNER outcomes like motivation, but we
acknowledge it may not fully reflect learning or long-term under-
standing. However, this emphasis aligns with the goals of scalable
tutoring systems that prioritize emotional support and accessibility
over correctness alone (see Section 3). To avoid misinterpretation,
we only used it when relevant and interpreted it cautiously.
Qualitative Analysis. We constrained annotation to one "Com-
munication” type per message. Although some utterances could
contain multiple intents, allowing multiple overlapping codes may
have reduced inter-rater agreement. Instead, annotators were in-
structed to select the most salient communicative purpose and
reached consensus through discussion.

Quantitative Modeling. We used regression analysis to exam-
ine relationships between codes and outcomes, which necessarily
reduces qualitative richness to discrete labels [69]. To mitigate
this, we applied best practices for mixed-methods research: strong
inter-rater reliability, careful category pooling, and checks on as-
sumptions (e.g., role labeling, outcome coding). Our use of GLMER
models also controls for annotator-level variability. Still, some mod-
eling assumptions (e.g., distributional choices, independence of
codes) may imperfectly reflect real-world conversations.

9 Conclusion

We present the first study of online, anonymous, unmoderated, and
untrained P2P programming tutoring. We analyzed 108 text-chats
comprising over 40,000 words to uncover how novice program-
mers of various backgrounds interact in the context of coding help.
We find a clear partition of user roles: LEARNERs, who are mostly
CS1-level novices (95/108) seeking support for writing new code,
and HELPERS, who are volunteers ranging from high school stu-
dents to professional engineers. Despite the lack of formal training,
many HELPERs adopt mentor-like strategies and frequently support
LEARNERS beyond simple answers. Surprisingly, 83% of chat sessions
organically covered software development stages, including testing
and verification. Overall, conversations maintained a positive tone
with several conversational behaviors significantly correlating with
higher LEARNER satisfaction. For example, implementation-focused
support was broadly helpful, while the asking of personal ques-
tions, discussions of code experience, and talking about test cases
are more effective when initiated by the LEARNER rather than the
HELPER. Taken together, these findings highlight how P2P tutoring,
even in unmoderated and anonymous settings, can deliver meaning-
ful support for novice programmers. These exciting results suggest
avenues for peer tutor training or Al tool intervention, which may
become increasingly important as traditional and non-traditional
CS students alike turn to P2P tutoring.
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