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ABSTRACT

A recent ITiCSE working group investigated when and how experts
give feedback and hints at steps novice programmers take when
solving programming problems. Based on the feedback literature
and an analysis of expert feedback on steps, the working group
designed guidelines for when and how to give feedback. The feed-
back provided by educators using these guidelines on a number
of sequences of student steps varied a lot. In this paper, we try
to answer the question of why educators give feedback at partic-
ular steps to novice learners of programming. We prepared six
authentic sequences of student steps when solving an introductory
programming task. The preprocessed sequences were used in a
survey to gather information about when and why an expert would
give feedback. Respondents annotated each step from one sequence
with if and why they would give feedback at that step. Our survey
received 47 responses. We qualitatively analyzed the responses,
resulting in a coding scheme consisting of 19 different reasons for
why experts intervene (or not) when novice learners work on in-
troductory programming tasks. We found a considerable variety
of reasons experts give for when and how to help students with
feedback and hints. Also, sometimes one expert uses a reason at a
step to explain why they do intervene, and another expert uses the
same reason at the step to not intervene. The categories of experts’
feedback indicators will pave the way for several future studies and
applications, including learning systems trying to resemble expert
feedback strategies.
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1 INTRODUCTION

Challenges in introductory programming for both students and
educators are manifold. Educators may struggle with large classes,
limited resources, or increasingly heterogeneous groups of stu-
dents [28]. At the same time, students are facing cognitively com-
plex tasks [10, 14], and unrealistic expectations [21].

Programming courses almost always offer tasks in which stu-
dents need to develop a program in some programming language
to solve a problem. During these learning activities, students may
require more information about the task requirements, previous
actions, mistakes, or how to proceed. Such feedback is crucial for
student learning [7, 32]. There is literature on general guidelines for
feedback, but how does this translate to programming education
contexts, and solving programming problems step by step?

A recent working group [8] at the Innovation and Technology
in Computer Science Education (ITiCSE) conference tackled this
question by focusing on when students need feedback and hints
in the programming process, and how feedback should be given.
Although the report provides recommendations on this from an
expert perspective, they conclude more experts are needed to reach
consensus regarding which feedback to provide to learners. More-
over, it remained unclear why experts provide specific feedback [8].

This paper addresses this question by reusing, transforming, and
expanding the datasets from the working group to gather informa-
tion from experts on reasons to give feedback to novice program-
mers. The goal is to understand why educators provide feedback
in introductory programming contexts. Our contributions are a
methodology to process extensive keystroke data from students
solving programming tasks in learning environments, 6 comprehen-
sive student sequences, and a set of inductive categories reflecting
experts’ reasons to provide feedback to students in this context. The
results can be used in future research on expert feedback, its quality,
suitability to learners’ informational needs, and how it compares
with feedback given by peers, learning environments, or AI models.
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2 RESEARCH ON FEEDBACK

Feedback is considered one of the most influential factors in learning
success [6, 7, 16, 25]. According to Hattie and Timperley’s model [7],
effective feedback answers the questions of “where am I going”,
“how am I going”, and “where to next”, which operate at four levels:
(1) task, (2) process, (3) self-regulation and (4) self. Whereas (1) deals
with how well the student understands the task itself, (2) focuses
on the process to solve it, (3) is about the student monitoring and
regulating their actions, and (4) is about personal evaluation.

Feedback can be defined as a multidimensional construct in
which determinants like the feedback source, type, modality, or
timing can influence whether feedback is perceived as valuable or
not [25]. The source of feedback can be humans (teachers, TA’s,
peers) and systems (automated feedback in learning environments).
The latter’s goal is usually to simulate a human tutor [33]. Research
exploring the correlation between the timing of feedback and its
impact on learning and performance has yielded inconsistent re-
sults. Shute [32] reports that many field studies show the positive
effect of immediate feedback, while lab studies show this effect for
delayed feedback. Narciss [25] provides an extensive classification
of the content of feedback in the context of interactive instruction.

Feedback has also been studied in the context of programming
education (e.g. [2, 3, 5, 8, 9, 13, 18, 20, 26, 29, 31]). Ott et al. [26]
explored the applicability of Hattie and Timperley’s feedback model
[7] in the CS1 context and determined that automated feedback con-
tributes to the first three levels. The authors excluded the self level
(4), as they deemed it lacking a significant impact on enhancing
learning performance. The researchers devised a roadmap outlin-
ing effective feedback practices for various levels and stages based
on Hattie and Timperleys’ feedback model. Keuning et al. [9] de-
veloped a classification of automated feedback for the domain of
programming exercises, extending Narciss’ feedback content classi-
fication [25]. The authors found that the majority of the feedback
that tools give is based on pointing out mistakes. Hao et al. [5]
conducted a controlled quasi-experiment to study the effects of dif-
ferent types of programming feedback (correct/incorrect, or more
elaborated feedback based on test cases). They found that students
receiving more detailed feedback performed significantly better
than those only receiving binary feedback.

A recent ITiCSE working group [8] (WG) focused on how ex-
perts would give feedback to students solving programming tasks.
They studied when students need feedback and hints, and how
this feedback should be given. Their results comprise guidelines
that identify when and how to intervene, describing events such
as trial and error behavior, logical errors, or subgoal completion
as potential points of intervention for educators. Dong et al. [3]
investigated tutor’s interventions during introductory program-
ming assignments in a block-based environment. They found some
key reasons for intervening, including missing components to make
progress, using wrong or unnecessary blocks, misusing needed blocks,
critical logic errors, needing confirmation and next steps, and unclear
student intention.

To conclude, there is an extensive body on feedback research,
also in the context of (introductory) programming education. Some
of these studies go beyond providing feedback and look more closely
at its content and timing. However, we found very few studies that
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looked at reasons why feedback is or is not given at a particular
point in the programming process.

3 METHODOLOGY

Novice learners of programming often benefit from timely feedback
and hints. But what are the reasons why experts give feedback and
hints? This paper investigates the following research question:

RQ Why do experts provide feedback (or not) to novice program-
mers who are solving programming tasks?

3.1 Preprocessing of Student Data

3.1.1  Selection of Student Data. To gather the experts’ reasons on
why to give feedback, we used available (published) datasets [15]
containing students’ steps while solving introductory program-
ming tasks. The datasets were collected through online learning
environments, and published by the 2022 ITiCSE WG [8].

The FITech dataset [19] was obtained from an online program-
ming course at Aalto University. FITech contains keystroke-level
code edit actions as well as run, submit, and request help actions
captured from an online IDE embedded in a course platform for
distance learning. The data is from a course that covers the prin-
ciples of programming using the Dart language and contains 64
different small programming tasks. We use the data for one of the
two simple tasks: reading input until it matches a required value.

CodingBat is a learning environment for programming, devel-
oped by Parlante [27]. The CodingBat dataset contains data from
novice programmers working on Java tasks gathered via thinking-
aloud experiments in a controlled environment [11, 12]. The dataset
comprises two tasks (Fibonacci, factorial of n), and 16 student se-
quences at token-level granularity.

We used an additional dataset not collected by the WG: the Task-
Tracker dataset from Lyulina et al. [22]. It consists of 148 students
solving 6 different programming tasks in 4 different programming
languages, for which fine-grained data is collected through a plu-
gin for IntelliJ-based IDEs. We used the Python programs from
this dataset, another commonly taught programming language. We
have limited information on how the dataset was collected.

3.1.2  Selection of Tasks and Sequences. All selected datasets con-
tain authentic student sequences. We used the following guidelines
to select particular sequences:

o The task is designed for novice learners of programming.

o The length of a model solution ranges between 10 and 15 lines
of code.

e Sequences contain errors where feedback would be helpful.

e Successful completion of the task is not required.

e Sequences in which a student starts with the problem-solving
process are preferred.

3.1.3  Selection of Steps. The granularity of the selected sequences
was too fine-grained to show them to teachers. For example, even
though the FITech dataset had been preprocessed by the WG, every
student solution still comprised 144.1 steps on average with a stan-
dard deviation of 120.7 steps. In particular sequences containing
a number of errors, from students regularly asking for feedback
from the learning environment, are long. For practical purposes, we
wanted sequences with at most 25 steps. We reduced the number of
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Table 1: Overview of data sequences.

Name Source Id Task Steps

Bob CodingBat B02 Fibonacci 9 (full)
Alice  CodingBat B05 Fibonacci 10 (full)
Eve FITech 148 Password 23 (partial)
Dave  FITech 538 Password 15 (full)
Parker TaskTracker tt1 MaxDigit 12 (full)
Jasmine TaskTracker tt2 MaxDigit 22 (full)

steps while preserving key steps and their meaning in each selected
sequences. We kept steps in the data sequence for the following
reasons:

e When the initial line(s) of code were provided by the learning
environment.

When a student executes code, and/or requests feedback (e.g., via
a compile, run, or hint-button).

e When a student pastes in code.

When a student pauses for 2 minutes or longer before writing
the next step, both the step before the pause and the step after
the pause are kept.

e When a student continuously writes code and finishes a line
of thought, we keep a snapshot of every finished line of code
including open and closing parentheses that might appear on the
previous or next line. When a student pastes in multiple lines of
code at once instead of typing them, multiple lines are added as
one step.

When a student makes an error (e.g., a typo) within a keyword,
we keep the step containing the first instance of the error to
understand its origin and nature; if the error is due to formatting,
we keep the step before and after the formatting

Steps were removed from the sequence for the following reasons:

e When a student continuously writes/inserts code without a pause
or deletion (even if errors are made), and thus continues a line
of thought, we remove intermediate steps until a line is finished
(even if there are minor errors that are immediately corrected).

e When the same step occurs multiple times with the same times-
tamp in a dataset, we remove the repeated step.

e When a student executes a program twice in a row, we remove
the second step.

Applying these criteria to the selected sequences gave sequences

in which the majority of the steps add or change (part of) a line

in a program. See Fig. 2 for an example of a step where a student
completed a line and pressed the Go button.

The preprocessing of data resulted in the selection of six se-
quences (which can be either the full or the partial sequence) for
three different tasks in three different programming languages, as
shown in Table 1 and 2.

3.2 Survey Design

The survey first asked the participants a number of general ques-
tions about job title, years of experience in teaching programming
courses, school level, the main country of teaching, and in which
programming languages they feel comfortable giving feedback (C#

The sequences are available at https://github.com/Programming-Steps-Working-
Group-2022/Expert-Reasons-ITiCSE-24.
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Table 2: Task details.

Exercise Lang.
Fibonacci Java

Description Concepts

Compute the n-th Fibonacci num- methods, conditionals,
ber using recursion. recursion

A function asking the user for a methods, parameters,
password until they enter the cor- loops, conditionals,
rect one (given as parameter). input/output

Given a string containing only dig- loops, conditionals, in-
its, find and print the largest digit. put/output

Password Dart

MaxDigit Python

and Java, or Python, or all of these). Since at the level of our datasets
Dart is almost indistinguishable from C# and Java, and Dart is much
less well known, we assumed that people feeling comfortable giv-
ing feedback on C# and Java programs would be fine with giving
feedback on beginners’ Dart programs as well.

After the general questions, we would randomly offer one of the
six sequences to the participants, taking into account their answer to
the programming languages in which they feel comfortable giving
feedback. Each of the series of questions on sequences of steps starts
with the description of the task, including some test cases. We then
describe a fictional student solving the task, see for an example
Fig. 1. We developed six such personas based on our knowledge
of the contexts in which the datasets from which we selected the
sequences were collected.

'. Meet Alice, 19, a computer science student at a German
m University of Applied Sciences. She just completed her first

@, programming course and passed it with a good grade. She

thinks her programming knowledge and competencies are

good. Some tasks are easy for her, like the ones with objects
and classes, or arrays. She also perceives recursion as
difficult. Alice wants to learn programming to develop her own apps and
software once she graduates. During her first semester break, she hears about a
usability experiment at her university where one can do some programming.
She is curious and decides to participate to see that usability laboratory from
the inside.

Figure 1: A description of a persona.

We gave the following instructions for answering the remaining
questions:

In the next couple of questions we will ask what kind of feedback you
would give to Bob. In each question, we show two consecutive states
of the program Bob is developing. The states are screenshots of the
online programming environment in which he works, and also show the
feedback from the environment. [..] As we want to simulate a classroom
setting, we will show you Bob’s progress going forward without the
possibility to go back and change the feedback you provided for previous
steps. Also, you may assume that Bob did not receive the feedback you
provide, since in reality, Bob of course didn’t get this feedback. Please
give feedback only once for a particular error.

Fig. 2 gives an example of a step that was shown to the participants.
We always present the preceding step to indicate the students’
progress. For each step, we ask the participants the following three
questions (1) Would you give feedback and/or hints at this point?
(Yes/Maybe/No), (2) Why? (open question), and (3) Which feedback
and/or hints? (open question).
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3.3 Data Gathering from Experts

Before distributing our survey, our institutional ethics committee
approved our research proposal. All participants gave consent for
using their data for our research.

3.3.1 Distribution of the Survey. The survey was distributed in
several ways: on the SIGSCE mailing list, at several talks at con-
ferences and universities (ITiCSE 2023, DELFI 2023, FIE 2023, sev-
eral regional secondary school CS teachers meetings, a national
secondary school CS teachers meeting, Universita della Svizzera
italiana), and via snowballing the survey to various (international)
colleagues of the authors who were considered experts (i.e., people
with years of teaching experience in programming classes).

3.3.2 Description of the Sample. We received 47 responses; most
came from Europe (26, with 9 from Germany, and 11 from the
Netherlands) and North-America (14, with 11 from the US), but we
also had respondents from Middle-America, South-America and
Africa. Our respondents had on average 13.28 years of teaching
experience (median 8), with quite some spread: the population
standard deviation was 11.65.

The feedback of the respondents was distributed over the various
sequences (within parentheses the number of answers to the why
question for each of these sequences): Bob 6 (38), Alice 9 (76), Eve
10 (177), Dave 5 (37), Parker 13 (102), and Jasmine 4 (34). In total, we
analyzed 464 reasons why or why not to give feedback. We did not
enforce answering the feedback questions, and some respondents
answered only part of the feedback questions. We included the
questions they answered in our analysis.

3.4 Data Analysis

For the analysis of the experts’ responses, we applied a qualitative
analysis technique [24] to the open-ended questions in which ex-
perts indicated why they provided feedback or not. In this paper,
we only analyze the reasons for experts to give feedback. We do
not evaluate the decisions (Yes/Maybe/No) they made based on this
reason, which is future work.

The starting point of this iterative process was an exploration
of the material while trying to apply the deductive categories de-
veloped as part of prior work [8]. Even though several categories
seemed applicable, a first run through the responses quickly con-
firmed the need to develop new, inductive categories summarizing
and abstracting the experts’ reasons for giving feedback [23, 24].

Dominic Lohr, Natalie Kiesler, Hieke Keuning, and Johan Jeuring

These were constructed for the first sequence (Alice). At the same
time, not all categories established in the working group report
could be reused, as experts did not refer to all of them.

Three of the authors coded the experts’ replies independently
starting with a small subset of the material (Alice, 76 reasons). Then
the applied codes were compared and discussed until reaching con-
sensus to ensure reliability. Two of the authors were coders in the
entire coding process. An extended version of the category system
was then applied to the next sequence (Bob, 38 reasons), before
refining the category definitions and anchor examples in alignment
with the experts’ explanations. This process was continued when
moving on to the next task and the respective two sequences (Dave,
37 reasons and Eve, 177), thereby specifying the category defini-
tions further, and adding new categories for new reasons. After
reconciling half of the codings for Eve (step 1-11), the coders re-
structured some of the categories and recoded the sequences. When
comparing the revised codings for Eve (step 12-22), the agreement
had improved significantly. Then the last task was coded (Parker,
102 and Jasmine, 34), starting with responses to Parker’s sequence.
It resulted in the addition of one more category (TYPE). For the last
sequence (Jasmine), no new categories were added.

For Parker’s sequence with 102 responses (21.98% of the data),
we calculated the intercoder-reliability by using Cohen’s k [1]. With
0.68, the agreement was substantial [17].

4 RESULTS: WHY EXPERTS GIVE FEEDBACK

Table 3 presents the deductive-inductive categories describing rea-
sons why or why not experts decide to give feedback and hints to
students. For each category, we provide a detailed definition, along
with anchor examples.

The first five categories (presented in italics) reflect deductive
categories that were identified in the literature [8], and recognized
in the expert responses. The 14 new, inductively-built categories
were constructed based on the material alone. They comprise a
great variety of reasons why experts consider intervening or not.
Several categories (e.g., SYNE, TYPEE, ERROR) relate to actual
errors in the student code. In contrast, other categories refer to
minor aspects that could be improved but do not necessarily cause
an error (e.g., STYLE, PERF). Additional indicators for experts to
(not) intervene were related to the occurrence of the student step
within the sequence. Intervening when a student had just started the
problem-solving process (START), for example, was very unlikely

public int fibonacci(int n) { public int fibonacci(int n) {
if(n==1) return 1; if(n==1) return 1;
if(n==0) return 0; if(n==0) return @;
return return n-1+fibonacci(n-1); Expected  Run
bl bl fibonacci(0) — 0 |o [ok
fibomacci(1) — 1 |1 ok
fibonacci(2) — 1 |2 [x
fibonacei(3) — 2 |4 |
‘ fibonacci(4) — 3 |7 |x
fibonacci(s) — 5 |11 [x
fibonacci(s) — 8 |16 [x
fibonacci(7) — 13] 22 [x
other tests x
@ | E——

Figure 2: Two consecutive steps from Alice; in the second step she clicked the Go-button to receive feedback.
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Table 3: Categories for the reasons why experts intervene and provide feedback (or not).

Category Definition Anchor Examples
Deviation from Inconsistencies with the task description and require- ~ “Bob’s code fails to be consistent with the definition of the Fibonacci function.”
specification (DFS) ments, e.g., changing required function signature. “The two lines are both irrelevant to the specified task. ”

“Eve is limiting the type of password to numbers, which should not be done.”

Trial and Error

Once it becomes clear the edits are guessing — not

“typing without thinking”

behaviour experimentation. “looks like the student is using trial-and-error to find the bug”

(T&E) “random programming”

Feedback  request ~When a student (would) ask for help. “If the student asked for help.”

(REQUEST) “Only when being asked.”

Task completion When a student completes all steps of a task and ~ “Celebrate success!”

(COMPLETE) achieves a correct solution. “The solution is correct.”

Logical error Program errors that causes the program to operate ~ “The logic is wrong.”

(LOGE) incorrectly. “It seems she wants to sort the digits, but she only sorts a list of length 1”

Syntax error Errors related to spelling, punctuation, parenthesis, “missing semicolon”

(SYNE) indentation, etc. causing a compiler error. “The last ‘return’ statement fails to return a value, so the compiler should report that error.”

Type error Operations on values that are not of the appropriate  “they will eventually run into TypeError: >’ not supported between instances of ‘str’ and ‘int™

(TYPEE) data type, e.g., adding a string to an integer. “trying to verify the string is a digit before doing the comparison, which will fail regardless
because of the previous type error.”

Unspecified or When there is no specific information about the error ~ “the error message now shows another type of error, but in the same line”

multiple Errors the expert is referring to, or if there are multiple  “the new line is wrongly placed and does not add to fixing the other problems.”

(ERROR) errors. “Too many problems demotivate beginners.”

Style issues Elements in the code that do not cause a compile  “The two if statements can be combined into 1.”

(STYLE) error, but should be improved, e.g., lack of meaningful ~ “it is better to always introduce a block for the then-part”

nomenclature, or comments.

“I would reorder or merge the two cases”

Performance issues
(PERF)

When the performance or run-time of an algorithm
could be improved.

“I might ask if she can think of a better/faster solution, and take it to the next level (an iterative
approach instead of a recursive one).”
“This is a good point to talk about running time of the program [...]

»

Start of problem-

When a student just started the problem-solving pro-

“I think it’s too early for feedback. ”

solving (START) cess, thus the first step is displayed. “They have not written enough code.”

Long pause (PAUSE) ~ When a student does nothing for more than two min-  “after 4 minutes without progress, a hint is needed about how to continue.”
utes.

Progress (PROGR) Encourage students’ progress despite minor things ~ “Asking her to do X would not encourage her progress”

that could be improved; not disrupt the thinking pro-
cess; wait to see if the student recognizes their mis-
takes by themselves; or if there is good progress, or
significant improvements.

“I would wait and see how she continues.”
“let them go on”

“I want her to find out the problem herself”
“Elimination of errors, good progress.”

Deteriorate solution
(STEPBACK)

When student deletes reasonable code, or edits code
that had previously been correct.

“The edit did not bring the student any closer to a working implementation”
“They completely deleted their reasonable attempt at the return statement instead of revising it.”

Existing feedback
(EXFEED)

When there is existing feedback, which the student
has received or which they will receive, e.g., error
messages from the learning environment, the com-
piler, or the educator.

“The IDE feedback is giving the proper feedback”

“the tool already gives feedback”

“Previously reported on this milestone and hinted at this issue.”
“Error message is sufficient.”

Uncertainty (UNC)

When the expert is uncertain or undecided about the
reasons to provide feedback, or when they do not
understand what a student does.

“Unsure yet what they are going to do with v2.”
“I have no idea what she is trying to do.”
“I cannot infer what her thought process is from the first line alone.”

Confidence in the

Assumptions (and their reasoning) about the stu-

“No reason to assume she won’t get this”

learner (TRUST) dent’s likelihood to succeed by themselves (or not), “The student should be able to figure this out for himself”
or the extent to which students can make progress.  “Does he understand the notion of recursion?”
“I'm worried that Parker is confused about what v2 and v3 stand for.”
Judging learner’'s  When explicitly making unreasonable assumptions ‘I think she is panicking.”, “the student is officially lost”

state of mind (STA-
TEOM)

about the students’ state of mind, or emotions, cog-
nitive processes, or abilities.

“I probably need to write this program for her. She is lost”
“they get too far off track and become too overwhelmed.”

Personal
(PERSONA)

aspects

Explicitly relating to aspects mentioned in the per-
sona provided for the sequence.

“Bob sounds competent enough and so far so good.”
“This is a crucial step, since she struggled with recursion [...]

»

(in 1 response). If students took pauses longer than two minutes
(PAUSE), however, it was a reason to provide feedback or hints.
Students making progress or improvements in their code was
one of the most frequent indicators (PROGR, in 153 responses) for
experts not to intervene, and exclusively not to intervene. Many
experts wanted to let students try to figure out the mistake by
themselves first, before interrupting them. This way, students can
experience competency. If students deleted reasonable code and
deteriorated their solution (STEPBACK), it was a common reason
for experts to provide feedback. In some cases, experts expressed
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their uncertainty (UNC) about the student’s progress as an indicator
and reason to intervene.

The three remaining categories in Table 3 all refer to personal as-
pects, somewhat reflecting the “human” dimension of competency-
based teaching and learning [4, 30]. This personal note was also
introduced by the experts. The category TRUST refers to the ex-
pert’s confidence in the learner, and whether or not they believe
the student can solve the problem or error. A related category (STA-
TEOM) refers to the experts uttering judgments about the students’
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state of mind, emotions, cognitive processes, or abilities without ex-
plicitly giving a reason for that judgment. The last category related
to the human component is PERSONA. It was applied when the
experts explicitly referred to aspects mentioned in the persona’s
description provided as part of the instructions for this study.

In addition, we used three categories not referring to reasons
why experts provide feedback to novice programmers (not part of
Table 3). These were used to classify other, somewhat unrelated
comments (IGNORE), responses expressing confusion about the
learning environment or the screenshots in the survey tool (CONF),
or when no reason was provided at all (NOR).

5 DISCUSSION

Through a qualitative analysis of 464 experts’ responses to six
authentic sequences of introductory programming student steps, a
category system was derived, as presented in Table 3. Our study
extends the 2022 ITiCSE working group results (see section 2) by
exploring why experts choose to give feedback (or not). Five of
the initial categories (DFS, T&E, REQUEST, COMPLETE, LOGE)
from the working group [8] were adopted, but some were discarded
as experts did not refer to those aspects, or due to the lack of
subgoals in the task description. To account for specific error types,
we expanded the error categories to address syntax (SYNE), type
(TYPEE), logic (LOGE), and multiple errors (ERROR). Due to the
substantial interrater-reliability, we assume the coding scheme can
be applied to other datasets. At the same time, other reasons to
intervene (or not) can likely be added, as this seems to partially
depend on the programming language (e.g., type errors).

In some cases, the identification of the expert’s reasoning was
challenging due to their brevity. For example, when the expert
mentioned an “error”, it was unclear whether they were referring
to errors in the code or the error message from the programming
environment (EXFEED).

We also observed patterns among experts. For instance, experts
preferred waiting until the task was completed before intervening
on performance errors (PERF). This was different for syntax errors
or when multiple errors occurred. In these cases, some experts
chose to intervene at the first instance of the error(s), while others
opted to wait a few steps. However, the experts did not explicitly
elaborate on why they intervened early on some errors but not on
others. We hypothesize that it is due to the severity of the error.
Other patterns include the rationale to let students continue to
work on a problem (PROGR, “let’s observe the unfolding situation”)
which was always a reason not to intervene. Another aspect worth
mentioning is some experts stating that it was challenging to justify
why (not) to intervene at a certain step, as these decisions are often
based on intuition and experience.

Relating our work to Hattie and Timperley’s model [7] shows
that we can loosely align the four focus levels of feedback to our
reasons to give or withhold feedback: DFS, LOGE, SYNE, TYPEE, ER-
ROR, STYLE, PERF, and STEPBACK relate to the task level, START,
T&E, PAUSE, PROGR, and UNC to the process level. REQUEST,
TRUST, and STATEOM relate to the self-regulation level, and PER-
SONA to the self level. However, it should be noted that the cate-
gories we developed were all created in the context of a student
solving a task. This is different from Ott et al. [26], for example, who
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map the four feedback levels to the CS1 context, while considering
the levels of concept understanding and the course.

The framework can also be used as a basis for further research
on feedback in programming education. For instance, it can be used
in studies investigating the effectiveness of interventions based
on various criteria. Researchers may explore how the categories
(or combinations thereof) describing an expert’s reasoning map
the learner’s actual informational needs. Moreover, the student
sequences can be reused to investigate other behaviors students
exhibit when solving programming tasks in learning environments.

5.1 Limitations

A limitation of this study is the number of investigated student
sequences. Finding, accessing, understanding, and preprocessing
six sequences representing three different programming languages
was a challenge due to the lack of open data resources. During the
replay of the students’ steps in FITech’s learning environment, we
also noticed that the version had changed. As a consequence, we
could not guarantee that the system’s error messages as displayed
in the screenshots were identical to those the students received
when working on the password task. Another limitation is that
the datasets do not comprise students’ thinking, gestures, or facial
expressions. These indicators could have influenced the feedback
of the experts. Moreover, the limitations of self-reporting (e.g., so-
cial desirability, exaggerations, omissions) apply to the experts’
responses. Finally, the survey design may have caused experts to
not remember the task when giving feedback, as they could not go
back to the instruction page. However, we did not observe related
responses indicating such misunderstandings.

6 CONCLUSIONS AND FUTURE WORK

The presented study is the first of its kind to investigate the reasons
why experts provide feedback in introductory text-based program-
ming contexts. We selected and preprocessed six authentic student
sequences gathered in three different online learning environments
to capture and represent students’ progress on beginner program-
ming tasks. In an online survey, their progress was displayed step-
by-step, illustrated with screenshots. We recruited 47 experts to
indicate for each step whether they would intervene and why. The
provided reasons were qualitatively analyzed using a deductive-
inductive approach to develop a coding scheme. As a result, we
identified 19 different reasons experts use to decide whether or not
to intervene in a student’s problem-solving process. While these
reasons address several types of errors, they also refer to students’
actions, uncertainty, or personal aspects of the learner.

The gathered expert responses offer several opportunities for
future research: Are there correlations between the reasons why
experts provide feedback, and the type of feedback given? How
does the experts’ background influence their feedback reasoning
and strategy? For example, do more experienced programming
instructors provide feedback later in the process than educators
with less experience? Are there differences regarding the experts’
background? In the context of (adaptive) learning environments or
systems, it will be interesting to investigate to what extent these in-
dicators can be automated. Therefore, this work is not only valuable
for educators but also for people designing learning systems.
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