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Abstract

Debugging is a central yet challenging activity for novice program-
mers, and diagnosing students’ debugging difficulties places high
demands on teachers under time pressure. Research shows that
especially novice teachers often struggle to diagnose such situa-
tions in a precise and meaningful way. Although simulation-based
approaches have proven effective for fostering diagnostic skills in
other domains, they remain underexplored in computer science
(CS) teacher education, also lacking theory-driven structures for de-
signing diagnostically rich debugging cases. To this end this paper
introduces the ECDM Framework, a conceptual framework for con-
structing and analyzing realistic diagnostic cases for debugging situ-
ations. It integrates four core dimensions, Error, Cause, Debugging
process, and Motivational-affective trajectory, to capture essential
aspects of authentic debugging situations while allowing controlled
complexity. The paper illustrates how the framework can be applied
and discusses its potential to support teachers’ diagnostic skills in
debugging.
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1 Introduction

Debugging is an indispensable aspect of programming, yet it is one
of the most difficult activities for novices [35, 48]. Beginners often
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lack the experience to manage the complexity of identifying and
fixing errors and rely on support by teachers [29]. In such situations,
teachers have to rapidly diagnose why a student is unable to resolve
a specific bug. This is a substantial challenge for teachers [46], in
particular for novice teachers with less classroom experience.

Diagnosing is a core professional practice of teachers. Therefore,
there is a broad consensus across disciplines that diagnostic skills
should be explicitly fostered in teacher training [6]. This requires
structured opportunities to practice. Simulation-based approaches
have proven effective for this purpose, for example in domains
such as mathematics [7, 39] or physics [23]. To this end, simula-
tions represent professional practice, such as classroom situations
or student-teacher interactions, for which students can practice
diagnosing. Central to any such simulation are the underlying cases.
In this context, a case is defined as a specific instantiation of a diag-
nostic situation. It is constructed by configuring distinct student
and problem characteristics to create a coherent diagnostic task,
represented either through recordings of real lessons or as scripted,
purposefully designed scenarios. While unscripted cases offer high
authenticity, scripted cases enable diagnostically relevant aspects to
be selectively highlighted, reduced, or systematically manipulated.
This allows repeated practice with controlled complexity and ad-
justable pacing, supporting focused diagnostic learning without the
time pressure, high emotional stakes, cognitive demand and unpre-
dictability of live classroom settings [9, 32]. Despite this potential,
simulation-based approaches remain largely unexplored in CS edu-
cation with only a few first studies in this direction [36, 42, 47, 51].

To adequately diagnose debugging situations, teachers must as-
sess observable aspects and draw informed inferences from them
[15]. Developing cases therefore requires a systematic examina-
tion of the essential aspects necessary for diagnosing. Existing
studies provide insights into what errors students make (typical
programming problems [1, 2, 17, 27]), why these errors arise dur-
ing programming (causesdifficulties [28, 37, 41]), and why students
struggle to resolve them independently (debugging processes and
behaviors [21, 33] as well as motivational-affective factors). How-
ever, these strands of work have rarely been synthesized with the
explicit goal of identifying diagnostically relevant, observable as-
pects that can inform the systematic design of debugging cases.

In this article, we address this gap by introducing the ECDM
Framework, which structures empirically grounded aspects of de-
bugging situations into a coherent model to support the creation of
authentic diagnostic cases for teacher training, applicable for both
K-12 and higher education teacher training.
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2 Theoretical Background and Related Work
2.1 Diagnostic Skills

Diagnostic skills are widely recognized as a core component of ef-
fective teaching and teachers professional competence. Diagnosing
refers to the identification and interpretation of students’ abilities,
misconceptions, learning needs, and motivational states in order to
inform appropriate instructional decisions and interventions [45].
Diagnostic situations in classroom practice are characterized by
high informational complexity, varying degrees of typicality, and
substantial demands on professional agency, including time pres-
sure, social interaction, and self-regulation [9]. Diagnosis is further
complicated by the fact that many relevant aspects are not directly
observable but must be inferred from observable cues through the
application of teachers’ professional knowledge. These demands
are particularly challenging for novice teachers [6]. Effective diag-
nosis requires an interplay of content knowledge (CK), pedagogical
knowledge (PK), and pedagogical content knowledge (PCK), which
together enable teachers to recognize diagnostically relevant cues
and select appropriate instructional responses [22].

Simulation-based approaches to foster diagnostic skills. Subject
specific studies (e.g. [7, 23, 36, 39, 51]) as well as a comprehensive
meta-analysis [6] show that scaffolded simulation-based learning
can lead to substantial gains in diagnostic skills across teachers with
varying prior knowledge. Central to any simulation is an underly-
ing case and a representation in a chosen modality (e.g., text-based,
video) for the particular simulation environment: a concrete, ex-
emplary professional situation that captures essential aspects of
practice. Take a scripted scene of two students struggling with a
specific bug and requiring teacher support. Through representa-
tional scaffolding, simulations systematically reduce and control
complexity by selecting, emphasizing, or omitting situational as-
pects, thereby lowering cognitive load and directing attention to
diagnostically relevant observable cues. With increasing experience,
additional aspects can be reintroduced to progressively approxi-
mate the full complexity of authentic classroom practice [9, 13, 43].
Effective simulation-based diagnostic training therefore crucially
depends on the availability of well-designed cases that systemati-
cally represent diagnostically relevant aspects of practice.

2.2 Debugging and Diagnosing Debugging
Situations

Debugging is not a linear task but a demanding, iterative, and
hypothesis-driven process. It requires coordinating multiple skills,
including understanding the problem domain, knowing program-
ming concepts, tracing program logic, and locating and fixing er-
rors [21, 33, 40]. Beginners often lack the experience needed to
manage this complexity [35]. As a consequence, students frequently
rely on teachers when they encounter debugging problems in class-
room settings. Supporting students during debugging therefore
constitutes a major professional challenge for CS teachers [29].
Classroom-based studies on student-teacher interactions, par-
ticularly in debugging physical computing systems, document a
range of instructional strategies, such as asking guiding questions,
articulating the problem, emphasizing systematic processes, or re-
sponding to students’ frustration and joy [16]. While these studies
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provide rich descriptions of teachers’ observable actions, they
place less emphasis on the diagnostic reasoning processes through
which teachers interpret students’ difficulties and select these ac-
tions.

A small number of studies have examined teachers’ diagnostic
and pedagogical reasoning using elicited tasks and representa-
tions outside real classroom settings. For example, Tsan et al. asked
how teachers would help their students in debugging in a profes-
sional development context and found that teachers often focused
on providing solutions rather than engaging with students’ under-
lying reasoning [42]. Yadav et al. employed scripted video-based
simulations of students’ understanding of programming constructs
to study how CS teachers respond. Wachter and Michaeli used
scripted videos of debugging situations to analyze how teachers
would diagnose and intervene [46, 51]. While these approaches
demonstrate the potential of simulations for examining diagnostic
reasoning, they do not offer much transparency regarding how
their cases are constructed or which diagnostically relevant aspects
are selected and structured.

Finally, approaches explicitly aimed at fostering diagnostic
skills in CS remain scarce. One emerging example is BlockTalk, a
generative Al-based tool that enables teachers to practice conversa-
tional debugging in simulated interactions [14]. Similarly, Wachter
and Michaeli report an exploratory pilot study using scripted video
simulations to support novice teachers’ diagnostic skills, while
emphasizing the need for broader and more systematic investiga-
tions [47].

Overall, the literature underscores the promise of simulations
but offers limited guidance on the systematic design of cases for
simulation-based training. This highlights the need for systematic
frameworks that integrate empirical knowledge about learners,
debugging processes, and diagnostic demands.

3 Analyzing Debugging Situations from a
Diagnostic Perspective

Constructing authentic and instructionally valuable cases requires
identifying the core aspects that define a classroom debugging sit-
uation. Although debugging is a multi-layered process, not all of
its aspects are equally observable or diagnostically relevant for
teachers. In this section, we therefore analyze prior research on
novice programming and debugging from a diagnostic perspective
to identify the observable aspects that inform instructional deci-
sions. Based on this synthesis, we identified four interconnected
dimensions that are essential for diagnosis: What kind of error was
made, why was it made, why a student is not able to solve it and
how motivation influences the whole process. The following sub-
sections ground each dimension in existing research and establish
its relevance for teachers’ diagnostic reasoning.

3.1 What error was made?

From a design perspective, the error (or bug; used interchange-
ably [33]) type constitutes the central anchor of any debugging sce-
nario. Error types are diagnostically relevant because they shape
how students search for, interpret, and attempt to fix problems,
and thus influence which instructional interventions are appropri-
ate [5, 29]. Research shows that the error type determines whether
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the problem is signaled explicitly (e.g., via compiler messages or
errors during execution in syntax and semantic errors) or remains
implicit (e.g., via incorrect output in logic errors) which influences
the observability of the error [8]. Across studies, syntax errors
are typically the most frequent and easiest to fix, whereas for logic
errors the source of the error is harder to identify [1, 2, 17, 27, 30].
In contrast, research in K-12 classrooms shows that even compile-
time errors pose major challenges for novices [29]. Recent work
therefore argues for moving beyond error frequency toward er-
rors that genuinely cause student struggle, as such errors are more
likely to lead to frustration without learning gains [3]. Therefore,
to create a case the error type has to be explicitly defined, as this
fundamentally constrains the student’s potential actions and the
diagnostic cues available to the teacher.

3.2 Why was the error made?

While the error defines the observable problem, the cause con-
stitutes the hidden reasons for the creation of the bug. To create a
coherent case, the design must determine why the error occurred, as
identical errors can stem from fundamentally different student dif-
ficulties. Only by identifying these underlying reasons can teachers
support students in overcoming and understanding the error. Early
influential work by Spohrer and Soloway differentiated whether er-
rors stemmed from misconceptions about programming language
constructs or from plan composition problems, noting that the
former were less widespread than commonly assumed [41]. [34]
further demonstrated that many recurring errors originate from
language-independent conceptual bugs summarized as the belief
that the computer is “intelligent” and “just understands” what the
programmer intends (even if it is not explicitly written in code) [34].
Later work synthesized these and other findings into a set of di-
agnostically relevant student difficulties as error causes: syntactic,
conceptual, and strategic difficulties [37]. Most advanced being
strategic difficulties, which are responsible for missing program-
ming strategy during problem decomposition, design, testing, and
debugging, especially for novel and complex problems [28]. Impor-
tantly, Veerasamy explicitly distinguishing slips and lapses from
knowledge- and rule-based errors, highlighting that not all debug-
ging problems indicate missing understanding [44]. This distinction
is vital for scripting the student’s reaction to teacher interventions:
while syntactic, conceptual or strategic difficulties require ex-
planatory or scaffolding interventions, in the case of a slip the
student might self-correct upon a simple prompt.

3.3 Why can’t the error be solved?

While error and cause define the static state of the problem, the
debugging behavior dictates the dynamic evolution of the case. It
determines how the simulated student interacts with the error over
time, heavily influencing the whole script for the case. For example
whether students apply strategies such as tracing, pattern matching
(which relies heavily on experience) or targeted testing, whereas
struggling students rely on unsystematic tinkering or superficial
code reading [10, 11, 31, 49].

Additionally, many students do not fail to resolve bugs due to
missing knowledge or motivation, but because they get stuck in
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the debugging process itself. Research consistently describes an
ideal-typical debugging process as an iterative, hypothesis-driven
process that can be summarized in four core Debugging Process
Steps (DPS) [21, 33, 40]:

DPS 1 Observation of the Failure-noticing unexpected program
behavior or output,

DPS 2 Formulation of Hypotheses—generating explanations for the
observed failure,

DPS 3 Identification and Verification—testing hypotheses to locate
the faulty code (if verification fails DPS 2),

DPS 4 Fixing and Verification of the Fix-applying and validating a
correction (if verification fails DPS 2) .

Across educational contexts, novices frequently omit or incom-
pletely execute key steps of this cycle, particularly hypothesis for-
mation (2), identifying or localizing the bug which includes hypoth-
esis testing (3), and verification of the fix (4), which often results
in unproductive trial-and-error behavior [33, 40].

Case design for diagnosing debugging situations therefore re-
quires a scripted debugging behavior for the teacher to recognize
both the quality of the debugging process and which strategies
students use, misuse, or neglect.

3.4 How does motivation shape debugging?

Finally, to create an authentic representation of a classroom, a case
must account for the motivational-affective factors influencing the
situation being integrated in the script for the case. Those factors
such as self-efficacy, goal orientation, and self-regulation play a
central role in how students engage with programming and de-
bugging [24]. Self-efficacy, in particular, is a strong predictor of
academic outcomes and has been shown to relate to programming
performance and debugging success [50]. Importantly, self-efficacy
is dynamic and is shaped by students’ emotional experiences during
debugging, especially repeated failure or success [20, 26]. Debug-
ging is not a purely cognitive task, it is an affectively demanding
activity often accompanied by frustration, anxiety, or fluctuating
confidence [12, 19].

Although these factors have a significant impact on students’
engagement and perseverance, motivational-affective aspects of
debugging remain underrepresented in computing education re-
search [24]. From a diagnostic perspective, this implies that teachers
must attend not only to cognitive or conceptual difficulties, but
also to students’ motivational states and confidence. Diagnosing
these aspects is essential for selecting interventions that reduce
frustration, support persistence, and foster positive feedback loops
in which successful debugging strengthens self-efficacy and future
engagement [26, 29, 40].

4 The ECDM Framework

Building on the diagnostic aspects identified in section 3, we now
propose the ECDM Framework as a tool for case design consist-
ing of four dimensions: Error, Cause, Debugging process, and
Motivational-affective trajectory. While the previous section an-
alyzed main aspects of debugging situation based on empirical
research, this section operationalizes these findings into concrete
categories for case construction. The framework functions as a
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Figure 1: The ECDM framework.

modular system (see figure 1). The structure allows case design-
ers to systematically "configure" a realistic scenario by selecting
one category from each dimension, choose an instantiation of that
category and realize a case representation through a chosen modal-
ity (e.g., text-based, video) corresponding to the particular simu-
lation environment which includes observable cues. These cues
include source code, student reasoning dialog, behavior showing
motivational-affective states and debugging behavior. By repeating
this process with different configurations and different instantia-
tions, the ECDM framework supports the creation of a wide range
of authentic cases teachers may encounter in practice. In the fol-
lowing subsections, we describe these specific categories and give
examples for their instantiation.

4.1 Error

The core of any case is the specific error. This dimension describes
what kind of error is in the code and is an objective dimension
that can not be observed from the students behavior. Since the
range of possible errors is vast, the framework uses the error types
with similar observability based on the nature of system feedback
they trigger as categories: Syntax, semantic, and logic errors,
widely used in introductory programming education and empirical
research [1, 2, 17, 27, 38]. Syntax errors result from violations of a
programming language’s formal grammar (e.g., missing semicolons,
mismatched braces) and prevent compilation, often allowing bug
localization at line level. Semantic errors occur in syntactically
correct code when language constructs are misused or misunder-
stood, manifesting as compile-time errors or runtime failures (e.g.,
undeclared identifiers, incorrect operators, wrong parameter usage).
Logic errors compile and execute but produce incorrect behavior
(e.g., faulty loop conditions), making them particularly difficult for
novices to detect and reason about.

4.2 Cause

In a specific case we need to show why a student produced a par-
ticular error, we adopt the well-established distinction proposed
by Qian and Lehman and extend it by explicitly including slips as
a separate category [37, 44]. Together, slips, syntactic difficul-
ties, conceptual difficulties, and strategic difficulties provide a
comprehensive yet non-overly granular account of novice program-
ming difficulties, grounded in computing education and cognitive
psychology and supported by empirical work [37, 44]. Slips are

unintended performance errors caused by momentary lapses in
attention or memory and occur despite the student having the
necessary knowledge. Syntactic difficulties arise when students
know what they want to express but lack the formal language
knowledge to produce syntactically correct code. Conceptual dif-
ficulties arise from misunderstandings of programming constructs,
principles, or the semantics of operations and involve incomplete
or incorrect mental models of programming constructs. Strategic
difficulties refer to problems in planning, task understanding, and
integrating syntactic and conceptual knowledge into coherent so-
lution strategies during program construction. Importantly, our
four dimensions reflect a temporal distinction: error causes explain
why the erroneous action occurred during programming, whereas
difficulties when trying to find and fix the bug are treated sepa-
rately. Although prior work has sometimes subsumed debugging
under strategic difficulties [28, 37], we exclude debugging-related
difficulties here due to the distinct competencies required for de-
bugging compared to programming [1, 10] and address them in the
debugging-skill dimension in section 4.3.

Importantly, the cause dimension is closely related to the error
dimension but not a direct 1:1 mapping. While many combinations
of error and cause are theoretically possible, some are more likely
than others. For example, an instantiation of a logic error would
be a method call where the return value is not handled. In that
case the final calculation would not show the expected result. The
error may arise from a conceptual difficulty, such as not under-
standing that a method’s return value must be explicitly handled
to have an influence on the result, but it may also stem from a
slip, where the student simply forgets to assign the return value
to a variable despite understanding the concept. Some other com-
binations might be considerably less plausible. Keeping error and
cause conceptually separate allows the framework to represent
diagnostically meaningful variation: the same observable error may
reflect different underlying causes and therefore require different
instructional responses. By selecting empirically established causes
that recur across learners, the framework enables the systematic
generation and analysis of typical debugging situations that reflect
instantiations of different categories of cognitive origins of errors.

4.3 Debugging Process

The next aspect that needs to be integrated in a case is the student’s
debugging behavior. This dimension describes how the student
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approaches the problem and is chosen independently from the
other categories: A student with any level of debugging skill can
encounter any type of error or underlying cause. To categorize this
behavior for the case design, we distinguish the quality of the
debugging process. To this end, we describe qualitative ranges of
the debugging process, spanning from Unstructured to Strategic.
We deliberately use descriptive names rather than numerical levels
to emphasize that these are interpretive groupings, not fixed stages
of development. The distinction between these quality levels is
necessarily fluid, and no clear-cut boundaries can be assumed in
authentic classroom situations. The choice to describe four levels is
therefore pragmatic, serving primarily to support varied case gen-
eration for simulation-based training. Each quality level is instanti-
ated by choosing from optional indicators derived from literature
(e.g. [4, 10, 11, 18, 31, 48, 49]) that serve as guidance.

An unstructured debugging process can be seen through omit-
ting of key steps of the ideal-typical debugging process: students
often fail to generate hypotheses (DPS 2), struggle to identify the
relevant code location (DPS 3), and rely on unsystematic trial-and-
error or tinkering without verifying whether the issue has been
resolved (DPS 4). An emerging debugging process is characterized
by students understanding the task and noticing that something
is wrong, but still fail to articulate or test a concrete hypothesis
(DPS 2). Attempting to isolate the problem remains unstructured
(e.g., commenting out random code), and testing is typically lim-
ited to single examples without considering edge cases (DPS 4).
A coordinated debugging process involves successful hypothesis
formation (DPS 2) and the use of more systematic strategies, such
as consulting error messages, IDE features, or basic tracing, yet stu-
dents may still struggle to precisely locate the faulty code segment
or to consistently verify hypotheses (DPS 3), often tracing linearly
from the start of the program. Lastly, a strategic debugging pro-
cess, is characterized by a fully coordinated and reflective process:
students form and revise hypotheses (DPS 2), systematically locate
the source of the bug (DPS 3), avoid trial-and-error fixes, trace
execution flow, often backwards from the observed failure, and
effectively use IDE tools and error messages, followed by careful
verification through testing with multiple and varied test cases to
ensure correctness (DPS 4).

4.4 Motivational-affective trajectory

The final element of a case is to determine the student’s motivational-
affective trajectory during the debugging session. As discussed in
section 3.4, motivational-affective components strongly influence
students’ debugging performance, their willingness to persist, and
their broader interest in programming while still being an indepen-
dent dimension. This means that any selection of a motivational-
affective trajectory can be made for all possible combinations of
the other three dimensions. Research shows that emotional states
can fluctuate significantly during debugging: Frustration caused by
an impasse may be followed by joy and increased confidence after
successfully resolving an error. Confident and motivated students
might even keep their positive mindset through the whole process,
in disregard of not solving the problem (High Motivation). On
the other hand, initial motivation can be followed by increasing
frustration when aimlessly tinkering and not finding a solution
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(Motivational Drop) [19]. Sometimes a state of anxiety due to low
self-efficacy from the beginning and the fear of making mistakes
can even persist through the whole process (Low Motivation) [25].
Although motivation has been noted for its conceptual diffuse-
ness and is hard to define, its resulting engagement can be mea-
sured via persistence, effort, help-seeking and continued partici-
pation [24]. Such indicators constitute the building blocks used to
construct the three motivational-affective trajectories. Integrating
these trajectories is crucial for creating training cases since teachers
need to recognize affective patterns that may hinder or facilitate
debugging, enabling more targeted and supportive interventions.

5 Application of the ECDM Framework

To illustrate how the ECDM framework can be applied in practice,
we describe the workflow of creating a concrete case for a K-12
setting: We select a concrete instantiation for each of the four dimen-
sions—error, cause, debugging process, and motivational-affective
trajectory—using the framework’s categories as a structural guide-
line. While the framework allows starting with any dimension,
inherent interdependencies exist. For instance, the particular error
type limits the range of plausible causes and debugging processes
that can be realistically depicted. This involves defining a con-
crete coding example, an explanation for the origin of the error,
indicators of a particular debugging process quality, and a motiva-
tional-affective trajectory. In the following, we apply this workflow
to construct a concrete case for a K-12 setting and demonstrate a
possible representation for a video-based simulation environment.

Example Case. We start our case by choosing the error, a fre-
quently reported semantic novice error in Java programming:
Invoking a method that is not defined in the current scope [27] -
providing a realistic and empirically grounded starting point. Given
this error instantiation, certain causes become more plausible than
others. While a slip (e.g. forgetting to define the method) could in
principle lead to a similar bug, we deliberately select a conceptual
difficulty as the underlying cause. In this case, the students assume
that a method such as min() should exist because it is meaningful
in everyday language. This reflects an incomplete understanding
of built-in language features versus user-defined methods. We de-
cide for the students to exhibit a coordinated debugging process
which will be manifested through a nearly ideal-typical process,
making use of IDE features (a strategy seen in experts [11]), and
reading the error message (expert like behavior [48]). Additionally,
we will have the students show a high motivation throughout the
case. We acknowledge that inferring a student’s internal state is a
complex task, thus observable motivational cues should initially
be represented through clear indicators and can later be extended
to more subtle cues as diagnostic expertise increases. This specific
combination creates a diagnostically challenging situation: The
teacher must recognize that despite the students’ systematic and
motivated approach to find and fix the error, they cannot succeed
due to a specific underlying conceptual difficulty.

From Case to Simulation. Once a case has been instantiated, it
can be represented in various formats, such as text-based scenar-
ios, conversational agents, or videos — depending on the intended
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simulation environment. To this end, the selected case character-
istics must be made observable through carefully designed cues
that allow teachers to infer the diagnostically relevant aspects. For
our example, we will sketch the script for a video-based simulation
depicting students engaged in a debugging task, accompanied by a
screen capture of their code. This dual representation enables the si-
multaneous observation of students’ verbal interactions, debugging
behaviors, and program execution, thereby supporting authentic
diagnostic reasoning.

We showcase two motivated students, using a conversational
cue like: This seems doable, I think we can solve it in a enthusiastic
fashion [motivational cue], in an introductory CS classroom learn-
ing about Java and confronted with the task: Compute the minimum
of value a = 5 and value b = 10 using a method in the given class
MinCalculator and print the result. In their first attempt, the stu-
dents write the following program [error cue], convinced that min
is a built-in Java method.

public class MinCalculator {
public void MinCalculator() {
int a = 5;
int b = 10;
int min = 0;
min = min(a, b);
System.out.println("The minimum is:

n

+ min);

The compiler recognizes the syntactic structure of the program,
but the symbols are not meaningful in context because the method
min is not declared (Undeclared method: min(int,int)). When
the IDE highlights min with a red underline, the students first ob-
serve the failure [debugging process cue (dpc): DPS 1]. They then
formulate an initial hypothesis [dpc: DPS 2], suspecting a spelling
issue and reasoning that exact lettering is crucial in programming
[cause cue: The students express the belief that the method must exist].
Supported by the IDE, and the students attempt to fix and verify the
hypothesis [dpc: DPS 3/4] by changing min to Min and recompiling
the program. However, this does not resolve the error. Using the
coding environment, the students undo the unsuccessful change
via the IDE, demonstrating flexible tool use and strategic behav-
ior characteristic of more advanced debugging [dpc]. Remaining
motivated and verbalizing it with statements like: I think we’re on
the right track [motivational cue], they consider alternatives [dpc]
and formulate a new hypothesis [dpc: DPS 2]: Perhaps min has to be
defined earlier. Let’s add the variable! They modify the code accord-
ingly by declaring int min = @; and reattempt compilation. Once
again, fixing and verification [dpc: DPS 3/ 4] are applied, yet the
error persists. At this point, the students ask the teacher for help.

Crucially, the underlying case remains modality-independent,
supporting various representations. Translating a case into a func-
tional simulation, however, remains a complex, modality-dependent
challenge. Rather than authoring the scenario itself, the ECDM
framework structures the case generation to ensure every repre-
sentation is grounded in established debugging research.
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6 Discussion and Conclusion

Diagnosing debugging is more than just identifying a bug. It is
a complex professional skill that requires dedicated practice, for
which simulations offer great potential in teacher training. With the
ECDM framework, we propose a conceptual basis for constructing
diagnostic cases for debugging situations, addressing the current
lack of theory-driven foundations for simulation case design in this
domain.

By bringing together error, cause, debugging process, and moti-
vational-affective trajectory, the framework structures the design
of individual cases and ensures that diagnostically relevant aspects
are represented. Motivational-affective aspects, in particular, are
reported to be neglected by teachers in their diagnosis [46], empha-
sizing their importance in learning to diagnose.

Beyond individual cases, the ECDM framework enables the sys-
tematic generation of comprehensive debugging sets. While the
potential for combinatorial complexity is high, the framework’s
purpose is not to cover every possible permutation, but to ensure
that selected cases are theoretically grounded and comparable. By
highlighting key dimensions, the framework allows for the strate-
gic, rather than exhaustive, variation of factors to create distinct
training scenarios across a wide range of authentic debugging situ-
ations.

While the ECDM framework is based on empirical research on
debugging situations, the framework itself and its usefulness for
case generation have not yet been empirically validated. To address
this, in future work, we will investigate the authenticity, typicality,
complexity, and comparability of cases created with the framework,
as well as their suitability for fostering diagnostic skills. Authen-
ticity, in particular, appears critical, as prior research indicates the
importance of realistic and transferable cases in simulation-based
learning of diagnostic skills [7].

Beyond case design, the ECDM framework also opens directions
for future research on teachers’ diagnostic skills. We argue that it
provides a structured basis for investigating how and when different
diagnostically relevant aspects—derived from the framework-are
attended to and utilized by teachers during diagnostic activities. For
example, relationships between error types or underlying causes
and diagnostic outcomes can be examined in relation to teachers’
prior CK and PCK. Additionally, though our current focus is not on
providing instructional interventions to teachers, the framework
could serve as a foundation to asses how different cases require
different teacher interventions. In this way, the ECDM framework
not only supports simulation-based training but also offers a foun-
dation for advancing empirical research on teachers’ diagnostic
skills in CS education.
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