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Abstract
Teaching computer science (CS) at all school levels is an increasingly
important issue that has recently attracted the attention of institu-
tions and policymakers. However, there is a shortage of qualified
teachers which highlights an urgent need for training initiatives. To
design such initiatives, it is crucial to assess teachers’ baseline CS
knowledge, identifying possible gaps. This study aims to articulate
a proposal for a classification of tools that can be employed to assess
teachers’ CS knowledge. A literature review was conducted to col-
lect relevant studies that present and/or utilize tools for assessing
teachers’ CS knowledge and competencies. We have identified key
dimensions under which the tools can be examined: the data collec-
tion method, the nature of tasks assigned, how their reflection and
action are triggered, whether the tool focuses on teachers’ products
or cognitive processes, and whether it also assesses their pedagog-
ical content knowledge. For each dimension, we have identified
a range of possible descriptors, leading to the development of a
synoptic table categorizing the tools. This framework also enables
us to compare the tools based on their features, highlighting their
strengths and applications. This work makes two contributions:
first, it introduces a framework for describing and comparing tools
to unveil teachers’ CS knowledge. Second, it offers a collection
of tools for assessing it. This approach not only aids in selecting
suitable tools for specific contexts but also provides a foundation
for designing CS-knowledge assessment tools, enriching the re-
sources available for analyzing educational needs and developing
high-quality teacher training programs.

CCS Concepts
• Social and professional topics→ Computer science educa-
tion.
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1 Introduction and background
The issue of teaching Computer Science (CS) at various educational
stages has emerged as a critically important but complex topic. In
recent years, this field has garnered increasing attention, drawing
the focus of numerous educational institutions and policymakers
who recognize the growing significance of integrating CS education
throughout the school curriculum. However, this effort faces a
severe shortage of qualified teachers and thus an urgent need to
train them [21].

In his seminal work [24], Lee Shulman distinguishes between
three types of teacher knowledge. Content Knowledge (CK) that
regards the of knowledge per se; the Pedagogical Content Knowl-
edge (PCK) “which goes beyond knowledge of subject matter per se to
the dimension of subject matter knowledge for teaching” (p. 9); and
curricular knowledge, which concerns the understanding about
curricular content and curriculum materials. Regarding the CK, he
assumes that assumes that “most teachers begin with some expertise
in the content they teach” (p. 8). In CS, this assumption is at least de-
batable since, in many countries, it is not yet a subject of structured
and institutional education [3, 22].

Given the cumulative nature of meaningful learning process-
es [23], developing suitable proposals for professional development
(PD) requires, at least, first assessing the existing CS knowledge
of teachers. This task becomes increasingly complex when consid-
ering that teachers’ familiarity with CS is generally quite low. In
fact, apart from isolated professional development courses, most
in-service school teachers have received no formal training, either
in CS or in CS teaching methods [14]. The overarching challenge,
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therefore, is: what considerations about teachers’ CS content knowl-
edge can wemake? The question is far from trivial. As a preliminary
step toward addressing it, we decided to focus on how to detect
and assess teachers’ knowledge of CS, an aspect that can already
be particularly problematic, especially when the purpose of the
assessment is not to evaluate teachers, but rather to diagnose pos-
sible formative needs or initial knowledge gaps. Detecting such
knowledge is essential not only to describe teachers’ preparedness
but, more importantly, to design professional development (PD)
initiatives that build on their existing understanding and address
specific gaps.

In general, as pointed out by McGill et al. [16], most research on
teachers’ CK relies on instruments of self-assessment, highlighting
an overall lack of quality instruments for the study of teachers’ CS
knowledge. On the other hand, using direct, explicit assessment
tests could be perceived negatively by the teachers, who might feel
they are being evaluated and become defensive. This reaction could,
in turn, compromise the teacher/learner relationship that should
instead be nurtured in the context of professional development.
In light of this, an important question arises: are there alternative
methods for assessing teachers’ CS knowledge that mitigate the
mentioned risks, while providing reliable data?

We are interested in identifying any instrument or methodology
that can be used to assess or uncover teachers’ CS knowledge, either
directly or indirectly, and we use the term knowledge detection tool
(KDT) to refer to any such tool. While the problem of assessing
knowledge is a general one and occurs across various disciplines
and contexts, we are focusing here in particular on teachers’ CS
knowledge since, to the best of our knowledge, a similar analysis has
not been conducted in the literature yet. CS knowledge is specific
in two ways: first, assessing teachers requires special care in order
to preserve their self-confidence and a positive attitude towards the
discipline; second, CS knowledge encompasses both foundational
CS concepts and higher-order competencies such as programming
and debugging, which require specialized assessment approaches.

Our definition of KDT, in line with the considerations above [16],
excludes self-assessment instruments, despite their widespread use
in the literature to evaluate the CS knowledge of teachers and stu-
dents. Self-assessment tools do not provide evidence of the effective
CS knowledge of teachers, but only on their perception. Although
we acknowledge that such tools can be undoubtedly useful and
interesting in formative contexts with training support, or for as-
sessing attitudes, beliefs, confidence, or other subjective constructs,
we do not consider them suitable for assessing knowledge, as they
lack reliability and validity [5, 6, 26].

Our study is therefore guided by the following research ques-
tions:

RQ1 What KDTs are presented, used, or discussed in the CS
education literature?

RQ2 What are the characteristics of the KDTs available to
detect teachers’ CS knowledge?

The contribution of this paper is twofold. First, we identify a
diverse set of KDTs used in CS education research and teacher
professional development after conducting a literature review on
teachers’ CS knowledge. Second, we analyze these tools based on
key dimensions—such as data collection methods, the nature of

tasks assigned to teachers, and their ability to capture different as-
pects of CS knowledge—leading to the development of a structured
framework for describing, organizing, and comparing KDTs. This
framework highlights the strengths, limitations, and applicability
of these tools in various educational contexts.

The remainder of this paper is organized as follows. In Section 2,
we detail our research methodology, including the criteria and pro-
cess used to select relevant studies. Section 3 presents our findings,
describing the key dimensions that we developed to characterize
KDTs. Section 4 discusses the implications of our results, consid-
ering their relevance for both research and teacher professional
development. Finally, Section 5 concludes the paper by summarizing
our contributions, outlining limitations, and suggesting directions
for future work.

2 Methods
To address our RQs, a four-step study was conducted and detailed
as follows:

Literature review The first step of our work consisted of an
analysis of existing research in CS education, aiming to iden-
tify KDTs used in studies addressing teachers’ CS knowl-
edge. To this end, we conducted a literature review to select
a sample of papers considered relevant for the use and/or
description of KDTs (see Section 2.1). It is worth emphasizing
that this review was not the central goal of our study, but
rather the initial research method we employed to identify
KDTs and use its results as a basis for their description.

Analysis of selected papers The selected papers were ana-
lyzed by focusing on howKDTs are used by researchers, what
type of information about teachers’ knowledge is identified,
their strengths and weaknesses, and their potential–beyond
how they were actually used in the papers–in terms of a
tool’s ability to reveal CS knowledge. This step of the re-
search involved reading and analyzing the selected papers.
The analysis was first conducted individually and then tri-
angulated by authors in pairs to ensure the reliability of the
data extracted from the papers.

Analysis of each KDT Focusing on each KDT retrieved from
the selected papers, the following information was extracted:
the type of data collected; the administration method (e.g.,
interviews, surveys); the questions and tasks proposed to
teachers (e.g., answer a multiple-choice question, write a
definition, debug a program); the materials possibly used
with the tool (e.g., a code segment to be analyzed, classroom
vignettes, a technical CS text); and whether the tool also
supports the identification of PCK elements.

Definition of key dimensions and modalities Proceeding
bottom-up from the collected data, we developed a uniform
approach to describe the KDTs, with the aim of organizing
and comparing them. The key dimensions and modalities
were formulated with an inductive approach and then itera-
tively refined during the analysis of the identified KDTs. The
refinement occurred through sessions of discussion in which
all four authors participated simultaneously. This process
led to the construction of a synoptic table summarizing the
KDTs and their features.

268



A Structured Inventory of Tools to Unveil
Teachers’ Computer Science Knowledge SIGCSE TS 2026, February 18–21, 2026, St. Louis, MO, USA

2.1 Literature review
In conducting the literature review on research concerning teach-
ers’ CS knowledge, our work was inspired by the PRISMA guide-
lines [18].

2.1.1 Eligibility criteria. According to our research questions, we
focused on works that explicitly use or mention a KDT. As discussed
in the introduction, we primarily excluded papers that involved
only self-assessment tools. We considered papers published in CS
education venues (i.e., ACM SIGCSE conferences and journals), in-
cluding both research papers and experience reports, but excluding
posters, panels, and other short contributions. We selected papers
that explicitly focused on teachers and their CS knowledge and
skills, as we expected to find references to potential KDTs in studies
investigating this topic or in papers concerning teachers’ profes-
sional development (PD).

2.1.2 Search strategy. As we focused on the main SIGCSE publica-
tion outlets, whose proceedings are published by the ACM, we used
the ACM Digital Library1 as the source for scientific publications.
We applied an additional filter to include only those papers tagged
as “research articles” in the ACM Digital Library.

Our focus of interest is not identified by a standard terminology
in the CS education literature, nor supported by a codified structure.
In particular, terms such as “knowledge” or “competence” are not
specific, have broad meanings, and are widely used in educational
research. This makes it difficult to formulate a concise query to
retrieve relevant papers. Hence, we constructed a query composed
of three components:

Teachers knowledge = "teacher knowledge" OR
"teacher competence" OR "teacher competency"
Teacher training = "teacher training" OR ("teacher"
AND "professional development")
PCK = "PCK" OR "pedagogical content knowledge"

The first component of the query includes both “competence” and
“competency” as alternatives to “knowledge”, given their common
usage in educational research. The goal is to capture works that
directly address the main focus of our study. The second component
is motivated by the expectation that considerations relevant to our
research may emerge in papers addressing a PD context, even when
they do not include the explicit expressions targeted by the first
sub-query. The third component identifies papers that mention
the PCK framework [24]; we chose to include this component in a
non-restrictive way, based on the idea that works engaging with
this framework might also contain remarks or statements related
to content knowledge (CK) itself. These sub-queries are combined
into the following query:

Teachers knowledge OR Teacher training OR PCK

The query was run in April 2024, resulting in 2774 papers. We
restricted the list down to 685 papers, by considering only the
following CSE venues:

• TOCE - Transactions on Computing Education (journal);
• ACE - Adult Centered Education Conference;
• CSERC - Computer Science Education Research Conference;
• CompEd - ACM Global Computing Education Conference;

1https://dl.acm.org/

• ICER - ACM International Computing Education Research
Conference;

• ITiCSE - ACM Conference on Innovation and Technology
in Computer Science Education (Proceedings and Working
Groups Reports);

• Koli Calling - International Conference on Computing Edu-
cation Research;

• SIGCSE TS - ACM Technical Symposium on Computer Sci-
ence Education;

• WiPSCE - Workshop in Primary and Secondary Computing
Education.

2.1.3 Selection process. The pool of 685 papers was filtered by
reading their abstracts. To set up and refine the filtering process, we
started by randomly sampling 45 papers (1 out of 15). Three authors
independently read the abstracts and marked those they deemed
relevant or potentially relevant. According to their abstracts, 7
papers were deemed relevant by at least two of the three authors.
Among these, two papers had been selected by exactly two of the
authors. The content of such papers was subsequently skimmed by
the three authors, discussed, and ultimately excluded by unanimous
agreement. This helped us refine the inclusion/exclusion criteria
and the selection process.

The remaining 640 papers’ abstracts were analyzed in a similar
way, with all four authors assigned a different subset of abstracts
in such a way that each abstract was read by exactly three authors.
Each author independently marked their assigned abstracts as rele-
vant or not. We then selected the 39 papers that were marked as
relevant by all three authors that read their abstract. A sample of
the 61 papers with only two approvals was checked and discussed.
As a result of the discussion, none of these papers was included
as relevant. Thus, we proceeded by analyzing only the 39 papers
already identified as relevant.

During the analysis of their full content, 21 were further ex-
cluded because they either relied solely on self-assessment tools, or
they provided too little information about the KDTs they mention,
or they focused primarily on pedagogical aspects or on teachers’
attitudes, beliefs, and self-confidence rather than their CS knowl-
edge.

3 Findings
The 18 publications resulting from the literature review address
different school levels, all within the K–12 range. All papers, except
for two, refer to a PD context. In some cases, the KDT is used to
assess the PD initiative; in others, the PD initiative is the oppor-
tunity to gather information about teachers’ preparation. In yet
other cases, learning activities are proposed during PD that could
potentially be used to reveal teachers’ knowledge.

From these papers, we identified 24 different KDTs (researchers
often use more than one KDT within a single study). In Section 3.1,
we describe the key dimensions and related modalities that we
propose to use for describing, organizing, and comparing the KDTs.
These dimensions and modalities were developed through an in-
ductive approach, and iterative refinement during the analysis of
the KDTs. In Section 3.2, we present the details of the synoptic table
that summarizes the KDTs according to this classification.
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3.1 Dimensions and modalities
Overall, we have identified five dimensions, each of which can be
articulated through different modalities. Their specific role with
respect to the CS discipline will be discussed in Section 4.

3.1.1 Data collection methods. This first dimension addresses the
question: “How is a KDT administered?”. It concerns the methods
of administration and includes four modalities: direct observation,
written deliverables, learning analytics, and interviews.

Direct observation. In this modality, information about teachers’
CK is collected through first person observation. Direct observa-
tion may occur in person or via video recordings, and is typically
conducted by researchers or teacher educators [12, 13] or by their
collaborators—for example, in [15], where observations are carried
by advanced CS students acting as coaches.

Written. In this case, information about teachers’ CK is collected
by asking them to produce some written materials. These may re-
sult from questionnaires which include open-ended questions, as
in [28], or only multiple-choice questions, as in [8]; worksheets to
complete, such as those proposed in [25] for a debugging activity;
complex tasks to perform, such as preparing a lesson plan [4]; per-
forming tasks that require writing or modifying a program [10].
This category thus includes a variety of tools (such as standard-
ized tests, ad-hoc surveys, and worksheets), all of which result in
written responses from teachers. While standardized tests provide
validated measures, ad-hoc surveys and worksheets are often used
to explore teachers’ reasoning and pedagogical thinking. These
tools, as components of KDTs, allow researchers to gather insights
into teachers’ CS knowledge in both structured (e.g., standardized
tests) and flexible (e.g., open-ended worksheets) formats.

Learning analytics. This administration method involves the use
of learning platforms that collect data on users’ behavior, including
logs and interactions [10].

Interview. In this case, information about teachers’ CK is col-
lected by involving them in an oral interview (e.g., semi-structured,
in-depth, etc.), which may be conducted in person, as in [13], or
online. In the field of CS, an interview can serve as a strategic data
collection method to enrich the understanding of what motivates
teachers to act in certain ways when faced with a CS problem or a
teaching and learning situation.

3.1.2 Stimulus. This second dimension addresses the question:
“What different types of stimulus is presented to teachers to initiate
the activity”? It refers to the nature of the input used to trigger
the teacher’s response in the context of the KDT, such as a task,
question, or prompt. We identified three modalities, which are
described below.

CS Artifact. In this case, the stimulus consists of one or more
given artifacts with CS content, which teachers are asked to con-
sider when responding to a proposed question or task. For example,
in [17], the artifact is a technical CS text excerpt in which teachers
are asked to highlight unfamiliar words while in [10] the artifact is
a given program to analyze or debug.

Didactic. In this case, the stimulus consists of a teaching/learning
situation accompanied by an implicit or explicit question or task.
The situation may be real and ongoing–as in [13], where the teacher
is in her classroom and conducts a self-designed lesson on inheri-
tance and polymorphism–or hypothetical, as in [27], where teachers
are asked to choose their reaction, from a list of options, to vignettes
illustrating students’ reasoning.

Only question/task. In this case, the stimulus presented to teach-
ers consists solely of a direct question/task to answer/solve–such
as in [15], where teachers are asked to write a definition of com-
putational thinking, or in [9], where the stimuli are items from an
exam in a general CS course.

3.1.3 Open/closed. This third dimension defines the type of tasks
teachers are asked to engage with, addressing the question: “Do
teachers have the opportunity to express themselves freely, either
verbally or through actions?” It includes two modalities: open, if
the answer is yes, and closed, otherwise. These terms should be
interpreted broadly. For example, “open” does not refer only to open-
ended questions, but also includes activities such as conducting a
classroom lesson or designing a task.

3.1.4 Products/process. This fourth dimension specifies whether
the KDT focuses on the final product of teachers’ activity (e.g.,
in [20], where researchers analyze the outcomes of learning activi-
ties - for instance, questions composed by teachers - during a PD
program) or on the process itself (e.g., in [12], where the analysis
focuses on observing teachers during PD lectures and lab practice).

3.1.5 PCK. This final dimension examines whether KDTs can sup-
port the identification of PCK elements (such as in [4], where lesson
plans are analyzed), or not (such as in [2], where teachers are asked
to write a definition of algorithm, starting fromwritten descriptions
of candidate algorithms).

3.2 Synoptic table
The analysis of the identified KDTs was summarized into a synop-
tic table. Each KDT was accompanied by a brief description and
organized according to the dimensions presented in the section
above. An interactive version of the table is entirely available at
https://cricca.disi.unitn.it/montresor/sigcse26/, where users can fil-
ter and sort its entries. Figure 1 exemplifies its structure.

Figure 1: Structure of the synoptic table. Each column with a
blue header represents a dimension. The modalities for each
dimension are listed in the corresponding column.
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Together with a short description of each KDT and a reference
to the related paper, the table also includes the following:

• the data collection method (direct observation, interview,
written deliverables, learning analytics);

• whether teachers are provided with a specific stimulus;
• whether the assigned tasks are open, closed, or both (if not
specified, the task is considered open);

• whether the tool also investigates teachers’ cognitive pro-
cesses (if not specified, only teachers’ products are consid-
ered);

• whether the tool allows to investigate PCK as well.
The majority of the identified KDTs (21 out of 24) rely on written

deliverables; direct observations, interviews, and learning analytics
are used rarely.

Half of the KDTs offer stimuli to trigger the teachers’ answer. In
8 cases the offered stimuli are artifacts with CS content of various
types–from excerpts of technical texts in which teachers are asked
to identify unknown terms [17] to programs containing bugs to
be analyzed [25]; in the remaining 3 cases, CS-related teaching
and learning situations are used as stimuli, prompting teachers to
write a comment or reaction. The remaining half KDTs use only
questions or tasks without extra stimuli. Specifically, in 3 cases
the questions are taken from student exams, in 2 cases they are
part of standardized tests, and in the remaining 5 cases they are ad
hoc tasks/questions created by the researchers. Among the latter,
three KDTs require teachers to define or describe a concept–namely,
computer science in [15], and computational thinking in [11, 28].

Most KDTs use only closed questions, whereas seven KDTs use
open tasks that offer teachers the opportunity to express them-
selves more freely. Finally, only 4 KDTs analyze teachers’ cognitive
processes, the other rely only on products.

4 Discussion
In this section, we first outline the limitations of our search pro-
cess; we then discuss our findings considering the role of KDTs’
dimensions and modalities in the CS discipline in Section 4.2 and
we present the implications for research and teacher education in
Section 4.3.

4.1 Limitations
While SIGCSE-family venues represent a large and influential por-
tion of the computer science education research community, they
do not capture the full breadth of relevant scholarship—particularly
studies published in general education, teacher education, or discipl-
ine-based education research outlets. Moreover, despite our efforts
to define an inclusive search strategy, we likely missed papers in
which potential KDTs were not highlighted in the abstract or were
embedded in studies with different primary goals. Additionally, our
search was constrained by the absence of standardized terminology
in this area.

Considering the full set of papers (including also the excluded
ones), we observed several cases in which the research, although
outside the scope of our specific focus, made use of instruments that–
while not primarily intended to assess teachers’ CS knowledge–
showed potential for collecting relevant data and could therefore
qualify as KDTs. These limitations suggest the need for a second,

broader cycle of literature analysis, which could refine the current
inventory and expand its scope.

Extracting information related to KDTs from the selected papers
was not always straightforward, since their primary focus is not
typically to present KDTs; rather, KDTs are used instrumentally to
address other research questions. As a result, we sometimes had
to rely on information derived from comments or considerations
involving the KDTs. For this reason, the features described in our
synoptic table may not be entirely accurate in some cases.

4.2 KDTs in CS Education
Data collection methods. The task of writing definitions [11, 15]

emerges as both significant and informative for at least two rea-
sons: on the one hand, it provides information about teachers’ CK,
offering evidence consistent with findings from other studies, in-
cluding those outside our sample–such as [7], where an analysis
of the terms “coding” and “programming” sheds light on primary
school teachers’ conceptions and misconceptions. On the other
hand, it can provide insights into teachers’ “knowledge about CS”,
which, drawing a parallel with Ball and colleagues’ reflections in
the field of mathematics, is the other critical dimension to be con-
sidered together with CK when talking about subject knowledge
for teaching [1].

In general, the use of written deliverables among KDTs resonates
with the strong link between linguistic skills and performance in
CS [19], making such kind of protocols an effective method for
collecting information about disciplinary knowledge in this area.

Despite its under-representation in the analyzed sample, direct
observation is a data collection method that can be particularly
valuable in the CS field. For instance, in laboratory sessions, it
enables the collection of information about the interaction between
the teacher and the compiler (see [13] for an example).

Regarding learning analytics, in the CS domain, some basic form
of it is almost always present, making it a particularly effective data
collection approach for gathering information about disciplinary
knowledge. Digital platforms are inherently part of CS education–at
least in plugged activities–and these environments either generate,
or can be easily adapted to generate, detailed logs.

Stimulus. In general, CS stimuli can take many forms–not only
due to the diversity of objects of study in computer science (e.g., pro-
gramming languages and paradigms, software systems, algorithms,
and data structures), but also because of its distinctive processes and
phases, such as debugging and testing. We argue that the proposed
distinction–artifact with CS content, CS-related didactic situation,
only task or question–can support the identification and analysis
of teachers’ CK, while acknowledging its inherent complexity and
helping make that knowledge more accessible for research and
reflection.

Open/closed. This distinction helps to specify tasks that can also
reveal the creative dimension of teachers’ disciplinary knowledge.
This is an aspect that plays a crucial role in computer science, not
only in problem solving, but also in the design, optimization and
implementation of computational solutions. Programming itself
is not merely a technical activity; it often requires creativity in
structuring code, designing algorithms, and adapting solutions to
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various constraints. Recognizing this creative component is espe-
cially relevant when analyzing how teachers approach open-ended
tasks, as it provides deeper insight into how they engage with core
disciplinary practices and express creativity within the field.

Product/process. The distinction between product and process
reflects two fundamental aspects of computer science, which–when
addressing a problem–can be understood both as a science of prod-
ucts (concerned with the final, effective solution) and as a science
of processes (concerned with the strategies, methods, and decisions
that lead to the solution). Therefore, in characterizing KDTs, con-
sidering whether they emphasize products or processes can offer
insight into the depth and nature of the knowledge the tool is able
to reveal.

PCK. Tracing the possibility of identifying elements of PCK can
offer valuable insights for future research in CS education. Given
that CS education is still a relatively young research field, hav-
ing an inventory of KDTs that also support the identification or
investigation of teachers’ PCK can be especially beneficial.

4.3 Implications
Drawing on our results, we observe that, when it comes to studying
teachers’ CS knowledge, researchers predominantly rely on static
KDTs–namely, written deliverables. This suggests an underlying
view of knowledge as a fixed body to be measured, rather than as
something dynamic that can be observed through different facets.
However, a small portion of the recorded KDTs does attend to this
dynamic aspect, focusing on the processes through which teachers’
CS knowledge is activated and expressed. In such cases, where
researchers relied primarily on direct observation [12, 13, 15], it
becomes possible to collect data that are particularly valuable to
understand how knowledge manifests in action. Moreover, this ap-
proach allows researchers to capture instances in which knowledge
is dynamically put into use–a key feature when moving toward the
analysis of teachers’ PCK in CS.

Among the KDTs analyzed in our study, an interesting case is
presented in [10], where the authors collect snapshots related to
the problem-solving process. In this case, while the main focus of
the analysis is the final output of the interaction with the task, the
data also provide insight into the process that led to that output.
This temporal information supports the deconstruction of possible
thinking patterns or mistakes, offering a glimpse into the cognitive
path followed by the teacher.

Overall, beyond its descriptive aspects, our work provides a
structure for an inventory of methods that may be useful for both
teachers and researchers. In particular, we see several possible im-
plications. On the one hand, for teacher educators, this framework
offers a perspective on tools to unveil teachers’ CK and that can sup-
port the design of targeted, reasoned, and fine-tuned professional
development initiatives and didactic resources. On the other hand,
the analysis conducted on the identified KDTs introduces a struc-
ture of dimensions and modalities that may assist researchers in
framing the methodology of their studies or, through a bottom-up
approach, in constructing data collection instruments and designing
situations that can generate more focused and meaningful data.

In general, the process of exploration we conducted on existing
literature on teachers’ CS knowledge depicts a very heterogeneous
set of papers that appears scattered among different focuses of re-
search, thus not identifying a stable and well-established strand of
research. In this sense, it appears that the study of knowledge, at
least within CS education, mostly corresponds to the measurement
of knowledge–either for assessing the effectiveness of an inter-
vention (mostly PD course) or to assess some specific knowledge.
Nevertheless, in spite of the use of KDTs that emerges from our
analysis, the kind of data that is gathered appears to be qualita-
tively rich, offering potential for a further, more in-depth, analysis
and opening up to more structured investigations on teachers’ CS
knowledge.

5 Conclusions and future work
This study explored the detection and assessment of teachers’ CS
knowledge by identifying and analyzing the methodological tools
currently used in the literature. We reviewed relevant publications
and selected a set of papers for deeper investigation. Our focus
on the tools employed in these studies allowed us to compile an
inventory of what we define as Knowledge Detection Tools, thereby
addressing our first research question (RQ1).

We then examined these tools through a structured framework
composed of key dimensions and modalities—such as data collec-
tion methods, types of stimuli, openness of tasks, and attention to
cognitive processes or PCK. This analysis enabled us to respond to
RQ2 by characterizing the nature of the KDTs and the kinds of data
they elicit.

While many studies rely on written deliverables, we observed
considerable variation in the types of stimuli used and, in some
cases, an interesting focus on the dynamic processes through which
knowledge is enacted, not merely evaluated.

We believe our contribution can serve multiple purposes. For
researchers, the proposed framework can guide methodological
decisions and support the development of new tools or research
designs. For teacher trainers, the inventory of KDTs may be used
to inform the design of PD initiatives and instruments of assess-
ment tailored to educators’ needs. More broadly, by introducing
and structuring the notion of KDTs, our work contributes to initi-
ating a conversation around the assessment of CS knowledge in
teaching—an area that remains largely underexplored and offers
substantial opportunities for further inquiry.

Future work will focus on extending the literature review and
collecting other KDTs. Additionally, we aim to investigate more in
depth how insights from KDTs can inform both the design of PD
programs and the development of more robust models of teacher
knowledge in computer science.
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