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ABSTRACT
Background and context. Concept inventories (CIs) are a widely
used tool in STEM education that can help instructors identify
specific misconceptions students hold about key concepts. Over the
past several years, much research has been published contributing
to CIs in computer science education.
Objectives. This research aims to investigate the state of CIs in
computer science education through a systematic literature review
built around two research questions: 1) What do we know about
CIs for computer science today, and 2) Have researchers been able
to effectively tackle the 4 challenges specific to computer science
CIs outlined by Taylor et al. in their previous 2014 literature review
on this topic?
Method. We conducted a systematic literature review focusing on
CIs in computer science education. We included research from any
country, provided it was published in English between 2004 and
2022. We searched with key terms across four databases (Compen-
dex, Inspec, Education Source, and ERIC) and collated a final list of
65 studies for analysis from 175 initial results.
Findings. From these 65 papers, we identified 33 total CIs in com-
puter science, 12 of which are currently validated. Of the 65 studies,
the majority used established techniques for choosing concepts,
identifying misconceptions, and/or developing questions, but a few
(n = 4) reported on successful alternative techniques. We found
that although no papers explicitly articulated an objective to tackle
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the aforementioned challenges, they are a recurring theme in the
literature and have been addressed in various ways.
Implications. At the time of the previous literature review, there
were few computer science CIs. Our findings are promising, sug-
gesting that researchers have found effective ways to tackle Taylor
et al.’s challenges and that the number of CIs across computer sci-
ence is gradually increasing. Future work is warranted regarding
non-traditional techniques researchers proposed for developing
CIs.
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1 INTRODUCTION
A concept inventory (CI) is a standardized set of questions which
can be used to measure student understanding of core concepts
within a discipline [120]. CIs are usually structured as a set of
multiple-choice questions where all answers but one are distractors
constructed to correspond to a specific conceptual error. Thus, over-
all student performance on a CI can directly inform teachers about
what aspects of their teaching and curriculum need improvement.

CIs are not unique to computer science (CS) education, and
have in fact taken stronger root in other STEM fields over the
last 2.5 decades. However, since the late 2000s, CS educators and
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researchers have been making steady progress in developing CIs
for use in various computing subjects. In this paper, we present a
formal systematic review [28] of CI research in CS to address the
following research questions:

• What do we know about CIs for computer science today?
• Have researchers been able to effectively tackle the 4 chal-
lenges outlined by Taylor et. al. [120] in the previous litera-
ture review of computer science CIs?

We adopted a systematic approach to ensure this literature re-
view is as thorough as possible and can be replicated by researchers
interested in taking stock of the field at some point in the future.
Our work focuses on any and all CIs developed for computing or
computing-adjacent (e.g. cybersecurity) fields. We did not limit our
systematic review to research that necessarily produces new CIs.
We cover the development of CIs, recommendations for building
effective CIs, progress toward building specific parts of a CI, val-
idating and administering CIs, and novel ideas researchers have
presented as viable alternatives to CIs.

Taylor et al.’s 2014 literature review [120] cataloged existing CIs
for computer science and identified challenges unique to computer
science regarding the development of CIs. We see a pressing need
for a follow-up literature review. This paper reports on all work in
the field of computer science CIs published in English between 2004
and 2022. Specifically in the years since Taylor, et. al.’s contribution,
we have identified 47 publications concerning the development of
CIs for computer science, many of them directly addressing the
challenges Taylor, et. al., originally presented.

This research provides a comprehensive overview of the state
of computer science CIs today, as well as what the field still needs,
establishing a powerful resource for computer science educators
and researchers alike.

2 RELATEDWORK
2.1 CI Research in STEM Education
In order to situate our work in the broader field of computer sci-
ence education, we present a brief overview of the origins of CI
research and its eventual adoption with computer science education
research.

CIs as an educational tool first emerged in 1998, when Hestenes
et al. published the Force Concept Inventory (FCI), widely known
as the first CI and a model for future ones [59, 120]. This CI focuses
on the principles of force in Newtonian mechanics, identified as a
crucial topic for introductory physics students. The authors were
inspired to develop this tool in light of research that had revealed
that introductory physics students across the United States held
misconceptions about how force worked based on everyday com-
mon sense, and that conventional methods for physics instruction
at the time were failing to bring about any meaningful change in
these beliefs [49].

Hestenes et al. constructed the FCI to help instructors pinpoint
the exact misconceptions individual students held as a precursory
step to improving their instruction. The authors emphasize that the
FCI is not a test of intelligence, but a survey of belief systems. They
outline three potential uses: 1) as a diagnostic tool to identify and
classify misconceptions, 2) as a tool to evaluate the effectiveness of
instruction, and 3) as a placement exam (this final use is described,

but not recommended by the authors, who maintain that the FCI is
not designed to be a test of ability). These suggestions by the FCI
authors set a standard, strongly influencing the design and usage
of subsequent CIs in STEM education [75].

During the two decades following its inception, the FCI precipi-
tated and guided positive changes in introductory physics education
[23]. Education researchers in other STEM disciplines have since
worked to develop CIs in an attempt to replicate this education
revolution within their own fields, including chemistry [e.g., 82],
astronomy [e.g., 9, 63, 77], biology [e.g., 5, 43], mathematics [e.g.,
33], statistics [e.g., 117], and geosciences [e.g., 76].

Spurred by the success of CIs in other STEM fields, computer
science educators began making progress toward full-fledged CIs
in the mid- to late 2000s. In 2008, Goldman, et al., published work
identifying student misconceptions for discrete mathematics, logic
design, and programming fundamentals [45]. Other researchers
followed suit, contributing to Goldman, et al.’s work to develop this
set of misconceptions [68]. Work was additionally done to develop
CI-like assessments that were only usable in restricted settings due
to lack of testing [27].

However, it was not until the early 2010s that the first truly vali-
dated and empirically tested CIs for computer science—a language-
independent assessment for CS1 (FCS1), and a digital logic CI (DLCI)
resulting from the preliminary work above [54, 124]—were pub-
lished. At the time of Taylor et al.’s literature review of computer
science CIs in 2014, these were the only validated computer science
CIs in existence [120].

2.2 Systematic Literature Reviews in Computer
Science Education

An established way to evaluate the breadth of research within any
given field is a literature review. A literature review can serve many
purposes, but a primary one is to review and evaluate the state of
knowledge within the field to identify potential gaps or areas for
improvement [72]. Although it is most common in medicine and as-
sociated fields [e.g., 20, 62, 74, 106, 110], it is becoming increasingly
utilized outside those spaces in fields such as teaching pedagogy
[e.g., 2, 104], machine learning [e.g., 13, 100], accessibility [e.g.,
17, 80], and others. Such literature reviews might be systematic and
follow rigid protocols that are later replicable for building multiple
studies (e.g. Cochrane Reviews [60]), semi-systematic to explore
themes within a field or subfield [113], or integrative toward form-
ing a theoretical conceptualization of a specific idea within a field
[125].

Within the field of CS education, Austing et al. [7] conducted one
of the first literature reviews to explore the status of and potential
revisions of the Curriculum ‘68, the foundational document for
CS education in the US. This led to the publication of the iterated
Curriculum ‘78 [7] and established a standard of literature reviews
as an effective tool for identifying opportunities to iterate and
improve upon practices.

Since then, there have been several literature reviews conducted
to explore various subfields, such as difficulties in learning pro-
gramming [21], pedagogical trends at the CS1 level [92], patterns
of shifts in goals within CS classrooms [121], effectiveness of in-
telligent tutoring systems to supplement classroom learning [24],
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importance of self-regulated learning using e-tools [40], and com-
puting education in non-formal settings [41], to name a few. One
review, published in 2019, looked broadly at measurements in com-
puting education research [81]. Our work indirectly builds upon
this, with a specific focus on CIs.

Literature reviews within this field are usually systematic or
semi-systematic, and provide good coverage of their respective
subfields. Many of these have left lasting legacies of being among
the most prominent voices in driving change and moving the field
forward, and we hope to add to this legacy.

2.3 Key Ideas and Techniques in CI Research
This section introduces key terms and ideas related to CI research
that that are repeatedly mentioned in the body of this paper. An
understanding of these ideas is important to fully understand the
findings of our systematic review.

2.3.1 Delphi Process. The Delphi process is a research method that
has been repeatedly referenced and used in computer science CI
research since it was popularized in this field by Goldman et al. [45].
The Delphi process refers to a structured multistep process that
uses a group of experts to reach a consensus on the main points
or contents of a research topic [25]. Effective panels aim to bring
together as many experts as possible of different ages, genders, and
regions to ensure the diversity of the group. Seeking consensus
among experts helps eliminate the natural bias that comes from each
expert’s experiences [84]; additionally, the structured, multistep
nature of the process prevents excessive influence from a limited
number of experts [93]. This process generally includes 4 phases: 1)
concept identification, 2) initial rating, 3) negotiation, and 4) final
rating [45], with anonymous feedback between rounds to ensure
that an expert’s reputation within a field does not bias the results
[46]. The ratings resulting from the Delphi process are then used
to finalize a list of concepts and begin the next phase of developing
a CI: identifying misconceptions.

2.3.2 Think-Aloud Interviews, Classsourcing, and Crowdsourcing.
Once concepts are chosen for a CI, researchers must identify associ-
ated misconceptions to develop distractor answers before building
the final CI. Prevalent methods for identifying student misconcep-
tions include think-aloud interviews, classsourcing, and crowd-
sourcing.

Think-Aloud Interviews. In a think-aloud interview, participants
are asked to articulate their thinking process verbally and in detail
to the researcher while performing a task of interest [15]—in this
case, solving problems related to a CI’s concept list. Think-aloud
interviews are commonly used during CI development for com-
puter science [e.g., 26, 31, 68]. Their utility arises from research
which supports the idea that “verbal reports, elicited with care and
interpreted with a full understanding of the circumstances under
which they were obtained, are a valuable and thoroughly reliable
source of information about cognitive processes” [34, p. 247]. In
such an interview session, participants explain their understanding
of the CI questions and the process by which they think about
the answers. This helps researchers identify common student mis-
conceptions [26] and ensure that the questions in the study are
understood without bias [89].

Classsourcing. Classsourcing involves reviewing previous class-
room materials, such as exams, assignments, and quizzes to identify
common student misconceptions for a CI [99]. Classsourcing can
uncover unique perspectives through students’ incorrect examples
by providing great insight into potential misconceptions that may
not be revealed with experts [99].

Crowdsourcing. Crowdsourcing is similar to classsourcing, but it
does not draw on previous knowledge from the classroom. Instead,
it looks online to access the solutions of a distributed network of
individuals [16]. Through crowdsourcing, researchers can collect
a high frequency of diverse opinions from individuals around the
globe. Crowdsourcing is an additional option for CI developers who
need to identify common misconceptions about a concept.

2.3.3 Validation Techniques. The final step in producing an CI
is to verify that its questions are valid and reliable according to
established education standards [6] to ensure it is an unbiased
estimator of student conceptual knowledge [54]. Validation is an
iterative process which aims to improve and refine the questions
on a CI [136].

Item Response Theory (IRT). IRT is a theory that may be used in
the CI Validation process. IRT techniques target statistical analysis
of validity claims [124], and serve as an effective measure of the
difficulty of each CI question and the degree of differentiation
among them [89]. IRT helps to understand the relationship between
the difficulty of the question and the knowledge of the learner by
placing the learner and the question on the same continuum [136].

Classical Test Theory (CTT). CTT is another test theory used in
the validation phase. It assumes that a learner’s score on a test is
a combination of their true score (expected score, with no errors
in measurement) and the errors in score measurement [136]. How-
ever, compared to IRT, CTT analyzes the problem as a whole, and
so is prone to larger sample effects. Additionally, the measure of
students’ knowledge of the research questions and of the questions
themselves are combined in CTT, increasing the error value. This
has resulted in researchers preferring IRT over CTT in terms of
validation [133, 137].

2.3.4 Cronbach’s alpha. Cronbach’s alpha is a widely known re-
liability measure that checks the internal consistency of tests and
measures—how closely related they are to each other [114]. There
is no universally accepted Cronbach’s alpha value to indicate a
reliable assessment, but if a test is used in a high-stakes situation,
such as assigning grades to students, the convention within STEM
education research is that its value should be at least 0.7 or 0.8 on
a scale of 0 to 1 [118]. Cronbach’s alpha is often used to screen
concepts for a test. For example, if eliminating a test item increases
the reliability of that test, then the item may be of poor quality and
removal from the test may be warranted [98].

2.4 Summary of Taylor et al.’s 2014 Literature
Review

As this work builds on a previous review of the literature on com-
puter science CIs by Taylor et al. [120], in this subsection, we sum-
marize the key points of this prior work. We pay special attention
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Table 1: Unvalidated CIs studied by Taylor et al. [120]

Unvalidated CIs

Algorithms and Data Structures (Paul and Vahrenhold [91])
Binary search tree & hash tables CI (Karpierz and Wolfman [69])
Computer Architecture (Porter et al. [94])
Operating Systems (Webb and Taylor [129])
Validated CIs

Digital logic CI (Herman et al. [54])
CS1 language independent CA (Tew and Guzdial [124])

to the challenges proposed by Taylor et al. to provide context for
our second research question.

2.4.1 Concept inventories in engineering and other sciences. To set
the stage for their discussion, Taylor et al. begin by tracing the
history of CIs in STEM fields, starting with the lasting impact of
the Force Concept Inventory [59] and how it led to the adoption of
CIs in other disciplines. The spirit and content of this section are
similar to our own discussion above, so we do not repeat it here.

That said, we do note the authors’ observation that while the CIs
they studied were generally developed with similar overarching
protocols (as detailed in the previous section), the specifics often
varied from one CI to the next [78]. This observation held true in
our own review as well.

2.4.2 Concept inventories in computer science. Taylor et al. ac-
knowledged that CI development has been slow within computer
science, noting that even the two validated CIs at the time—the
FCS1 [124] and the DLCI [54]—were not in widespread use. In par-
ticular, they expressed concern that while many researchers and
educators were introducing new pedagogical innovations, the CS
education community as a whole lacked standardized assessment
tools to measure the effectiveness of these measures. In this re-
gard, the findings of our systematic review are encouraging, as they
show that much progress has been made in CI development within
computing education.

The authors then discuss preliminary and in-progress CI work
at the time for CS1 [46, 68], CS2 [26, 69], computer architecture
[95], and operating systems [96, 129]. This work is encompassed
in our first research question, and we discuss it in greater detail in
our findings below.

The authors also briefly mention informal assessments in CS1,
pointing out poor student results across the board as part of their
argument that student misconceptions are widespread in computer
science and thus research in CIs is warranted. We omit a more
detailed discussion of these informal assessments here, as they are
not within the scope of our systematic review.

In summary, Taylor et al.’s survey of CIs in computing education
revealed a total of 6 CIs in 2014, 2 complete and validated, and 4 in
progress. Table 1 below displays these CIs.

2.4.3 Challenges for computer science and groundwork for future
CI development. When Taylor et al. [120] published their literature
review of computer science CIs in 2014, they identified 4 challenges
specific to computer science that future educators and researchers
should consider:

(1) Pre-test limitations
(2) Programming language dependence and designing robust

CIs
(3) Difficulty assessing skills
(4) CIs vs. comprehensive assessments

We provide a detailed description of each of these challenges
below to situate our second research question.

Pre-test limitations. In other STEM fields, CIs are often adminis-
tered as pre-tests and post-tests so that a student’s improvement
can be measured over a course offering [59]. However, this is diffi-
cult to do in a computer science context because students generally
do not enter computer science with pre-existing misconceptions.
Some early CI researchers cited by Taylor et al. noted that com-
puter science tends to use a highly specialized vocabulary, and that
student misconceptions in computer science likely originate from
the instruction itself as opposed to having been formed previously
[95, 123, 129]. This differs from other STEM education settings. For
instance, it is reasonable to assume that a student’s experiences
prior to taking an introductory physics class may have led to major
misconceptions about how Newtonian force works, but it is not
reasonable to make the same assumption about a student’s thoughts
on loops and conditionals before taking an introductory computer
science class.

Programming language dependence and designing robust CIs. As
a relatively young field, the content and underlying technology
of computer science are significantly more fluid than other fields.
When the FCI was designed, it was almost naturally robust due
to the fact that Newtonian force is an extremely stable subject
which can be tested purely conceptually. On the other hand, many
computer science concepts are taught in a specific programming
language. Furthermore, although programming language popularity
may be stable for several years at a time, it most certainly does shift
across decades. This timeline may seem fine at first glance, but it
is an important issue to consider. There is a reason why the FCI
is still relevant today, 30 years after its initial development. One
could imagine getting around this issue by using pseudocode, but
Taylor et al. aptly mention some limitations of this technique [120].
It is much harder to validate a language-agnostic CI, as researchers
must ensure that the provided pseudocode makes sense and maps
effectively to actual programming languages. Additionally, within
computer science, the choice of language can impact the underlying
concepts and paradigms as well: A CS1 course in Python will likely
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take an imperative approach to programming, whereas the same
course in Scheme will likely take a functional one.

Difficulty assessing skills. Within computer science, it may be
necessary to differentiate between concepts and processes. The term
process here refers to skills such as code analysis and program
design, which are not computer science concepts in the traditional
sense but are still essential for learning. Taylor et al. raise an impor-
tant issue: Can processes be considered as concepts or as containing
concepts within them, or are processes strictly distinct from con-
cepts [120]?

CIs vs. comprehensive assessments. This challenge relates to the
recommendations Hestenes et al. gave upon publishing the FCI in
physics. One way the FCI has been used is to evaluate the effective-
ness of physics instruction [48]. Taylor et al. noted that some CS
researchers have also argued for such usage of CIs, but others have
argued that because CIs are not comprehensive assessments, they
are not well suited for this purpose.

Taylor et al. conclude by emphasizing that despite the many
challenges of computer science CI development, the research com-
munity at the time had laid a strong foundation for moving forward.
They make particular note of the progress in identifying concepts
and misconceptions as groundwork for future CIs, and end with a
hopeful outlook on the future of computer science CIs.

3 METHODS
3.1 Data Collection
Toward our stated objective of conducting a comprehensive review
of the field of computer science CIs, we decided to conduct a sys-
tematic literature review, pursuant to other research with similar
objectives [e.g., 2, 13, 41, 80]. To curate the data set of papers to
review, we began with consultations with the Head Engineering
librarian at the first author’s university, seeking advice on poten-
tial databases to examine. Given our interest in studying papers in
STEM and computer science education and our prior experience in
reading such work, we expected to encounter papers from confer-
ences and journals under umbrellas such as the ACM (specifically,
venues sponsored by the ACM Special Interest Group on Computer
Science Education, i.e., SIGCSE), the IEEE, and several other venues
that commonly publish work in the space. We began by looking at
the Engineering Village search platform, based on the librarian’s
recommendation, and on the fact that it indexes over 3,500 journals
and conference proceedings, including several major ACM, SIGCSE,
and IEEE-sponsored venues such as the ones we are interested in.
Within the Engineering Village platform, we chose the Compen-
dex and Inspec databases, which cover venues of interest such as
the SIGCSE Technical Symposium on Computer Science Education
(SIGCSE-TS), the ACM Conference on International Computing
Education Research (ACM ICER), and the ACM Conference on In-
novation and Technology in Computer Science Education (ACM
ITiCSE). To ensure complete coverage of the field, we also included
the Education Source and ERIC databases through the EBSCOhost
platform. We believe that the databases chosen are appropriate for
this study due to their collective coverage of their space and their ef-
fective metadata management which facilitates successful searches.

The list of databases consulted, along with the corresponding lists
of venues/titles indexed by these databases, is provided in Table 2.

We additionally consulted with the librarian to determine the
most appropriate search keywords for our review. Drawing on
the librarian’s advice and a collective discussion, we queried these
databases with five keywords: ‘concept inventory’, ‘concept inven-
tories’, ‘computer science’, ‘computer science education’, and ‘CS.’
In forming the query, we treated these keywords as two sets, since
they are related to each other within each set. With the Engineering
Village databases, we initially searched only the titles, abstracts,
and keywords of papers (query ending in WN KY), in order to avoid a
large number of results that only mention our search terms without
focusing on them. However, this search output only 78 results, so
we pivoted to searching all search fields 1 available on the platform
(query ending in WN ALL), which output 148 results. These results
were manually screened. Therefore, the formal expression for our
queries is as follows:

3.2 Screening and Quality Control
Based on our database search, which returned 175 papers (Compen-
dex: 95, Inspec: 53, Education Source: 11, ERIC: 16), we identified
a total of 72 unique and relevant papers on which to conduct our
literature review. Given the young but growing nature of the field
of CIs in computer science, this number seemed plausible to us. We
conducted a few confirmatory searches using the same query in
Google Scholar and found papers within our list appearing there too,
which solidified our confidence in this list. We did not use Google
Scholar as a primary search database, as research has shown it to
be an inappropriate principal search system for systematic reviews
[47].

We then conducted quick read-throughs of the paper titles and
abstracts within our list, as well as examination of themetadata such
as date and venue of publication. We intended to screen out any
paper that was not in English, since it is the only common language
in which all members of our team were fluent, and we wanted to
avoid losing meaning in translation [37]. Furthermore, we wanted
to avoid papers published prior to 1990 and those published in
predatory journals (according to Beall’s List2). Since no papers from
predatory journals appeared in the database search results, we did
not need to exclude them. Finally, we excluded papers that were not
related to STEM or CS, or were otherwise confusing or unclear to us.
These inclusion/exclusion criteria are also detailed in Table 4. Given
the subjectivity of the final criteria, every paper was subjected to
this screening process by two researchers independently, with ties
being broken by the first author. Through this screening process,
we arrived at a final list of 65 papers to conduct this systematic
literature review, all of which are listed in the References section,
with the title of the article in bold font. This process is depicted via
a PRISMA diagram—a diagram that depicts the flow of information
through the different phases of a systematic review, including the
number of records identified, included, and excluded [86]—in Figure
1.

1Subject/Title/Abstract, Abstract, Author, First Author, Author Affiliation, Title, CO-
DEN, Conference Information, ISSN, Publisher, Source Title, Controlled Term, Un-
controlled Term, Country of Origin, Funding Number, Funding Sponsor, and Funding
Information
2https://beallslist.net/
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Table 2: Databases used for our search queries

Platform Database List of venues/titles indexed

Engineering Compendex https://www.elsevier.com/__data/assets/excel_doc/0007/56392/CPXSourceList.xlsx
Village Inspec https://www.theiet.org/publishing/inspec/inspec-content-coverage/

EBSCOhost Education
Source

https://www.ebsco.com/products/research-databases/education-source

ERIC https://www.ebsco.com/products/research-databases/eric

Table 3: Formal Expression of Queries Used

Database Query

Engineering Village (Compen-
dex and Inspec)

((("Concept inventory" or "concept inventories")
WN KY) AND (("computer science" or CS) WN KY))
((("concept inventory" or "concept inventories") WN

ALL) AND (("computer science" or "CS") WN ALL))

EBSCOhost (ERIC and Educa-
tion Source)

( "concept inventories" OR "concept inventory" ) AND
( "computer science education" OR CS )

Overall, the data set encompasses 65 papers, with an average
page count of 9.7 (19 pages on average for 17 single column papers,
6.4 pages on average for 46 double column papers, 5.5 pages for
1 triple column paper, and 1 unknown due to the paper being
inaccessible) spanning 23 publication venues with the following
breakdown:

• SIGCSE (Computer Science Education) - 14 papers (21.5%)
• FIE (Frontiers in Education Conference) - 10 papers (15.4%)
• ITiCSE (Innovation and Technology in Computer Science
Education) - 7 papers (10.8%)

• Computer Science Education (Journal) - 5 papers (7.7%)
• TOCE (Transactions on Computing Education) - 5 papers
(7.7%)

• ASEE (American Society for Engineering Education) - 3 pa-
pers (4.6%)

• IEEE Transactions on Education - 3 papers (4.6%)
• ICER (International Computing Education Research) - 2 pa-
pers (3.1%)

• NCS (National Cyber Summit) - 2 papers (3.1%)
• ACE (Australasian Computing Education Conference) - 1
paper (1.5%)

• DATA (International Conference on Data Science, E-learning
and Information Systems) - 1 paper (1.5%)

• EASEAI (Education throughAdvanced Software Engineering
and Artificial Intelligence) - 1 paper (1.5%)

• EDUCON (Global Engineering Education Conference) - 1
paper (1.5%)

• Eurasia Journal of Mathematics, Science and Technology
Education - 1 paper (1.5%)

• FECS (Frontiers in Education Computer Science & Computer
Engineering) - 1 paper (1.5%)

• FM (Formal Methods) - 1 paper (1.5%)
• ICCSE (International Conference on Computer Science &
Education) - 1 paper (1.5%)

• ISSEP (Informatics in Schools: Situation, Evolution, and Per-
spectives) - 1 paper (1.5%)

• JEET (Journal of Engineering Education Transformations) -
1 paper (1.5%)

• Journal of Educational Technology Systems - 1 paper (1.5%)
• REM (Research and Education in Mechatronics) - 1 paper
(1.5%)

• SE (Southeast Conference) - 1 paper (1.5%)
• Security & Privacy - 1 paper (1.5%)

Figure 1: PRISMA Diagram outlining the selection of papers
for the current review

3.3 Conducting the Literature Review
We started our systematic review of the literature with an open
coding of the 65 papers within our dataset, pursuant to similar
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Table 4: Inclusion and Exclusion Criteria for Screening Studies

Category Inclusion Criteria Exclusion Criteria

Publication Language English Any language other than English
Grey Literature Pre-prints on ArXiv, that have been accepted

to be published
PhD dissertations and Masters’ theses

Publication Date Published in 1990 or later Published before 1990
Publisher Peer-reviewed journals or conference pro-

ceedings
Published by predatory publishers as listed
in Beall’s List

Population of Interest Computer Science (CS) learners of all ages None
Study Topic Usage of concept inventories in computer

science, student misconceptions in computer
science, assessments in computer science,
development of concept inventories in STEM
fields

Unrelated to computer science or STEM, un-
clear or unfocused research topic

Page Length Any page length None

studies [e.g., 13, 80]. We prepared a shared Google Sheet with all
papers and randomly assigned ~9 papers to the first 7 researchers.
At this open coding stage, we read the papers in their entirety and
took extensive notes. After the first round of coding, the researchers
met to consolidate their notes into a series of questions, which are
as follows:

(1) What was the focus of the paper (identifying student mis-
conceptions, developing and designing a new CI, evaluation
of an existing CI, etc.)?

(2) Who is the intended audience for the CI/what is the
research setting (CS1/CS2/Advanced CS/High School or
lower/Instructors/etc.)?

(3) What were the concepts that the CIs were based on/what was
the specific subject matter of the CI (Intro CS, Cybersecurity,
Digital Logic, etc.)?

(4) Does this paper make use of a Delphi Process to develop a CI,
or otherwise discuss the potential for its use? If yes, briefly
describe how Delphi process is mentioned and comment
on the diversity of academics in the panel, specifically with
regard to teaching and content expertise.

(5) Do the authors differentiate between concepts (loops, objects,
etc.) and processes (program design, code analysis, etc.), or
discuss this in any way?

(6) What programming language was used to define a CI? If a
specific programming language was used, do the authors
discuss strategies for making the CI portable or language
agnostic?

(7) Did the paper have a section discussing funding source?
(8) Does this paper conduct a qualitative or quantitative analy-

sis? If yes to either of these, what is the relevant data that
we can extract?

(9) Do the authors discuss the use of CIs as pre-tests, post-tests,
both, or neither? If pre-tests are used, how are they compared
(e.g., raw gain, normalized gain, gain of averages, etc.)?

(10) Do the authors iterate upon their CI? Is the CI validated?
(11) Do the authors classify concepts as fundamental to under-

stand, hard to understand, etc.? If yes, how are they classified
into these categories?

We chose these questions collectively by considering what spe-
cific information from the literature would enable us to answer our
two overarching research questions. Questions 1-4, 6-8, and 10-11
were chosen to discover specific aspects of what we know about
computer science CIs today. Questions 1, 5-6, and 9 were chosen to
align with Taylor et al.’s challenges [120].

Having arrived at this set of questions, the first 7 authors were
assigned another random set of 9 papers from within the data set
to verify whether these questions were sufficient and applicable,
and whether additional questions needed to be added. This second
stage of open coding yielded no change to the aforementioned list
of questions.

Having determined a set of questions with which to analyze our
data set, we applied them for the closed coding process. Each of
the the first 7 authors coded approximately 18 papers—9 papers
for which they were the first or primary coder, and 9 papers where
they were the second or confirmatory coder. All ties were broken
by the first author, and for ties where he himself was involved, by
the senior author.

Following closed coding, the team met to conduct a thematic
analysis [113] of the result of applying our questions to the dataset.
Additionally, we extracted quantitative metrics and descriptive
statistics relevant to the questions above.

4 RESULTS
4.1 RQ1: What do we know about CIs for

computer science today?
We structure this subsection in the same way a traditional paper
on CIs would detail the development and validation process of its
CI [1]. Within each section, we provide the relevant results from
our systematic review to convey the state of concept inventories in
computer science today.

4.1.1 Who, what, how? Student Profile, Topic, and Language.
Among the 65 papers identified in our database search, the most
common study setting was by far undergraduate students (62 pa-
pers). Other settings included middle grades, graduate school, and
high school, each of which was covered by 1, 1, and 2 papers, respec-
tively (one paper [131] covered multiple settings). One of the few
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Table 5: Breakdown of Different Topics Covered by Studies

Topics Covered # Citations

CS1 36 [3, 8, 11, 12, 18, 19, 22, 26, 35, 38, 39, 45, 46, 51, 64–71, 73, 79, 83, 102, 103, 107, 115, 116, 120, 126,
127, 131, 132, 136]

CS2 7 [36, 50, 69, 119, 120, 130, 134, 135]3
Cybersecurity 6 [85, 88, 98, 109, 111, 112]
Digital Logic 6 [53, 54, 56–58, 109]
Computing Theory 4
Formal Reasoning 2 [30, 61]
Finite State Machines 1 [52]
Theory of Computation 1 [87]4

Operating Systems 2 [87, 129]
Basic Electronics 2 [55, 105]
K-12 CS 1 [101]
Compiler Construction 1 [87]
Signals & Systems 1 [87]

Table 6: Breakdown of Different Languages Used by CI Studies.5

Programming Language # Citations

Java 12 [11, 18, 39, 50, 51, 66, 68, 79, 83, 103, 131, 132]
C 8 [8, 11, 19, 38, 50, 70, 83, 115]
Python 6 [64, 65, 73, 79, 116, 127]
C++ 4 [8, 70, 131, 132]
Scheme 2 [39, 116]
MATLAB 2 [8, 70]
C# 2 [131, 132]
RESOLVE 1 [30]
Eiffel 1 [83]
Language Agnostic 7 [12, 46, 69, 98, 101, 130, 136]

papers we identified which focused on younger students explicitly
stated there is a “significant need for a more general middle grades
CS concept inventory assessment” [101, p. 1].

Notwithstanding the focus on the university setting, current
CI work in computer science still covers a wide range of topics.
We identified studies for a total of 12 different topic areas. Table
5 shows a detailed breakdown of the different topics covered. We
additionally note a wide range of different programming languages
used across CIs, with some also being language-agnostic or not
requiring active programming (e.g., discrete mathematics). This
breakdown is displayed in Table 6.

Overall, there is meaningful spread among topics and languages
in computer science CI research, but it may be apt to direct research
efforts toward younger student profiles. This is an excellent focus
area for future work.

3We include Farghally et al. [36] within the list of papers at the CS2 level, even though
they refer to their work at the ‘post-CS2’ level, because we find their work to fall
within the definition of CS2 we have used in this paper [32].
4After our analysis, we noticed that the ACM has issued a “Notice of Concern” for the
conference this paper was published in, and has strongly suggested that papers from
the conference be not cited till further determinations are made. As we had already
concluded our analysis, we decided to keep the paper in our database.
5Note that this table shows all studies, including those that are in progress, and that
some CIs have been developed in multiple languages. As such, the sum total here is
higher than the total number of existing CIs.

4.1.2 Choosing Concepts, Identifying Misconceptions, and Building
the CI. A total of 22 papers in our analysis discussed the process of
choosing concepts for a CI, either as the primary subject of the paper
or as part of the larger CI development process being reported. The
Delphi process is the most popular method of choosing concepts,
with 17 studies employing this technique. Even studies that didn’t
use a proper Delphi process often incorporated some variation of
soliciting expert opinions. In one paper, the developers of a basic
data structures CI detail how they still used a group of experts to
reach a consensus but did so without a formalized Delphi process
[119].

4 papers proposed alternatives to the expert-driven Delphi pro-
cess (and its variations), with some pointing out that despite its
popularity, it has some notable weaknesses. Namely, the set of
concepts identified by discussion among domain-specific experts
still needs to be empirically validated after the fact, which can be
time consuming and cumbersome. These alternative techniques,
designed to be data driven and efficient, are discussed further in
Section 4.3 below.

To identify misconceptions after choosing concepts, researchers
primarily used two methods: 1) analysis of past student exams and
2) think-aloud interviews with open-ended questions about the
concepts. Out of the 33 total CIs identified in our review (includ-
ing those that may not yet be fully validated), 6 identified mis-
conceptions by analyzing past exams, 14 did so using think-aloud
interviews, and 4 did so with a combination of both techniques.
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Table 7: Validated CIs

Validated CIs

Binary search tree & hash tables CI (Karpierz and Wolfman [69])
First-year computer science CI (Vahrenhold and Paul [126])
Digital logic CI (Herman et al. [57])
Basic recursion CI (Hamouda et al. [50])
Second CS1 (SCS1) (Xie et al. [136]) 6
Java array CI (Saarinen et al. [103])
Middle-grades computer science CI (MG-CSCI) (Rachmatullah et al. [101])
Basic data structures inventory (BDSI) (Taylor et al. [119])
Prerequisite and advanced CS CI (Nelson et al. [83])
Cybersecurity CI (Sherman et al. [111])
Object-oriented programming CI (Julie et al. [66])
Cybersecurity CI (Poulsen et al. [98])

4.1.3 Validating the CI. Though this step is traditionally referred
to as CI validation, it generally encompasses two steps: ensuring
the CI is both valid and reliable. Our analysis identified a total of 12
validated computer science CIs in existence today, listed in Table 7.
Among these 12, 2 were statistically validated using IRT, and 6 using
both IRT and CTT. Of these CIs, 5 measured internal reliability,
3 using the popular Cronbach’s alpha metric, 1 using multiple
methods including Cronbach’s alpha, and 1 using an alternative
method, the Kuder-Richardson Formula 21 (KR-21) [54, 138]. 21 CIs
are currently in-progress, or unvalidated, as listed in Table 8.

Our findings here underscore the great progress computer sci-
ence educators and researchers have made in developing CIs over
the last decade. The total number of validated CIs has grown by a
considerable 10, up from 2 in 2014 to 12 today.

4.2 RQ2: Have researchers been able to
effectively tackle the 4 challenges specific to
computer science CIs outlined in Taylor et
al.’s 2014 review?

As we discussed in detail above, Taylor et al. identified 4 chal-
lenges specific to computer science CIs that future educators and
researchers should consider:

(1) Pre-test limitations
(2) Programming language dependence and designing robust

CIs
(3) Difficulty assessing skills
(4) CIs vs. comprehensive assessments
Before beginning our analysis, we hypothesized that the CI pa-

pers published after 2014 would directly deal with the above issues.
We identified 47 studies after Taylor et al.’s review, and although
none directly mentioned that they dealt with or addressed one or
more of the challenges above, our analysis revealed them to be a
prominent and recurring theme.

In each subsection below, we briefly review the initial challenge
outlined by Taylor et al., along with the associated findings from

6We cite Xie et al. here because their paper which described and validated the SCS1
appeared in our systematic search, whereas the original SCS1 paper [89] did not. This
is discussed further in our limitations section (§5.4).

our analysis. Table 9 displays which studies addressed which chal-
lenge(s).

4.2.1 Pre-test limitations. Because of the human-made nature of
computer science, it is unlikely for students to enter courses with
existing misconceptions, which in turn makes it difficult to take
reliable pre-tests [95, 123, 129].

This is a particularly interesting point because our analysis sug-
gests it did not come to light until after concrete computer science
CI research began. One of the earliest papers identified in our review
mentioned a hope to “replicate the physics education revolution in
computing education” [45, p. 1] and went on to explicitly state that
a “CI is typically administered as both a pre-test at the beginning of
a course and a post-test at the end, to measure the ’gain’ resulting
from instruction, on a select subgroup of representative topics” [45,
p. 1]. This indicates that some early CI researchers who had not yet
reached the point of building a CI (the above paper only reports
on an initial Delphi process to identify concepts) still expected to
be able to precisely mimic their usage in other STEM fields. This
feeling shifted as early computer science CIs were developed and
validated. When a subset of authors on this early paper went on to
develop the digital logic CI, they detailed how they tried to use their
CI as a pre-test, but had to discard the results due to unacceptable
reliability and high standard error rates [57].

Out of the 47 studies in our review published after Taylor et
al.’s literature review, 6 used a CI only as a post-test, and 16 used a
CI as a pre-test and a post-test. Among the 16, 1 did not formally
administer a CI and instead conducted pre- and post-interviews
about misconceptions [66]; 1 tested formal reasoning (important for
computer science but more general than the programming topics for
which pre-tests are difficult) [61]; and 2 administered the pre-test at
a point in time when students had already received instruction on
the relevant material [39, 44]. 5 papers in total discuss limitations
of the use of CIs as pre-tests in CS [19, 57, 65, 98, 136]. One of these
simultaneously discusses the growing relevance of CIs as a pre-
test in CS, stating—“computer science topics are increasingly part
of the K-12 curriculum. Because students will increasingly have
discovered basic programming concepts before the university, the
CI as a pre-test is becoming more and more relevant” [65, p. 3]. The
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Table 8: Unvalidated or Incomplete CIs

Unvalidated or Incomplete CIs

Discrete math, programming fundamentals, and logic design (Goldman et al. [45])
Medium-scale integrated circuits CI (Herman et al. [55])
CS1 Perceptions of parallelism (PoPS) (Rague [102])
Operating systems CI (Webb and Taylor [129])
Algorithm Analysis CI (Farghally et al. [36])
Formal reasoning CI (Hollingsworth and Sitaraman [61])
Introductory programming CI (Caceffo et al. [19])
CS1 CI (Stephens-Martinez et al. [116])
Robotics CI (Gerndt and Lüssem [44])
Operating systems, theory of computation, compiler construction (Pamplona et al. [87])
Cybersecurity CI (Ngambeki et al. [85])
CS1 CI (Bari et al. [10])
Basic electronics CI (Sachan et al. [105])
Cybersecurity CI (Sherman et al. [112])
Variables in CS CI (Julie and Bruno [64])
Variables, conditional statements, and functions in CS CI (Julie and Bruno [65])
Matlab programming CI (MCS1) (Barach et al. [8])
Tangible-augmented CI (Julie et al. [67])
CS1 CI (Henry and Dumas [51])
Problem-based learning CS1 CI (Souza and Bittencourt [115])
Introductory programming CI (Kecskemety et al. [70])

Table 9: Number of Studies Which Addressed Taylor, et al.’s Challenges

Taylor, et al.’s Challenges # Citations

Programming Language Dependence 17 [8, 12, 18, 19, 39, 45, 46, 51, 68, 79, 83, 101, 103, 116, 119, 130, 136]
Pre-Test Limitations 6 [19, 52, 57, 65, 98, 136]
Difficulty Assessing Skills 6 [3, 36, 46, 67, 87, 119, 132]
CIs vs Comprehensive Assessments 1 [46]

use of CIs as both a pre-test and post-test, as opposed to just as a
pre-test, seems to support this claim, as visualized in Figure 2.

Figure 2: Breakdown of Studies Using CIs as Pre-Tests and
Post-Tests

However, our analysis revealed that even though CIs may be
used as pre-tests, there are still struggles and inconsistencies with
doing this. One paper which aimed to extend validation of the SCS1
[136] through IRT found that although it had previously been used

as a pre-test, this usage may not have been appropriate. Specifically,
the authors state, “Our results suggest that prior work using it as a
pre-test may have risked encountering floor effects because of the
test’s difficulty. At its current level of difficulty, the SCS1 may be
more appropriate only as a post-test” [136, p. 704].

Our findings suggest that computer science CIs have been used
as both pre-tests and post-tests, but more effectively as the latter
than the former. Exceptions to this appear to be cases in which
students are being “pre”-tested on material they should already
know from a previous class or when the concepts being tested
are more abstract in nature than traditional programming. This
is in line with Taylor, et al’s predictions and indicates a notable
difference between CIs in computer science and other STEM fields.

4.2.2 Programming language dependence and designing robust CIs.
The reality that computer science is a young field with fluid content,
coupled with the fact that courses with similar concepts are often
taught in different programming languages, led Taylor et al. to
raise an important challenge: How do we design long-lasting and
comprehensive CIs for computer science [120]? Our systematic
review revealed promising findings with respect to this challenge.

We classified CIs into three categories: 1) those for which pro-
gramming language is irrelevant (e.g. formal reasoning), 2) those
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which adopt a language-agnostic approach, and 3) those which
utilize a single language. 12 out of 33 CIs we identified involve
computing-adjacent topics that are not reliant on a programming
language, and an additional 5 do not mention the use of a specific
programming language or pseudocode. Of the remaining 16, 3 are
language-agnostic and 13 are designed in a specific programming
language.

One study evaluated a previously validated language-agnostic CI
for basic data structures [130]. The authors administered the CI to
1,963 students with varying backgrounds in programming language
(Python, Java, or C) and reported an encouraging finding: Despite
the language differences, students rarely indicated being confused
by the pseudocode, suggesting the pseudocode maps effectively
to real programming languages. However, they did acknowledge
their findings are limited to languages taught in an imperative
programming paradigm.

Among language-specific CIs, a technique some researchers used
to address this portability issue was replicating the same funda-
mental CI across multiple languages. For example, Caceffo, et al.,
proposed a method for taking an existing CI for introductory pro-
gramming in C and Python and converting it to Java [18, 19]. This
approach, while more involved than building a single language-
agnostic CI, provides the most direct method we discovered for
ensuring the robustness and generality of a CI in computer science.

Overall, computer science CI researchers appear to be at least
implicitly aware of this challenge, with some actively taking steps to
ensure the CIs they develop are robust. We did not identify methods
beyond the two above for achieving this goal. Future work should
focus on 1) developing novel methods for ensuring robustness of CIs
as well as 2) comparing different methods to empirically determine
the associated benefits and drawbacks.

4.2.3 Difficulty assessing skills. In their original literature review,
Taylor et al. noted a potential distinction between concepts and
processes, using the term process to encompass skills such as code
analysis and program design—essential skills in a computer science
course that are not concepts in the classical sense [120]. Specifically,
the authors posed the issue of whether these two ideas truly were
distinct or if they could be treated as the same for the purposes of
computer science CI design.

In our review, we did not identify any study that explicitly differ-
entiated between concepts and processes, but we did find studies
that implicitly used processes as part of their CI research. In partic-
ular, we marked 5 CIs as including what Taylor, et. al. defined as
processes, as listed in Table 10.

For example, one study directly states, “The concepts we con-
sidered relate to code analysis (program tracing, debugging, and
expression evaluation), but not synthesis (code design, writing) or
evaluation (e.g., refactoring) skills as defined in the Bloom’s tax-
onomy of the cognitive domain” [131, p. 24], indicating that the
authors simply consider code analysis—listed as an example of a
process above—to be a concept.

A second study [79] came close to drawing this distinction by
formulating a hierarchical structure of concepts. In particular, the
researchers developed a master list of 12 overarching concepts,
each of which consists of more specific “sub-concepts” within it.

One such overarching concept is “Programming Process,” with sub-
concepts such as reading code, designing programs, and testing.
However, we do not count this as a true differentiation, as the
authors’ wording implies that they consider “Programming Process”
to be a concept rather than its own entity.

Our findings indicate that computer science CI researchers tend
to consider processes directly as a type of concept without feeling
the need to formulate a precise distinction between the two. There
is nothing to suggest this has been problematic or detrimental in
any way, but there are also no studies empirically confirming or
refuting this practice.

4.2.4 CIs vs. comprehensive assessments. When Hestenes, et al.
published the FCI in physics, they noted one potential use of it
could be to evaluate the effectiveness of physics instruction [48].
In their literature review, Taylor et al. mentioned mixed opinions
on this matter among computer science CI researchers at the time:
Some argued CIs could indeed be used in this way within com-
puter science education, but others argued that because CIs are not
comprehensive assessments, they are not meant for this purpose
[120].

Very few papers in our analysis dealt with this challenge directly,
but we mention an important note that may be useful to future
researchers. We found evidence that CI researchers may occasion-
ally be tempted to make a CI more comprehensive than it needs to
be. In one paper which focused on giving practical advice to those
building a computer science CI [119], the authors reported that they
benefited immensely from consulting with an external evaluator
who specialized in learning sciences. At one point, this external
evaluator explained to the authors that many researchers who set
out to design CIs possess the misconception (pun intended!) that
they need to cover all course content, when this is not the case. We
mention this point because for fully validated CIs, this is often a
given that those new to the field may not immediately notice.

Our findings thus indicate that CI researchers over the last decade
have worked in accordance with the standard structure of CIs and
focused on key concepts needed for a course, but that little work
has been done to determine if a CI or a comprehensive assessment
is better suited for the task of evaluating teaching effectiveness.
This is a potential area of future work.

4.3 Deviations from the norm
In this section, we outline some important deviations from the
generally accepted methodology for constructing CIs. Many of the
techniques discussed below warrant potential future work.

4.3.1 Alternative Methods for Choosing Concepts and Identifying
Misconceptions. As mentioned above, some papers pointed out that
carrying out the Delphi process can be cumbersome because the
expert consensus on concepts still needs to be empirically validated
after the fact. We identified 4 studies in our review which discussed
alternative methods for choosing concepts and identifying miscon-
ceptions. 3 of these proposed a novel technological approach, and
the 4th discussed a variation of the exam analysis technique for
identifying misconceptions.
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Table 10: Processes Implicitly Counted As Concepts

Concept Inventory Processes Implicitly Counted as Concepts

Basic Data Structures Inventory (Webb et al.
[130])

Algorithm & code tracing, identifying and remedying flaws
in DS implementation

K-12 Computer Science (Rachmatullah et al.
[101])

Debugging

Object-Oriented Programming, Data Struc-
tures, Concurrency, Algorithms (Nelson et al.
[83])

Code tracing, Design and analysis of algorithms

Discrete Math, Programming, Logic Design
(Goldman et al. [46])

Algorithm Design, Debugging, Test Design

Algorithm Analysis CI (Farghally et al. [36]) Asymptotic running time analysis and Analysis of algo-
rithms

2 studies (one discussed in 2 papers by the same authors, for a to-
tal of 3 papers) utilized a data-driven approach for concept identifica-
tion based in coevolution and co-optimization theory [10, 131, 132].
At a high level, the associated algorithms identify structural re-
lationships among students and problems to determine different
performance levels. The exact algorithms used by the 2 studies were
different (with one building on the other), but they have the same
theoretical foundations.

We draw attention to these 2 studies because their results suggest
coevolutionary algorithms can be useful at both the choosing con-
cepts and identifying misconceptions stages of the CI development
process. In particular, Wiegand et al. produce a set of representative
concepts using a novel Dimension Extraction Coevolutionary Algo-
rithm (DECA) [132], and Bari et al. produce a set of evolved prob-
lems with distractors directly corresponding to common student
misconceptions with their algorithm [10]. Regarding the former
study, it is worth noting that although this algorithm refined the
list of concepts by identifying difficult ones, it still required the
authors to start with an initial list of potential concepts.

The remaining 2 studies used variations of crowdsourcing in their
methods. Saarinen, et al. [103] developed a new technique called
“Adaptive Tool-Driven Concept Generation.” This method combines
classsourcing with machine learning to generate questions. The
authors reported that the generated questions were similar to those
designed by experts and helped identify potential misconceptions,
providing a potentially useful method for aspects of developing a
CI.

The final study [108] attempted to generate questions by crowd-
sourcing open-ended responses to the existing cybersecurity and
digital logic CIs on Amazon Mechanical Turk and using them to
generate potential question distractors. Although not a novel al-
gorithmic approach, the authors argue that their results indicate
this method is faster and cheaper than the traditional method of
identifying misconceptions with think-aloud interviews.

The 4 methods above appear to be uncommon but show promis-
ing preliminary results, and may be a fruitful area of future work.

4.3.2 Novel classifications of concepts. The CI studies we analyzed
generally did not place concepts into specific hierarchies of diffi-
culty, and instead focused on pinpointing core concepts that stu-
dents in a given course should know. However, there was one
notable exception to this we mention here.

Wiegand, et al., in addition to presenting the coevolution ap-
proach to concept identification mentioned above, also propose the
notion of “informatively easy” and “informatively hard” concepts
as foundational work for an eventual introductory programming
CI [131]. In their Dimension Extraction Coevolutionary Algorithm,
dimensions classify various student-problem structures. They split
students into two categories—the most “dominant” students being
the ones who answered the greatest number of questions correctly
within a dimension and the most “dominated” students being the
ones who answered the fewest. They then defined a question as
informatively hard if the most dominant students solved it incor-
rectly the most, and as informatively easy if the most dominated
students solved it correctly the most.

The authors argue these classifications can give deeper insight
into question quality than traditional definitions of hard and easy,
which are based in raw counts of correctness. In particular, if a
question is informatively hard but traditionally easy, that may imply
the general student population is correctly guessing the answer,
and if a problem is informatively easy but traditionally hard, that
may mean the general student population can make mistakes easily
on a problem [131].

As this was the only study which presented novel ways of clas-
sifying problem difficulty, such approaches do not appear to be
well studied. We highlight this as a potential area of future work,
in particular because it has the potential to enhance our ability to
construct effective CIs. In the authors’ own words, when student
performance follows a pattern that does not fit into traditional
definitions of easy and hard, “it is likely that student behavior is
confounding a linear expectation of performance, and is therefore
interesting from an assessment point of view. Informative diffi-
culty preserves the idea that different students understand different
concepts in different ways” [131, p. 11].

5 DISCUSSION
We now holistically consider the outcome of our systematic review
for our two research questions, explore the potential usefulness
of periodic reviews of computer science CIs, and acknowledge the
limitations of our study.
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5.1 What do we know about CIs for computer
science today?

Perhaps the most high-level and encouraging outcome of this re-
view is that CI research is rich and growing within computing
education. The 12 validated CIs that exist today, along with an addi-
tional 21 that are in progress, represent considerable growth from
the 2 validated and 4 in-progress CIs that existed nine years ago
[120]. These CIs stretch across a wide range of topic areas either
directly or peripherally relevant to computing education, including
CS1, CS2, computing theory, operating systems, and cybersecurity
[61, 98, 126, 129, 130] . The full list of topic areas is in Table 5.

However, despite the wide range of topics covered by CIs, much
work still needs to be done on expanding target demographics.
Very limited work has been done beyond undergraduate courses;
there are only 4 total CIs across middle-grades [101], high school
[107, 131], and post-graduate student settings [52].

We suspect this almost exclusive focus on undergraduate stu-
dents is partially due to the fact that many computer science CI
researchers are involved in college computer science education
themselves, and so it makes for a natural research setting. That
said, the limited work in this area points to an ongoing need for
expansion of equitable computer science education within primary
and secondary schooling in general [128].

Regarding the development of CIs, the majority of studies fol-
lowed variations of the established process for STEM CIs [1], using
the Delphi process to choose concepts, exam analysis and/or think-
aloud interviews to extract misconceptions, and CTT, IRT, and
Cronbach’s Alpha to measure validity and reliability. There were
only a few studies which primarily focused on the development
of novel methods for building CIs. It appears that the majority of
current CI research in computing education aims to develop CIs
through well-studied techniques, and there is little work being done
on CI-building methodology itself.

5.2 Have researchers been able to effectively
tackle the 4 challenges specific to computer
science CIs outlined in Taylor et al.’s review?

3 of these 4 challenges have been thoroughly tackled in computer
science CI research. Additionally, although the final challenge
hasn’t been a focus of recent work, there is nothing to suggest
it has actively inhibited or damaged the field’s progress.

Particularly interesting is that researchers rarely, if ever, stated
that they meant to address these challenges, but they still ended
up doing so extensively. This indicates excellent foresight by the
first literature review’s authors, who set a stable foundation for our
research. We discuss the 3 challenges that were thoroughly present
in the review below.

Computer science CI research currently adopts a unique position
with respect to pre-tests. Although CIs in STEM are generally used
as both pre-tests and post-tests, this usage is not as straightforward
in computing education. Given that CS topics are growing increas-
ingly popular in K-12 curricula, using a CI to assess misconceptions
at a pre-test stage is growing in relevance, but only to an extent.
Unlike the natural sciences, which govern the world we live in,
computer science is human-made. As a result, while we develop in-
tuition about natural scientific laws such as gravity simply by virtue

of growing up in the world, the same does not hold for computer
science concepts. Until we are actually taught computer science in
some form, we are unlikely to develop misconceptions about it. As
such, administering a CI as a pre-test may not be as effective as in
other STEM areas, and should be done taking into consideration
the previous education of the students.

Ensuring the robustness of a CI takes some additional effort in
computer science, primarily because computer science is still a
relatively young field with potentially fluid content and multiple
possible representations of the same concepts across programming
languages. As such, researchers have the added task of ensuring
that their CIs are stable across different programming languages.

For more theoretical topics, such as discrete mathematics [3] or
finite state machines [52], this simply is not necessary. However, for
concepts which are generally implemented in a programming lan-
guage, there are two common solutions: 1) developing a pseudocode
language for the CI or 2) replicating the CI in multiple languages.
Both approaches appear to be effective. Furthermore, the latter one
has opened a niche area of research within the field: developing
methods for converting a CI to a new language without conducting
the entire process from scratch [18].

In contrast to the second challenge above, the third is language-
agnostic. Within computer science, it is important for students to
understand certain procedural skills which we might only loosely
consider to be concepts, such as designing algorithms and testing
code. Within computer science CIs, the unwritten consensus seems
to be that processes can simply be considered concepts. Not all
CIs included such processes in their questions, and those that did
simply labeled them as concepts in their CI. Among these, no studies
mentioned any issues that arose as a result.

5.3 How often should we take stock of
computer science CIs?

Here, we address the fact that our systematic review falls into a
precarious position, as it is clearly not the first literature review of
CIs in computing education, but it is also not quite a replication
(per the definition of replication by Bollen et al. [14]), as our search
methodology and research questions are different from, although
related to, the previous one [120]. That said, we maintain it is a
valuable contribution for two reasons.

First, CI research is a fast-growing subfield within the relatively
niche area of computing education. However, the definition of “fast-
growing” is highly dependent on the context of this field. From the
perspective of standard systematic reviews in, for example, medi-
cal studies—where the number of papers included in a systematic
review can easily stretch into the thousands—this growth may be
viewed as extremely slow.

We make particular note of this because many systematic review
guides may imply that this many studies is to be expected, but this
is not the case in this context. We initially felt this way and worried
that our 65 studies may not warrant a review. However, once we
began, we quickly realized that the contributions being made were
varied and important, and that documenting them could potentially
be of great use to computer science CI researchers.

Second, as we noted earlier, most computer science CI research
pertains to developing new CIs, but a select few studies have been
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done aiming to contribute new methodologies to improve parts
of the CI-building process itself [10, 103, 108, 132]. Because these
papers are not the primary focus of most current CI research, they
may not naturally rise to prominence. By documenting them in
periodic reviews such as this one, we can 1) encourage further ex-
ploration of these avenues and 2) streamline the process of building
better CIs within computing education.

In summary, based on the wealth of CI research we have identi-
fied in this review, as well as the considerable growth of existing
computer science CIs since Taylor et al.’s 2014 literature review, we
argue that periodically conducting systematic literature reviews
of computing education CI literature is likely to be fruitful for the
field as a whole. We predict that with the speed of growth we have
seen, another decade may even be too long, and we recommend
something of this nature be done every 5 years at minimum.

5.4 Limitations
We acknowledge several limitations of our study. One potentially
significant limitation is the set of keywords used in our database
queries. Althoughwe attempted to balance comprehensiveness with
precision, it is possible we may have missed one or more relevant
keyword(s) and thus an associated set of literature. While this is
a common limitation within literature reviews [e.g., 13, 41, 122],
it is important to acknowledge. Notably, we observed that the set
of papers captured within our systematic review did not include
the original papers for two of the foundational and primary CIs in
the field—the Foundational CS1 Assessment (FCS1) [124], and its
replicated version, the Second CS1 Assessment (SCS1) [89]. Manual
examination of these papers revealed that our search keywords do
not appear within any of the fields searched for both these papers.

There are a couple of ways to interpret this omission. Firstly,
while the FCS1 drew on CI work in other fields and is similar
in nature to the computer science CIs that followed, the authors
do not actually refer to it as a concept inventory, but rather as a
concept assessment [124]. This is a point that Taylor et al. mention
in their original review as well [120]. This, combined with the wide
coverage of our search methods, gives us confidence that even with
the absence of these two papers, our search was exhaustive. That
said, in our research, we felt it was important to acknowledge the
strong influence of the FCS1 (and the subsequent SCS1) upon this
space, but also maintain the rigor of our systematic review. As
such, following the example of Taylor et al., we did refer to both
of these as CIs throughout our related work and discussion when
relevant, but due primarily to the fact that they did not appear
in our search, we did not include the original papers in our final
paper counts. However, we were able to include the SCS1 (as a
CI) in our final count of validated CIs, as our search included a
paper that described the SCS1 in detail and performed an additional
validation of it [136]. Similarly, our search queries did not return
the original validated Basic Data Structures Inventory (BDSI) [97]
paper because our search keywords do not appear within the fields
searched, but we were still able to include this CI in our review
through a later paper that discussed the practical details of building
it and appeared in our search [119]. We also note that Taylor et
al. did include the FCS1 in their count, and we did not, so readers
should consider this when comparing tables and counts.

Our overall review could have been simplified slightly as well.
In the screening stage, we did not explicitly screen out posters,
panels, and extended abstracts. As such, we failed to screen out
two panels [4, 29] and one extended abstract from the ICER 2018
Doctoral Consortium [71] that did not actively discuss work being
done towards CI development in a manner that is relevant to this
review. That said, these were the only such works we found, and
their inclusion did not negatively impact our analyses and results
in any way.

An additional limitation of this study is the inclusion of a paper
on iteration-control constructs that was inaccessible to us [107].
We chose to include this paper in our review because the title and
abstract contained promising information.

From our review, we can ascertain that the usage of CIs as a
method of assessment for computer science is growing, and can
be applied to a wide range of topics within the field. However, we
acknowledge that our research takes a breadth-first approach in
evaluating the field, and that depth-first work, such as Parker et
al.’s [90] evaluation of the specific impact of the FCS1 [124] and
SCS1 [89], is also incredibly important. We hope that researchers
undertake such work as a complement to this review in the near
future.

6 CONCLUSION AND FUTUREWORK
6.1 Overall Conclusions
This paper contributes a systematic literature review of current
work in computer science CIs, explained in extensive detail to sup-
port replication. It includes research which made progress toward
building a CI, provided recommendations for building CIs, or pro-
vided novel methods to improve the process of building CIs.

The 65 studies collated and analyzed in this work provide re-
searchers with a thorough overview of the current state of CI re-
search within computing education, and thus a foundation for mak-
ing new contributions to the field.

With 33 total CIs in existence, 12 of which are validated, and
10 of which were validated within the last nine years, there is con-
siderable evidence that this is a robust research area which will
continue to grow. That said, research focuses almost exclusively
on undergraduate students, with minimal excursions into other
student demographics [52, 101, 107, 131].

In the last literature review of CIs for computer science in 2014,
the authors identified 4 challenges of developing CIs unique to
computer science: 1) pre-test limitations, 2) programming language
dependence and designing robust CIs, 3) difficulty assessing skills,
and 4) using CIs vs. using comprehensive assessments. Our review
found that even though researchers did not necessarily set out
to address these challenges as part of their work, the first three
challenges repeatedly presented themselves and thus ended up
being addressed. The fourth challenge is not a recurring theme in
the literature, nor does it appear to be an inhibiting factor in CI
research.

Several studies [19, 57, 65, 98, 136] noted the difficulty of at-
tempting to use a CI as a pre-test due to the fact that it is difficult
for students to form misconceptions about computing topics prior
to taking a course, unlike with other STEM subjects. While other
studies did indeed use pre-tests, our findings suggest that they tend
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to be most relevant in more theoretical computing subjects, such
as formal reasoning [e.g., 61], or in settings where the “pre”-test
is still given at a point after some instruction has been given [e.g.,
39, 44].

To ensure the robustness of CIs for courses dependent on a pro-
gramming language, most studies took one of two approaches: 1)
using a pseudocode language [e.g., 130], or 2) developing the CI
in multiple programming languages [e.g., 18]. Both of these ap-
proaches were effective, with one of the former studies [130] explic-
itly stating students did not express confusion with the pseudocode
regardless of which programming language they had experience in.

Our review did not identify any studies which explicitly differ-
entiated between concepts and processes (such as code design and
testing) in computing education, but we did find that such “pro-
cesses” are often present in CIs and simply considered as concepts
of their own. In 2014, Taylor et al. explicitly posed the question
of whether processes should be thought of as concepts or distin-
guished from them; we conclude from our study that most computer
science CI researchers faced no issues in treating both as the same.

6.2 Future Work Recommendations for
Computer Science CI Researchers

Based on our findings, we make the following suggestions to future
CI researchers:

• Very little work has been done to develop CIs for K-12 stu-
dents. With the growing interest in computing education for
these student profiles [42], it is an excellent time to develop
CIs for them.

• While we identified the two techniques discussed above for
ensuring robustness of CIs—using pseudocode or developing
the CI in multiple languages—little work has been done in
empirically determining the benefits and drawbacks. Rigor-
ously evaluating these techniques, as well as developing new
ones, may be apt.

• The fourth challenge posed by Taylor et al. involves deter-
mining if CIs or comprehensive assessments are better suited
for the task of evaluating teaching effectiveness in computer
science. This challenge appears to be mostly unaddressed as
of yet.

• We identified 4 papers that presented novel methodologies
for various aspects of the CI development process [10, 103,
108, 132]. Further evaluation of these techniques, as well as
exploration of other techniques to improve the construction
of CIs, is a potentially fruitful area of future work.

• One of the above papers [132] also proposed new classifica-
tion categories for concepts: informatively easy and informa-
tively hard. The authors argue such classifications provide
more insight into student performance than traditional def-
initions of easy and hard and could be of great use in CI
work.

• As we mentioned in the limitations section above, a few rel-
evant papers did not appear in our database search due to
certain keywords being missing. We recommend future CI
researchers in computer science utilize, at minimum, “com-
puter science” and “concept inventory” as keywords to en-
sure their papers are effectively indexed.

Overall, we find that CI research in computing education is a
promising field that has seen considerable growth over the last
decade and will continue to grow quickly. In 2014, Taylor et al.
expressed the following wish [120, p. 20]:

Should the community embrace this challenge and
develop CIs for a range of computer science courses,
these CIs could usher in a new era of curricular and
pedagogical innovation and evaluation.

Dare we say this era has begun.
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