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Abstract Given that computational thinking (CT) is still a blurry psychological con-
struct, its assessment remains as a thorny, unresolved issue. Hence, in recent years,
several assessment tools have been developed from different approaches and opera-
tional definitions of CT. However, very little research has been conducted to study
whether these instruments provide convergent measurements, and how to combine
them properly in educational settings. In response, we first review a myriad of CT
assessment tools and classify them according to their evaluative approach. Second,
we report the results of two convergent validity studies that involve three of these CT
assessment tools, which come from different perspectives: the Computational Think-
ing Test, the Bebras Tasks, and Dr. Scratch. Finally, we propose a comprehensive
model to evaluate the development of CT within educational scenarios and interven-
tions, which includes the aforementioned and other reviewed assessment tools. Our
comprehensive model intends to assess CT along every cognitive level of Bloom’s
taxonomy and throughout the various stages of typical educational interventions.
Furthermore, the model explicitly indicates how to harmoniously combine the dif-
ferent types of CT assessment tools in order to give answer to the most common
research questions in the field of CT Education. Thus, this contribution may lead
scholars and policy-makers to perform accurate evaluation designs of CT according
to their inquiry goals.
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6.1 Introduction

In the last decade, computational thinking (CT) (Wing, 2006) has emerged as an
umbrella term that refers to a broad set of problem-solving skills, which should be
acquired by the new generations to thrive in our computer-based world (Bocconi
et al., 2016). Thus, the use of the CT term has evolved and grown up, even without
reaching a consensus about its definition (Kalelioglu, Gülbahar, & Kukul, 2016).

Moreover, the relation between CT and computer programming is blurry too. It is
assumed that computer programming enablesCT to come alive, and it is themainway
to demonstrate CT skills (Lye &Koh, 2014). However, CTmight be projected onto a
wide range of tasks that do not involve programming (Wing, 2008). In other words,
it is necessary to activate CT skills in order to program properly, but these skills
could be used in other contexts that are disconnected from computer programming.
Therefore, CT is a broader term than computer programming.

In a certain sense, the coining of CT as an umbrella term has been extremely use-
ful, and its sudden success can be explained. First, the CT term has helped to place
Computer Science Education beyond computer programming. Second, it has helped
to lower the entry barriers to computer programming, in parallel of the appearance
and rise of visual blocks languages; in the same vein, CT has provided the frame
to focus not on the computer programming syntax, but on the underlying mental
processes for it. As a result, CT is perceived as a friendly and nonthreatening term
that has contributed to bring Computer Science (CS) closer to the teachers and to
foster the CS4all movement. Third, CT is such a liquid term that it can be used
more as an approach than as a concept; then, CT has enhanced the metaphor of
“programming to learn” instead of “learning to program.” In other words, CT has
made possible to imagine a computational approach for any of the subjects of the
curriculum. Finally, CT term has gathered not only cognitive skills, such as decompo-
sition, pattern recognition, abstraction, and algorithmic design, but also noncognitive
variables (Román-González, Pérez-González, Moreno-León, & Robles, 2018) and
related soft skills such as persistence, self-confidence, tolerance to ambiguity, cre-
ativity, and teamwork, among others. In summary, CT term has served as a response
to a global phenomenon in which it has become evident that our lives, increasingly
mediated by algorithms, need a new set of skills to relate properly with the ubiquitous
machines (Rushkoff, 2010; Sadin, 2015).

Nevertheless, this lack of definition of CT term that has proved useful in the past
could be a burden for its future survival and development. Thus, there is not only a
lack of consensus on a CT formal definition but also disagreements about how CT
should be integrated into educational curricula (Lye & Koh, 2014), and especially
on how it should be properly assessed (Grover, 2015; Grover & Pea, 2013). The
latter is an extremely relevant and urgent topic to be addressed because without
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reliable and valid assessment tools, CT will have difficulties to consolidate in the
educational system and it runs a serious risk of disappearing as a construct worthy
of consideration for educational psychology.

Expressed in a metaphorical way, CT term has had its naïve childhood, it has gone
through an impulsive (and productive) adolescence, and it is now entering adulthood
through a process of demystification. As Shute, Sun, and Asbell-Clarke (2017) say,
CT is being demystified and, if it wants to survive, it is time to study it scientifically
and to define operational CT models that can be empirically validated.

Ironically, although CT assessment seems to be the thorniest issue in the field,
we consider that it brings the biggest opportunity to reinforce CT as a serious and
well-established psychological construct. Assessment and measurement imply to
operationally define the construct, CT in this case, in order to design an assess-
ment tool that must be consequently validated. Hence, advances in assessment can
contribute decisively to consolidate CT as a solid concept, a solid variable worthy
of being studied and developed. In this sense, this chapter aims to review the cur-
rent state-of-the-art CT assessment tools and to propose a comprehensive evaluation
model, which could combine these tools effectively.

The chapter is structured as follows: in the next section, we review a myriad of
CT assessment tools and classify them according to their evaluative approach. In the
third section, we report the results of two convergent validity studies that involve
three of these CT assessment tools, which come from different perspectives: the
ComputationalThinkingTest, theBebrasTasks, andDr. Scratch. In the fourth section,
we propose a comprehensive model to evaluate CT interventions within educational
scenarios, which includes the aforementioned and other reviewed assessment tools.
Finally, in the fifth and last section, we offer our conclusions and we speculate about
future lines of research.

6.2 Computational Thinking Assessment Tools

Without being exhaustive, and focusing onK-12 education, we can find the following
CT assessment tools, which can be classified depending on their evaluative approach:

• CT diagnostic tools: They are aimed at measuring the CT aptitudinal level of
the subject. Their major advantage is that they can be administered in pure pretest
condition (e.g., subjects without any prior programming experience). Complemen-
tarily, the diagnostic tools can be also applied in posttest condition (i.e., after an
educational intervention) in order to check if the CT ability has increased. Some of
the CT diagnostic tools are the Computational Thinking Test (Román-González,
2015; Román-González, Pérez-González, & Jiménez-Fernández, 2017b), the Test
for Measuring Basic Programming Abilities (Mühling, Ruf, & Hubwieser, 2015),
and the Commutative Assessment Test (Weintrop & Wilensky, 2015). All the
aforementioned tests are aimed at middle-school and/or high-school students; for
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elementary-school students, the instrument developed by Chen et al. (2017) in the
context of everyday reasoning and robotics programming can be used.

• CT summative tools: Their goal is to evaluate if the learner has achieved enough
content knowledge (and/or if he is able to perform properly) after receiving some
instruction (and/or training) in CT skills. Then, the main use of the CT summative
tools is placed in the posttest condition. We can distinguish among several of these
tools according to the learning environment used. Thus, we find the summative
tools ofMeerbaum-Salant, Armoni, and Ben-Ari (2013) in the Scratch context; the
tool named Quizly1 (Maiorana, Giordano, & Morelli, 2015) for assessing content
knowledge in the context of App Inventor; the Fairy Assessment (Werner, Denner,
Campe, &Kawamoto, 2012), a performance-based tool that runs in the Alice envi-
ronment; or the summative tools used for measuring the students’ understanding
of computational concepts after a new computing curriculum is implemented (e.g.,
see Zur-Bargury, Pârv, & Lanzberg, 2013).

• CTformative–iterative tools: They are aimed at providing feedback to the learner,
usually in an automatic way, in order to develop and improve his/her CT skills.
Strictly speaking, these tools do not assess the individuals, but their learning
products, usually programming projects. Therefore, these tools are mainly used
during the learning process, and they are specifically designed for a particular
programming environment. Thus, we find Dr. Scratch (Moreno-León, Robles, &
Román-González, 2015) or Ninja Code Village (Ota, Morimoto, & Kato, 2016)
for Scratch;CodeMaster2 for App Inventor; and theComputational Thinking Pat-
terns CTP-Graph (Koh, Basawapatna, Bennett, & Repenning, 2010) or REACT
(Koh, Basawapatna, Nickerson, & Repenning, 2014) for AgentSheets.

• CT data-mining tools: These tools, like the previous ones, are focused on the
learning process. Nevertheless, while the formative–iterative tools statically ana-
lyze the source code of the programming projects, the data-mining tools retrieve
and record the learner activity in real time. These latter tools provide valuable
data and learning analytics from which cognitive processes of the subject can be
inferred, and they are especially useful to detect gaps and misconceptions while
acquiring computational concepts. It can be highlighted the research done by the
team of Shuchi Grover (Grover et al., 2017; Grover, Bienkowski, Niekrasz, &
Hauswirth, 2016) in the Blockly environment, and the one from Eguiluz, Gue-
naga, Garaizar, and Olivares-Rodriguez (2017) using Kodetu.

• CT skill transfer tools: Their objective is to assess to what extent the students
are able to transfer their CT skills onto different kinds of problems, contexts, and
situations. Hence, we find the Bebras Tasks (Dagiene & Futschek, 2008), which
are focused on measuring CT skills’ transfer to real-life problems. We also find
the CTP-Quiz (Basawapatna, Koh, Repenning, Webb, & Marshall, 2011), which
evaluates how CT skills are transferred to the context of scientific problems and
simulations. Finally, the projection of CT skills onto kinesthetic tasks, and vice
versa (i.e., embodied learning of CT), can be highlighted (Daily, Leonard, Jörg,

1http://appinventor.cs.trincoll.edu/csp/quizly/.
2http://apps.computacaonaescola.ufsc.br:8080/.

http://appinventor.cs.trincoll.edu/csp/quizly/
http://apps.computacaonaescola.ufsc.br:8080/
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Babu, & Gundersen, 2014). This type of tools is especially suitable for assessing
the degree of retention and transfer of CT, once a time has elapsed since the end
of a CT educational intervention.

• CT perceptions–attitudes scales: They are aimed at assessing the perceptions
(e.g., self-efficacy perceptions) and attitudes of the subjects not only about CT,
but also about related issues such as computers, computer science, computer pro-
gramming, or even digital literacy. Among scales targeted to students, we can name
the Computational Thinking Scales (CTS) (Korkmaz, Çakir, & Özden, 2017), the
Computational Thinking Skills Scale (CTSS) (Durak & Saritepeci, 2018), or the
Computer Programming Self -Efficacy Scale (CPSES) (Kukul, Gökçearslan, &
Günbatar, 2017). When we are interested in assessing the perceptions and atti-
tudes of teachers, the research work of Yadav, Mayfield, Zhou, Hambrusch, and
Korb (2014) can be highlighted. This kind of tools can be administered both before
and after a CT educational intervention.

• CT vocabulary assessment: Finally, these tools intend to measure several ele-
ments and dimensions of CT, when they are verbally expressed by the subjects.
These verbal expressions have been denominated as “computational thinking lan-
guage” (e.g., see Grover, 2011).

It is worth noting that those different types of instruments have their own intrinsic
characteristics, which lead each of them to approach CT assessment in a particular
way. For example, while the diagnostic and the summative tools are based on stu-
dent responses to predefined CT items or questions, the formative–iterative and the
data-mining tools rely on the analysis of student programming creations and of stu-
dent activity when developing CT, respectively. Thus, the information coming from
each type of instruments has a different nature and all of them must be harmonized
and triangulated to reach a complete CT assessment of the individual, as will be
exemplified in the following empirical section.

Consequently, if only one from the aforementioned types ofCT assessment tools is
utilized, then it is very likely that an incomplete view of the students’ CT is obtained.
This incomplete and biased view can lead us to misunderstand the CT development
of our students, and to take wrong educational decisions. In the same vein, Brennan
and Resnick (2012) have stated that assessing students’ computational competencies
just looking at the programs created by the learners could be clearly insufficient, so
they have emphasized the need of multiple means of assessment. Following this line
of reasoning, Grover (2015) affirm that different types of complementary assessment
tools must be systematically combined to reach a total and comprehensive under-
standing of the CT of our students. These combinations have been denominated as
“systems of assessment,” which is the leitmotiv on which we want to contribute in
the next two sections.

Therefore, in the next section, we investigate these “systems of assessments” from
an empirical psychometric approach. It is supposed that a “systemof assessment”will
be composed of instruments that provide convergent measures. Specifically, in the
next section, we study the convergence of the measurements provided by three of the
aforementioned CT assessment tools. Later on, in the fourth section, we speculate
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about some “systems of assessments” from a pedagogical research point of view,
raising some questions like what assessment tools should be used according to the
different moments of an educational CT intervention?What assessment tools should
be used according to the different levels of cognitive complexity in our educational
goals within a CT intervention? How to combine all the above to give answer to the
most common research questions in the field of CT Education?

6.3 Convergent Validity Studies

In this section,we report two different convergent validity studies,whichwere carried
out with two independent samples. The first study investigates the convergent validity
of the Computational Thinking Test (CTt) with respect to a selection of Bebras
Tasks. The second study does the same, but between the CTt and Dr. Scratch. Before
reporting the results of both studies, some background and details about these three
CT assessment tools are offered:

• Computational Thinking Test (CTt): The CTt3 is a diagnostic assessment tool
that consists of a multiple-choice instrument composed of 28 items, which are
administered online in a maximum time of 45 min. Each of the items of the CTt is
presented either in a “maze” or in a “canvas” interface, and is designed according
to the following three dimensions:

– Computational concept(s) addressed: Each item addresses one or more of the
following computational concepts, which appear in increasing difficulty and
which are progressively nested along the test: basic directions and sequences;
loops (repeat times, repeat until); conditionals (if, if/else); while conditional
loops; simple functions.

– Style of response options: In each item, responses are depicted in any of the
following two styles: “visual arrows” or “visual blocks”.

– Required cognitive task: In order to be solved, each itemdemands to the subject
one of the following cognitive tasks: to sequence an algorithm, to complete an
incomplete algorithm, or to debug an incorrect algorithm.

The CTt has demonstrated to be reliable and valid for assessing CT in subjects
between 10 and 16 years old (Román-González, 2015; Román-González et al.,
2017b). We show some examples of the CTt items in Figs. 6.1, 6.2, and 6.3, whose
specifications are detailed in the respective caption.

• The Bebras Tasks: These tasks consist of a set of activities designed within the
context of the Bebras International Contest,4 a competition created in Lithuania
in 2003, which is aimed at promoting the interest and excellence of K-12 students
around the world in the field of CS from a CT perspective (Dagiene & Futschek,

3Sample copy available at: https://goo.gl/GqD6Wt.
4http://bebras.org/.

https://goo.gl/GqD6Wt
http://bebras.org/
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Fig. 6.1 CTt, item #11 (“maze”): loops “repeat until + repeat times” (nested); “visual arrows”;
“debugging”

Fig. 6.2 CTt, item#18 (“maze”): loops “repeat until” + if/else conditional (nested); “visual blocks”;
“sequencing”

2008). Every year, the contest launches a new set of Bebras Tasks, which require
the students to transfer and project their CT skills in order to solve “real-life”
problems. For this feature, in the previous sections, we have classified the Bebras
Tasks as a CT skill transfer assessment tool. Moreover, another advantage of the
Bebras Tasks is that they are independent from any particular software or hardware,
and they can even be administered to individuals without any prior programming
experience. The threeBebras Tasks used in our convergent validity study are shown
in Figs. 6.4, 6.5, and 6.6.
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Fig. 6.3 CTt, item #26 (“canvas”): loops “repeat times” + simple functions (nested); “visual
blocks”; “completing”

Fig. 6.4 Bebras Task #1:Water Supply (CT dimension involved: logic-binary structures) (reprinted
by permission of http://bebras.org/)

• Dr. Scratch5 (Moreno-León et al., 2015) is a free and open-source web application
that analyzes, in an automated way, projects programmed with Scratch language.
The score thatDr. Scratch assigns to a project is based on the degree of development
of seven dimensions of CT competence: abstraction and problem decomposition,
logical thinking, synchronization, parallelism, algorithmic notions of flow control,

5http://www.drscratch.org/.

http://bebras.org/
http://www.drscratch.org/
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Fig. 6.5 Bebras Task #2: Fast Laundry (CT dimensions involved: parallelism, algorithms)
(reprinted by permission of http://bebras.org/)

Fig. 6.6 Bebras Task #3: Abacus (CT dimension involved: abstraction, decomposition, algorithms)
(reprinted by permission of http://bebras.org/)

http://bebras.org/
http://bebras.org/
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user interactivity, and data representation. These dimensions are statically evalu-
ated by inspecting the source code of the analyzed project and given punctuation
from 0 to 3, resulting in a total evaluation (“mastery score”) that ranges from 0 to
21 when all seven dimensions are aggregated. In addition, Dr. Scratch generates a
feedback report that is displayed to learners, which includes ideas and proposals to
enhance the students’ CT skills. The feedback report also encourages learners to
try new Scratch blocks and structures, in order to improve the “mastery score” of
their next projects (see Fig. 6.7). Because of this feature, in the previous sections,
we have classified Dr. Scratch as a CT formative–iterative assessment tool.
The ecological validity of Dr. Scratch, for being implemented with positive results
in school settings, has been demonstrated (Moreno-León et al., 2015). Further-
more, the convergent validity of Dr. Scratch with respect to the grades provided
by CS educators (Moreno-León, Román-González, Harteveld, & Robles, 2017),
and with respect to several software engineering complexity metrics (Moreno-
León, Robles, & Román-González, 2016), has been already reported. Finally, Dr.
Scratch has also proved discriminant validity to distinguish between different types
of Scratch projects, such as animations, art projects, music projects, stories, and
games (Moreno-León, Robles, & Román-González, 2017).

Given that the CTt, the Bebras Tasks, and Dr. Scratch are aimed at assessing the
same construct (i.e., CT), but they approach this goal from different perspectives, a
total convergence (r > 0.7) is not expected among them, but a partial one (0.4 < r <
0.7) (Carlson & Herdman, 2012).

Thus, the convergent validity of these three instruments was investigated through
two different correlational studies, with two independent samples. In the first study,
the CTt and the aforementioned selection of Bebras Tasks were concurrently admin-
istered to a sample of Spanish middle-school students (n � 179), in pure pretest
condition (i.e., students without prior formal experience in programming or similar).
A positive, moderate, and statistically significant correlation was found (r � 0.52).
As depicted in Fig. 6.8, the higher the CT ability of the subject (as measured by
the CTt) is, the more likely it is that the subject correctly transfers CT to real-life
problems (as measured by the Bebras Tasks).

Regarding the second study, itwas performed in the context of an 8-week program-
ming course in the Scratch platform, following the Creative Computing (Brennan,
Balch, & Chung, 2014) curriculum and involving Spanish middle-school students
(n � 71). Before starting with the course, the CTt was administered to the students
in pure pretest condition. After the programming course, students took a posttest
with the CTt and teachers selected the most advanced project of each student, which
was analyzed with Dr. Scratch. These measures offered us the possibility to analyze
the convergent validity of the CTt and Dr. Scratch in predictive terms (CTtpre-test *
Dr. Scratch) and in concurrent terms (CTtpost-test * Dr. Scratch). As in the first study,
positive, moderate, and statistically significant correlations were found again, both
in predictive (r � 0.44) and in concurrent terms (r � 0.53) (Fig. 6.9).

As we expected, the CTt, the Bebras Tasks, and Dr. Scratch are just partially
convergent (0.4 < r < 0.7). This result is consistent with their different assessment
approaches: diagnostic-aptitudinal (CTt), skill transfer (Bebras Tasks), and forma-
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Fig. 6.7 Dr. Scratch assessment results and feedback report (bottom), for the Scratch project “Alice
in Wonderland—a platformer” (https://scratch.mit.edu/projects/176479438/) (top)

tive–iterative (Dr. Scratch). Precisely, because of that partial convergence, we can
extract very relevant pedagogical information, especially from the cases in which the
expected correlation is not met (i.e., the cases that are especially deviated from the
regression line). For example, if we find students with high CT aptitude (as measured
by the CTt), but with low or medium scores in their programming projects (as mea-
sured by Dr. Scratch), we should probably review how programming is being taught
in the classroom, since that teaching could be limiting CT high-ability students by

https://scratch.mit.edu/projects/176479438/
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Fig. 6.8 Scatterplot CTt * set of Bebras Tasks

Fig. 6.9 Scatterplot CTtpost-test * Dr. Scratch
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means of a “low ceiling” methodology. Analogous reasoning can be followed for
other partial convergences between any considered couple of CT assessment tools.
Moreover, our results are one of the first empirical evidences that can contribute to
depict a map with the convergence values between the main CT assessment tools
all around the world, which ultimately would lead CT to be seriously considered as
a psychological construct with its own entity. Further details of the aforementioned
convergent validity studies can be found in Román-González, Moreno-León, and
Robles (2017a).

6.4 A Comprehensive Evaluation of Computational
Thinking Interventions

The empirical findings presented in the previous section have some implications.
On the one hand, the just partial convergence found implies that none of the CT
assessment tools considered in our studies should be used instead of any of the
others. In other words, since the scores coming from these different instruments are
only moderately correlated, none of the measures can replace or be reduced to any of
the others; otherwise, the three tools might be combined in school contexts in order
to achieve amore sensitive portrait of the students’ CT skills. On the other hand, from
a pedagogical point of view, the three assessment tools empirically studied seem to
be theoretically complementary, as the weaknesses of the ones are the strengths of
the others.

Thus, the CTt has some strengths, which are common to other diagnostic tools,
such as it can be collectively administered in pure pretest conditions, so it could be
used in massive screenings and early detection of computationally talented subjects
or individuals with special needs in CT education. Moreover, the diagnostic tools
(e.g., theCTt), and also the summative ones, can be utilized for collecting quantitative
data in pre–post-evaluations aimed at developing CT. However, the CTt and other
tools of the same type have some obvious weaknesses too, since they just provide
static and decontextualized assessments, which are usually focused on computational
“concepts” (Brennan&Resnick, 2012), ignoring “practices” and “perspectives” (see
Table 6.1).

As a counterbalance of the above, the Bebras Tasks and other skill transfer tools
provide naturalistic assessments, which are contextualized in significant “real-life”
problems. Thus, this kind of tools can be used not only as measuring instruments, but
also as tasks for teaching and learningCT in ameaningful way.When used strictly for
assessment, the skill transfer tools are especially powerful if they are administered
after certain time has elapsed from the end of theCTeducational intervention, in order
to check the degree of retention and transfer of the acquired CT skills. Nevertheless,
the psychometric properties of this kind of tasks are still far of being demonstrated,
and some of them are at risk of being too tangential to the core of CT.
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Table 6.1 Adequacy of different types of CT assessment tools regarding CT dimensions

Computational
concepts

Computational
practices

Computational
perspectives

Diagnostic tools c a –

Summative tools c a –

Formative–iterative tools b c a

Data-mining tools b c a

Skill transfer tools b a b

Perceptions–attitudes
scales

– a c

Vocabulary assessments – a c

aLittle adequacy, bModerate adequacy, cExcellent adequacy, – No adequacy at all

Finally, Dr. Scratch complements the CTt and the Bebras Tasks, given that the for-
mer involves “computational practices” (Brennan&Resnick, 2012) that the other two
do not, such as iterating, testing, remixing, or modularizing. However, Dr. Scratch,
like other formative–iterative or data-mining tools, cannot be used in pure pretest
conditions, since it is applied onto programming projects after the student has learnt
at least some computer programming for a certain time. In other words, these for-
mative–iterative and data-mining tools are affected by the kind of programming
instruction delivered by the teacher, and by the kind of programming projects that
are proposed to the students.

In this vein, Table 6.1 shows a tentative proposal on the degree of adequacy
between the different types of CT assessment tools with respect to the three CT
dimensions stated by Brennan and Resnick (2012) framework: “computational con-
cepts” (sequences, loops, events, parallelism, conditionals, operators, and data);
“computational practices” (experimenting and iterating, testing and debugging,
reusing and remixing, abstracting, and modularizing); and “computational perspec-
tives” (expressing, connecting, and questioning).

All of the above leads us to affirm the complementarity of the different types
of CT assessment tools in educational scenarios, and to raise the clear possibility
of building up powerful “systems of assessments” through a proper combination of
them. Hence, from a chronological point of view, the degree of adequacy in the use of
each type of assessment tools at the different phases of CT educational interventions
and evaluations is presented in Table 6.2.

Furthermore, when reflecting about the characteristics of the various and diverse
CT assessment tools, it is possible to state what levels of the Bloom’s (revised) tax-
onomy of cognitive processes are being addressed by each type (Fig. 6.10). Thus,
the diagnostic tools provide information about how the students “remember” and
“understand” some CT concepts; the skill transfer tools inform about the students’
competence to “analyze” and “apply” their CT skills to different contexts; and the for-
mative–iterative tools allow the students to “evaluate” their own and others’ projects,
as well as to “create” better and more complex ones. In addition, the summative tools
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Table 6.2 Chronological uses of the different types of CT assessment tools

Before the
intervention
(pretest)

Along the
intervention
(progression)

Just after the
intervention
(posttest)

Sometime after
the end of the
intervention
(retention and
transfer)

Diagnostic tools c – b a

Summative tools a – c b

Formative–iterative
tools

– c b –

Data-mining tools – c b –

Skill transfer tools a b b c

Perceptions–attitudes
scales

c – c a

Vocabulary
assessments

a – c b

aLittle adequacy, bModerate adequacy, cExcellent adequacy, – No adequacy at all

serve as a transition between the lower and the intermediate levels of the taxonomy,
while the data-mining tools do so between the intermediate and the upper ones.
Nonetheless, there might be still some CT issues, such as usability, originality, inter-
face design, etc., which could not be assessed by tools, otherwise by human sensitiv-
ity. Finally, since the perceptions–attitudes scales do not assess cognitive processes,
but noncognitive ones, these tools are not placed along the pyramidal taxonomy, but
they surround and frame it.

As a final contribution, we raise some research designs (RD) that could compose
together a comprehensive evaluation model of CT interventions. For each research
design, we specify what kind of research question is addressed, and what CT assess-
ment tools should be used:

• Correlational–predictive RD: Through this RD, we investigate to what extent the
current level of the subject’s CT can explain–predict his/her future performance
in related tasks (e.g., his/her academic achievement in STEM subjects, his/her
computer programming competence, etc.). The right instruments to be utilized
in this kind of RD are the diagnostic tools. Once the predictive power of a CT
diagnostic tool has been established, then it can be used subsequently to detect
subjects who may need preventive CT educational interventions.

• Quasi-experimental RD: This type of RD is aimed at verifying if a certain inter-
vention has been effective to develop the CT of the students. A quasi-experimental
RD needs pretest and posttest measures, administered on treatment and control
groups, in order to monitor the causes of the changes in those measures, if any.
The proper instruments to be used in this RD are the summative tools (and some
of the diagnostic tools too). Moreover, it is imperative that the intervention under



94 M. Román-González et al.

Fig. 6.10 Bloom’s taxonomy and CT assessment tools

evaluation is well-documented, so that the quasi-experiment could be replicated
in other contexts, and the effect sizes could be later compared.

• Causal-comparative RD: If some modulating variables are introduced in the pre-
vious RD, then we can also address the question about what factors affect the
correlations and/or differences found. Some of the classical modulating variables
are gender, age, programming experience, teacher experience, etc. In addition, it
would be extremely relevant to include students and teachers’ perceptions and atti-
tudes as complementary modulating variables, since it is becoming more evident
that noncognitive aspects influence the progression and the results of CT inter-
ventions (Román-González et al., 2018). Thus, perceptions and attitudes scales
should be incorporated in this kind of RD.

• Longitudinal RD: Longitudinal studies involve repeated measures of the same
variables, coming from the same subjects, and over a certain period of time.
Although this kind of RD is quite difficult to perform, due to its high cost and



6 Combining Assessment Tools for a Comprehensive Evaluation … 95

sample mortality among other things, it provides answer to extremely relevant
questions such as how the CT learning paths are, or what barriers and misconcep-
tions tend to appear along them. If the longitudinal RD is performed along a CT
intervention, then the formative–iterative and/or the data-mining tools should be
used. Else, when this kind of RD is chronologically extended beyond the end of
the CT intervention, then skill transfer tools should be included in the research
too.

Furthermore, when combining several CT assessment tools in a single RD, then
powerfulmultivariable analysis techniques can be applied to shed some light on some
relevant issues: for example, cluster analysis could be performed to state and describe
some profiles of students according to their different CT scores; multiple regression
or discriminant analysis could be used to explain what factors better explain different
CT levels, etc.

In summary, everything exposed in this section may help scholars and policy-
makers to decide and perform accurate evaluation designs of CT according to their
needs and inquiry goals.

6.5 Conclusions and Further Research

Computational thinking (CT) is entering adulthood. Along this process, CT is being
demystified and it is being demanded to become a more solid psychological variable
in order to assure its survival. In this vein, CT assessmentmight be a key aspect within
the whole CT study field. Because of its own nature, CT assessment can decisively
contribute to consolidate CT as a mature construct. Pushing in this direction, in
this chapter, we have reviewed the state-of-the-art CT assessment tools; we have
presented two convergent validity studies between three of those instruments, which
could be a starting point for a map with the convergence values between the main CT
assessment tools all around theworld; andwe have raised a comprehensive evaluation
model that could combine properly the different types of instruments according to
the inquiry and research goals, and which could guide future actions of scholars and
policy-makers.

Further research should focus on completing the “convergence map,” and on
performing and replicating the aforementioned prototypical research designs in order
to compare their effectiveness in different countries, populations, and educational
contexts.
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