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Abstract—Computational thinking (CT) can be considered a 21st
century core skill and, accordingly, it should be taught to students at
an early age. Nevertheless, the implementation of CT in school
curricula is still in an experimental stage, given that different
performance metrics remain unclear, including the appropriate
age for learning each skill, the significant and achievable
computational concepts for each school year, teaching strategies,
learning effectiveness, and strategies for assessing development.
Based upon constructivist problem-solving learning strategies and
supported by a three-dimensional framework, a game-based
environment with both individual and collaborative playing modes
has been developed as a learning and an assessment tool via
learning analytics. Moreover, an exploratory case study has been
carried out involving 176 primary school students. Results suggest
that this environment is suitable as a learning and assessment tool
for CT skills in primary school, providing enduring learning,
particularly when it engages the collaborative playing mode. It
seems to be better adapted to early primary school stage students,
who showed greater improvements and who were able to assimilate
more computational concepts than expected. Likewise, special
needs or low percentile students benefit even more greatly from the
learning tool and especially from the collaborative playing mode.
The combination of different assessment methodologies—
including CT pre- and posttests, data-driven analytics, direct
observation, and questionnaires—provides assessment for each of
the framework computational dimensions.

Index Terms—Assessment, collaborative learning, computa-
tional thinking (CT), early childhood education, educational games,
learning environments, programming.

I. INTRODUCTION

COMPUTATIONAL thinking (CT) is a core skill that is not
just limited to computer scientists’ activities but that can be

extensively applied in daily life and is essential to adapt to the
future [1]. CT was first defined as a “human problem-solving
process that uses decomposition and requires thinking at multiple

levels of abstraction” [2]. However, many definitions of CT have

been suggested since then, and can be categorized into three [3]:

1) generic definitions that focus on the skills involved in the prob-

lem-solving (e.g., Aho definition [4]); 2) operational definitions

that provide different CT breakdowns (e.g., Shute et al. break-

down [5]); and 3) educational definitions or frameworks for the

development of CT in the classroom (e.g., 3-D framework [6]).
Nowadays, in a high-tech, constantly changing world, stu-

dents must be able to think critically and solve complex prob-

lems [7]. Accordingly, initiatives are being undertaken in

various parts of the world to include CT concepts in compulsory

education curricula at schools [8]. However, before introducing

curricula for CT development in primary school, it is essential

to determine what CT skills children should learn and how the

acquisition of such skills should be assessed [9], considering the

varying cognitive ability of students depending on their age [1].
As a contribution to research on this area, a theoretical back-

ground has been established based upon social constructivism
[10] and cognitive development theories [11]; frameworks such
as activity theory [12]; and on established learning strategies.
Although CT in the classroom can be developed through

different activities, it is mainly taught through programming
[13], moreover, visual game-based environments are powerful
instruments for this learning [9]. Based on the theoretical
background, a constructionism-based problem-solving game-
based environment: Blue Ant Code (BAC), has been devel-
oped specifically for this research project as a learning and an
assessment tool. It includes individual and collaborative play-
ing modes. For categorization of CT dimensions, we will refer
to the 3-D framework [6] since its context is similar to that of
this article.
An exploratory case study in primary school drawn upon a

sample of 176 students, has been carried out using the follow-
ing instruments:

1) the beginners CT test (BCTt), for the assessment of CT

skills at an early age [14];

2) the developed environment (BAC) as a learning and

assessing tool;

3) several questionnaires to supplement the assessment.
Adequacy of learning and assessing strategies, as well as con-

tents for the implementation of CT in primary school education,
has been evaluated accordingly. Implementation of the three
instruments in the same case study aims to cover the three
computational dimensions (see detailed in Sections II-B and
II-C) of the 3-D framework, both in terms of learning and
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assessing approaches. This article specifically aims to answer
the following research questions.

RQ1: Is a game-based strategy suitable as a programming

learning methodology and assessment tool (via data-

driven analytics) for CT skills throughout primary

school?

RQ2: What CT skills can start being learned at each stage of

primary school?

RQ3: What are the differences between collaborative and

individual game-based learning approaches in primary

school and which strategy is appropriate for each age?

II. THEORETICAL PERSPECTIVES AND RATIONALE

A. Computational Thinking: Definition and Framework

There is a growing international movement that focuses on
the 21st-century skills required for students to succeed within
a constantly changing digital society. These refer to a wide
range of skills such as learning and innovation skills, informa-
tion, media, and technology skills [15]. Of these, learning and
innovation skills are usually classified into four blocks known
as the 4Cs: 1) critical thinking; 2) creativity; 3) collaboration,
and 4) communication [16]. These have been increasingly
acknowledged as essential ingredients of school curricula [17].

In addition, CT is a basic skill to be placed alongside other
analytical skills, together with reading, writing, and arithmeti-
cal processes, in order to adapt to the near future [18]. Shute
et al. [5] defined CT as “the conceptual foundation required to
solve problems effectively and efficiently with solutions that
are reusable in different contexts”. CT can be considered
another core skill or even the “5th C” of the 21st century and,
therefore, should be taught to all students [5], [19], [20].

Wing first defined CT [2] and since then many other defini-
tions, breakdowns and frameworks of CT have been suggested
which has encompassed broad debates [6], [9]. Shute et al. [5]
categorized CT skills within the four categories that appear
most often in the literature (abstraction, decomposition, algo-
rithms, and debugging) and add iteration and generalization.
Zapata-Ros and P�erez-Paredes [21] included numerous com-
ponents, such as creativity and divergent thinking. Within this
last CT decomposition approach, CT elements overlap 21st-
century skills to some extent.

The existence of multiple: 1) generic definitions; 2) opera-
tional definitions or breakdowns; and 3) educational defini-
tions or frameworks, and the consequent difficulty in precisely
identifying exactly what CT is, makes it difficult for educators
and researchers to decide what should be taught or evaluated
[22], [23]. From them, the 3-D framework educational defini-
tion covers a broad spectrum of CT [24], and many curricula
emphasize the learning of basic CT through its CT concepts
[25]. The 3-D framework emerged from studied by Brennan
and Resnick [6] on the activities of young programmers from
around the world using Scratch, the most popular visual
block-based environment used in K–12 for designing CT
learning activities and as a learning tool [2], [26]. Scratch is
based on visual, and process thinking, emphasizes the social
attribute of CT and has strong operability in educational prac-
tices [27]. The 3-D framework categorizes CT according to

three dimensions (see Table I): 1) computational concepts
(concepts that programmers use); 2) computational practices
(problem-solving practices that occur in the process of pro-
gramming); and 3) computational perspectives (perspectives
designers form about themselves and the world around them).

The 3-D framework seems appropriate for contextualizing
CT in a collaborative visual programming learning environ-
ment designed for early ages, such as the one developed
(BAC). It will, therefore, be adopted here. Nevertheless, as
this research aims at learners who are younger than those
involved in the Brennan and Resnick study and the environ-
ment is not Scratch, the 3-D framework has been adapted to a
beginner’s level and to the BAC environment (see Table I).

Although there is a progression of concept learning in Scratch
or Scratch Jr for different age groups [28], the computational
concepts selected are those that have been proven to be achiev-
able by primary school students [14], [28]–[30], and, therefore,
can be assessed by the BCTt [14]. The computational practices
and perspectives selected are those that are related to the con-
cepts addressed [29]—for example, although abstracting is
known to be difficult for young students, this practice might be
observed while students interact with BAC and with their peers
in the collaborative mode [6], [29]. However, reusing and
remixing has not been included as BAC is not a game creation
environment, as Scratch is, so there is no code reuse option.

A review of the literature reveals that CT is an important sub-
ject in the national education curricula in many countries.
Indeed, some of them have structured educational programs
centered around CT [1]. The promotion of CT in education has
made great progress over the last decade, starting as early as
kindergarten in some countries, such as Australia or Japan [8].
Children are being trained in CT, independent thinking and
problem solving so that they can then apply these skills to dif-
ferent disciplines or to daily life. However, there remains some
hesitation regarding how best to teach CT, when to begin such
instruction or what to teach [7] and there is especially scant
research on computational practices in early grades [31].

B. Learning Strategy

Programming exposes students to CT and, therefore, to prob-
lem-solving through computer science concepts such as

TABLE I
KEY DIMENSIONS OF THE 3-D FRAMEWORK

AS ADAPTED TO A BEGINNER’S LEVEL
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abstraction and decomposition [32]. Over the past decade,
scholars have attempted different learning strategies to help stu-
dents learn to program to improve CT-related skills; most recent
research focuses on problem-based learning, collaborative
learning, project-based learning, and game-based learning [1]
(see Table II).

The project-based strategy has been discarded as students

need to be cognitively engaged with the subject matter over a

long period of time [36], which exceeds the scope of this

research. In BAC, the problem-based strategy has been the

main approach adopted, the game-based strategy has been

applied as a scaffolding vehicle to guide and ease the solving

process through game mechanics, and the collaborative strat-

egy has been selected as a transversal instrument to enhance

the learning process.
Most research focuses on computational concepts 3-D

framework dimension [28], [32] and there is recent research
on learning and assessment of computational practices and
perspectives dimensions [25], [28]–[30], [39], however, more
research is needed, especially beyond the Scratch environ-
ment, as CT is an interdisciplinary set of skills and there
should be operational methods of learning and assessing CT,
and through diverse learning strategies [29], [32]. Computa-
tional practices and perspectives are even more pertinent for
K–12 settings, since the rationale for introducing CT through
programming is to equip students with problem-solving skills
that they can later transfer to nonprogramming domains [40].
In this article, three learning strategies are combined.

Shown in Fig. 1 is the expected impact of each learning
strategy within the key dimensions of the 3-D framework con-
sidered in this article: computational dimensions are located at
the triangle vertices so that the closer the strategy appears near
a vertex, the greater likelihood this dimension will be
impacted by the learning strategy.

In contrast to problem-based learning strategies, in game-
based learning strategies the student does not necessarily
receive a prior definition of concepts, but guides his or her own
learning freely, motivated by a sense of achievement (see
Table II), so concept acquisition may not be complete. In

contrast, computational practices are particularly enhanced, as
its mastery is essential to progress in the game [32]—for exam-
ple, students may not know that they are using sequences but
have completed a BAC level by figuring out the optimal
sequence among different alternatives, so the computational
practice of testing and debugging has also been mastered. Addi-
tionally, it has been shown that computational perspectives are
enhanced by collaborative strategies (see Section II-D).

C. Learning Theory

Based on Vygotsky’s social constructivism [10] and
Piaget’s theory of cognitive development [11], constructivism
in education postulates a dynamic, collaborative, and interac-
tive learning process by means of which knowledge is actively
created by the student himself. Diverse theoretical frameworks
have emerged in response to technological and pedagogical
innovations. Papert�s constructivist learning framework helps
students learn social interaction, cognition, high-level think-
ing, and CT [41]. Activity theory [12] provides an appropriate
framework for analyzing needs, tasks and outcomes when
designing constructivist learning environments, since its
assumptions are consonant with those of constructivism, situ-
ated learning, case-based reasoning, social cognition, and
everyday cognition; furthermore, activity theory has been
widely used to provide a clear operational framework for
designing these environments.
In this article, the main approach has been a problem-based

learning strategy along with game based and collaborative
learning strategies. Problem-solving environments are consis-
tent with the principles of constructivism since they focus on
learners as constructors of their own knowledge. Students are
expected to think creatively and critically, and monitor their
own understanding. Additionally, the social negotiation of
meaning is an important part of collaborative problem-solving
environments [42], [43].
Positive outcomes for game-based learning predominate stud-

ies based on learning theory [44] since “designing educational
games is an interdisciplinary process, which requires a deep
understanding of game design theory, knowledge on the aca-
demic topic, and foundation in relevant learning theories” [45].
Along with flow theory, constructivism (e.g., the sociocultural
theory of learning), which holds that learning takes place in
social, active, and situated environments [10], [17], is one of the

TABLE II
MOST APPLIED LEARNING STRATEGIES

Fig. 1. Expected impact of learning strategy to the key dimensions.

578 IEEE TRANSACTIONS ON LEARNING TECHNOLOGIES, VOL. 14, NO. 5, OCTOBER 2021

Authorized licensed use limited to: Universitas Brawijaya. Downloaded on August 19,2022 at 02:19:06 UTC from IEEE Xplore.  Restrictions apply. 



major theoretical foundations used by game-based learning
researchers in science education [20], [46], [47]. In line with
Papert’s constructivist learning framework [41], in virtual game
environments students solve learning challenges through interac-
tion and collaboration [1].Moreover, flow theory is key to foster-
ing motivation in games and learning since the player activity is
driven by pleasure rather than external rewards [17], [48], [49].

D. Learning Environment

In this case study, BAC has been developed as a collabora-
tive scaffolded problem-solving visual environment and a CT
learning and assessment tool. BAC is based on the learning
strategies and theories discussed previously, supported by the
3-D framework and is in line with Lye and Koh’s proposal
[32] to create a constructionism-based problem-solving learn-
ing environment in order to support all 3-D framework
computational dimensions.

Research by Grover and Pea on CT environments and tools
for K–12 education concluded that visual game-like program-
ming tools enhance student creativity and problem-solving
skills [9]. Research by Lye and Koh [32] found that CT was
mainly taught through programming and concluded that the
scaffolding process is a key element in CT development. Bui-
trago Fl�orez, et al. [50] claimed that CT-related skills should
be taught in primary school to foster students’ cognitive devel-
opment at an early age. They also highlight the importance of
peer-based collaborative environments for meaningful pro-
gramming learning experiences.

Collaborative learning promotes critical thinking skills much
more effectively than individualistic environments [51]. This
results in greater levels of achievement and higher productivity,
as well as greater psychological health, social competence, and
self-esteem than individual learning [52]. Hainey et al. [53] pre-
sented a systematic literature review of research on game-based
learning, concluding that further studies comparing single and
collaborative play are needed to identify their pedagogical bene-
fits in primary school. There is also evidence that cooperative
teams achieve at higher levels of thought and retain information
longer than learners who work quietly as individuals [54], [55].
BAC can switch between individual and collaborative play
mode to compare the two learning strategies.

Reflection is a strategy often used in studies involving pro-
gramming experiences and may enhance both computational
practices and computational perspectives dimensions, since
students review and think about their programming experience
thereby improving their own learning process [32]. In a col-
laborative environment, students reflect not only on their pro-
gramming experience but also review and think about their
peer’s programming performance. Moreover, thinking aloud,
as well as discussing peer concerns, may also enhance these
two dimensions of the 3-D framework CT, especially for
computational perspectives [27], [32], [56].

According to Qian and Clark, the effectiveness of a game-
based learning environment depends on game designs that are
founded on established learning theories and on game ele-
ments that have proven successful [17]. Many studies claim
that CT skills can most effectively be taught using program-
ming languages [1]. Furthermore, visual programming envi-
ronments may improve beginner programming skills and

strategies, as well as foster greater engagement with program-
ming tasks. Additionally, they may assist students in model-
ing, simulation, and problem solving, which are key in CT
development [32]. Thus, it is worthwhile to integrate game
elements into visual environments and explore their influence
on learner experience and motivation to solve computational
problems. Therefore, game-based programming environments,
such as BAC, can impact all 3-D framework dimensions and
particularly enhance computational practices (see Fig. 1).

Finally, digital tablets appear to be suitable devices for
learning environments at early ages. The integration of multi-
ple features within one device and the touch interfaces are key
facets making tablets suitable as learning tools in schools [57].
Peer collaboration enhances, given that digital tablets provide
a more natural and direct interaction with the content [58],
[59]. Moreover, Lin et al. [60] concluded that the use of tab-
lets improves learning outcomes, especially in the cases of
many-to-one groups, as more peer collaboration and higher
quality artifacts are produced.

E. Assessment

Several researchers emphasize the importance of student
assessment for pedagogical purposes, as measurement and eval-
uation are essential for the introduction of CT into the curriculum
[22]. Though again, there is even less agreement onwhich strate-
gies are best suited to assess the development of CT at early ages.
Tang et al. [61] identified four types of CT assessment: tradi-
tional test, portfolio, survey, and interview. Most studies
employed traditional test and portfolio assessments, and few of
them reported reliability and validity evidence of their assess-
ment. Attempts to measure and assess CT include TechCheck
CT unplugged assessment for very young students [62]; Chen
et al. [63] pre- and postinstrument aimed at fifth-grade students,
the CTP-Quiz instrument [64], Fairy assessment in Alice as a
portfolio assessment based in a specific environment [65], and
Garneli and Chorianopoulos [66] evaluation based on Scratch
projects. In addition, the test for measuring basic programming
abilities [67] and commutative assessment [68] are both vali-
dated instruments under a psychometric approach but aim at
middle and high school students. There are several studies and
instruments involving assessments of CT through Scratch [29],
such as Dr, Scratch [39] where computational practices are eval-
uated along with concepts.

Rom�an-Gonz�alez et al. [3] developed a CT test (CTt),
which stands out as an instrument for the assessment of CT, as
evidence of reliability and criterion validity were provided
under a psychometric approach [69], [70]. It is consistent with
the M€uhling et al. [67] and with Weintrop and Wilensky [68]
tested and aligned with the international standards for psycho-
logical and educational testing [71]. Even though CTt is aimed
at students between 10 to 16 years old, it was a consolidated
and firm basis for the BCTt [14]. This BCTt is aimed at pri-
mary school and has been validated in terms of content and
reliability and, thus, has been applied in this article.

There is a need for “systems of assessments,” to evaluate
deeper learning combining different data measures [72], [73] In
terms of the 3-D framework, the BCTt focuses on computational
concepts and, partially, on computational practices, whereas
ignoring computational perspectives. To cover a broader area of
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the 3-D framework dimensions, as a system of assessments,
data-driven real-time learning analytics have been combined
with the BCTt, in line with recent research outcomes that demon-
strate the adequacy of assessing CT through dynamic informa-
tion, which can reveal learner’s abilities and progression over
time, and particularly using internal analytics to collect data on
game-based environments. Through the analysis of the actions
or code proposed by the student, computational practices used
could be identified [74] and, through the actions performed (e.g.,
analyzing students’ play style in the collaborative mode),
computational perspectives might be assessed to some extent.
The assessment of CT through internal analytics is aligned with
flow theory since learning via game play can continue smoothly
while assessments are unobtrusively handled so that flow is
maintained [75]–[77].

To assess 3-D framework computational perspectives, qual-
itative data were collected via direct observation of the stu-
dents while they interacted with the environment and their
mates. Finally, questionnaires were made to complete and
compare the data collected.

The expected impact of the assessment approaches used in
this study within the 3-D framework is shown in Fig. 2:
computational dimensions are located at the triangle vertices
so that the closer the assessment approach is represented to a
vertex, the greater the likelihood that this dimension will be
impacted by the approach.

III. METHOD

A. Instruments

In keeping with the theoretical background, three main
instruments have been applied as a system of assessments in
order to carry out an exploratory case study in primary school
and answer the research questions: the BCTt, aimed at assessing
CT skills, a collaborative game-based environment: BAC, as a
learning and assessment tool, and several questionnaires to sup-
plement the assessment.

1) Beginners Computational Thinking Test: The BCTt (see
Section II-E) has provided evidence of content validity and reli-
ability for the assessment of CT in primary school students
[14]. The authors report high internal consistency reliability
(Cronbach’s alpha a ¼ .824) of the BCTt. Therefore, the BCTt
seems to be a proper instrument that can be used in research
requiring assessment of computational concepts and (partially)
computational practices throughout primary education.

Consequently, in our present case study, the BCTt has been
used as a pretest and posttest quantitative assessment data col-
lection tool (see Fig. 2). BCTt is 25 items long, with three
alternative responses per item, and has an estimated time of
completion of 40 min. It is divided into six sets, each related
to one basic computational concept (1–6: sequences; 7–11:
simple loop; 12–18: nested loop; 19–20: if-then; 21–22: if-
then-else; 23–25: while). [14].

2) Game-Based Learning Environment and Assessment

Tool: A visual game-based problem-solving environment:
BAC, was specifically designed and developed in correspon-
dence with the theoretical framework (see Section II). BAC is
designed to be both a learning instrument as well as an assess-
ment tool via data-driven real-time analytics.

Special attention was paid to game design elements since
the effectiveness of game-based learning seems to depend on
them [17]. Thus, collaboration, complexity, competition, strat-
egy, adapted challenges to maintain flow, clear goals, commu-
nication, interactivity, and scaffolds are the main game design
elements implemented within the environment. Likewise, user
experience precepts have been taken into careful consideration
and adapted for each target age (e.g., transitions in puzzle lay-
outs, big draggable blocks, colorful, and animated sets and
characters).
The game is divided into six problem-solving levels with

increasing degrees of difficulty. Each level is set in a different

maze puzzle represented by an anthill where several chambers

are connected so the main character can explore them. There are

four game items: blue ant (the main character), red ant, leaf, and

a pile of leaves. At each level, the student is challenged to solve

a computational problem using visual block-based instructions

that can be dragged to assemble a piece of sequenced code, in

order to guide the blue ant through several chambers of the ant-

hill, picking up one or more leaves, eventually avoiding the red

ant along the way and, finally, reaching the pile of leaves. Each

increasing difficulty level is focused on one computational con-

cept simple sequences, complex sequences, simple loops, nested

loops, simple while, and complex while).
The game interface is divided vertically into two. The puz-

zle (anthill) appears on the left-hand side of the screen; pro-
gramming blocks with which to build the piece of code and
solve the puzzle are available on the right-hand side. BAC can
switch between two play modes: individual and collaborative.
In individual mode, the four game items are randomly placed
in the anthill chambers, and the student must build the code to
solve the challenge. The collaborative play mode is based on
Dillenbourg’s set of four conditions for setting up an active
collaborative context in which learning mechanisms are likely
to be triggered [34]: to set up initial conditions, to over-specify
the “collaboration” contract with a scenario based on roles, to
scaffold productive interactions by encompassing interaction
rules in the medium, and to monitor and regulate the interac-
tions. With respect to role assignments in the collaborative
mode, the first student sets a challenge, placing the game
items; and the second one takes on the role of solving the chal-
lenge (see Fig. 3). The hypothesis is that two students, regard-
less of their role, learn from each other, that this is not a

Fig. 2. Assessment approaches expected impact on the key dimensions.
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competitive but a collaborative game since they both interact
and help each other.

To succeed and complete the game level, students must test
various solutions and find the most effective challenge solving
strategy. Skillful players can adopt strategies they have
already used to solve new problems, working on 3-D frame-
work computational practices, such as problem decomposi-
tion, testing, abstraction, and iteration (see Fig. 1). As an
engaging game element, a scoring system has been established
so the student who sets the challenge earns more points the
harder the challenge is, while the student who solves the chal-
lenge earns more points the more optimal the solution is.

BAC has a student registration system whereby players are
identified in a database so that their progress over time can be
tracked. A unique identification number is given to each stu-
dent. Several data may be registered (birthdate, school, educa-
tional stage and grade, gender, previous coding experience,
experience with devices such as digital tablets and applica-
tions, special educational needs, and additional comments).
As students are playing, the monitoring system records each
game step, collecting real-time data in a remote database, so
that computational concepts of the 3-D framework, computa-
tional practices, and, to some extent, computational insights
can subsequently be assessed (see Fig. 2). The data collected
includes information about the time it has taken to set and to
solve problems, the degree of optimization of the path posed
in the solution, or the number of games won by a player.

Finally, to assess computational perspectives (see Fig. 2),
qualitative data can be collected via direct observation while
students interact with both the environment and their mates,
particularly in the collaborative play mode. To collect addi-
tional data on motivation, the students are asked via the user
interface about their mood before and after the playing session.

3) Questionnaires: Finally, through several questionnaires,
data related to students’ motivation, characteristics, skills, and
interests were collected (see Table III). These questionnaires
were targeted at both students and teachers and were used at
different times during the experience. In Section IV-C, results
that came from questionnaires are descriptively reported just
for single and independent items (not for sets of items that

supposedly compose a scale). In this sense, there is no need to
analyze the reliability of the questionnaires as a whole.

B. Participants and Procedure

The participants in this article were a sample of 176 primary
school students from three Spanish public schools. As is shown
in Table IV, the research focused on one educational stage in
each school. Depending on the reasons for sampling the differ-
ent subjects these can be divided, as shown in Table V, as the
sampling procedure is intentional.

To ensure that the research is carried out under the same con-
ditions in each school, an action protocol was developed. As
shown in Table VI, at time 0 questionnaires (see Table III)
were filled out by students and teachers. Consequently, at time
0, the BCTt, was administered as a pretest concurrently to each
student following the action protocol. To ensure that students’
skills or previous experience in the use of computer devices do
not interfere with the test results, BCTts were printed on paper.

Next, A and B subsamples subjects played with BAC for
five weeks using digital tablets. Each week, every subject in
each subsample played for ten minutes, regardless of the play-
ing mode. Subsample A played in the individual mode; sub-
sample B played in the collaborative mode, where two
randomly paired students play at the same time on the same
digital tablet, one taking on the role of setting the challenge
while the other attempts to solve the problem posed. The roles
in the collaborative mode were swapped between students so
that every student assumes both roles equitably. During the
playtime (time 1), quantitative data were collected from the
gameplay of each student, without altering the flow of the
play, and saved in a remote database. Qualitative data were
also collected during the playtime via direct observation.

At the end of the five-week playing period (time 2), the
BCTt was readministered to subsamples A and B subjects, as
a posttest, as well as to subsample C as the control group.
Additionally, questionnaires were filled out by students and
teachers of both subsamples A and B.

Fig. 3. Level 3 collaborative mode screenshot: The second student has built
some code in order to solve the challenge posed by the first student.

TABLE III
SUMMARY OF THE CONTENT OF THE QUESTIONNAIRES
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Finally, ten weeks after the end of the game period, at time
3, the BCTt was administered to A and B subsamples subjects,
to check the aspects related to the learning retention.

At the end of week 16, the research team carefully analyzed
all the quantitative and qualitative data collected.

IV. RESULTS AND DISCUSSION

A. Beginners Computational Thinking Test

The BCTt was administered in times 0, 2, and 3 (see
Table VI). As expected, the reliability as the internal consistency
associated with BCTt scores is high (Cronbach’s alpha, sub-
samples A and B: time 0, a ¼ .803; time 2, a ¼ .801; time 3,
a¼ .837).

Next, BCTt data collected were analyzed to determine if the
expected learning had taken place. Considering the BCTt score
as the sum of all correct answers throughout the 25 items of the
test, an initial analysis of BCTt pretest score results was per-
formed. Since the sample population appears to be normally
distributed, the subjects were intentionally divided into sub-
samples (see Table V). Next, the Student’s t-test was applied to
score results, separately at each educational stage, for the A
and B subsamples (subjects who would play with BAC at a later
stage: A: individual play mode; B: collaborative play mode), to
assess the statistical significance of the difference between the
two population means. Results show no significant difference
in the test scores (p> .05) between groups from the same grade,
so subsamples A and B are balanced and can be subsequently
compared at a later stage (see Table VII).

After the five-week playing period, a primary analysis of the
results was conducted: The Student’s t-test was applied
between BCTt pretest and posttest score results, obtaining
overall better mean score results in the A and B subsamples
posttest (see Table VIII). Since p < .05, there is a statistical
significance in the difference between the pretest and posttest
scores in nearly every A and B subsample, compared to results
obtained between pre- and posttest on C subsample (control
group) in which there was no significant score gain (p > .05).
These results lead us to conclude that effective learning
occurred due to the playing period, considering global scores
from each student both in individual and collaborative modes;
however, in the fifth grade collaborative mode (B3

subsample), no significant gain was observed (p ¼ .878 >
.05). This was expected since the pretest results in this sub-
sample were already high, leaving little room for improvement
and, besides, students overall played less time in the collabora-
tive mode; however, an alternative hypothesis is that older stu-
dents take less advantage of collaborative mode than younger
ones. Furthermore, the effect size was large (Cohen’s d > 0.8)
in lower grades and medium in higher grades (Cohen’s d >
0.5), perhaps due to BCTt lower reliability in older students,
except B3 subsample, which is a very favorable result, since
the total playing time was only 50 min per student (ten
minutes each week).
Score results in every grade were higher than expected, as a

ceiling effect was observed in higher grades (see Table IX), so
a second analysis was carried out, focusing exclusively on low
percentiles subjects in every experimental subsample (calcu-
lated from pretest results). Results show very significant gains
between pretest and posttest scores when considering the first
quartiles: Q1 (see Table X), and Q2 (see Table XI), in all sub-
samples and play modes, considering a ¼ .01 (Student�s t test
between pretest and posttest individual mode scores Q1: grade
1, p ¼ .0065; grade 5, p ¼ .0015). The only exception was in
the fifth grade collaborative mode, in which there was no sig-
nificant gain considering a ¼ .01 (p ¼ .0248), but it was when
considering a ¼ .05. Similar results were obtained in quartile
Q2, which shows significant results between the pretest and
posttest scores in all subsamples, considering a ¼ .01
(Student�s t test between pretest and posttest individual mode
scores: grade 1, p ¼ .0042; grade 5, p ¼ .0007), except, again,
in fifth grade collaborative mode (p ¼ .447).
Furthermore, a third comparison was made, this time split-

ting BCTt items on computational concepts and counting how
many students correctly answered the items in each set (i.e., if
the subsample is n ¼ 23, 21 points score in a set means that 21
of the 23 students answered it correctly).

TABLE IV
PRIMARY SCHOOL EDUCATIONAL STAGE IN EACH SCHOOL

TABLE V
NUMBER OF STUDENTS (N) IN EACH SUBSAMPLE DIVISION

TABLE VI
SUBSAMPLES CONSIDERED AND INSTRUMENT USED AT DIFFERENT

TIME POINTS IN RESEARCH (BY WEEKS)

TABLE VII
STUDENT�S T-TEST RESULTS OF BCTT PRETEST SCORE

IN A AND B SUBSAMPLES, BY GRADES
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This new score, which is related to each computational con-
cept, shows interesting results, since items have increasing dif-
ficulty and higher gains on the score are expected on the most
difficult sets. In fact, this trend was confirmed empirically.
There was a Student’s t-test significant gain on the last four
sets considering a ¼ .01 in every experimental subsample, so
effective learning takes place particularly in relation to more
difficult BCTt items. Fig. 4 shows BCTt score gains (score dif-
ference between pretest and posttest—for example, for level
six, A1 subsample score mean was 11.90 in the pretest and
18.20 in the posttest, so the score gain was 6.30) for each
computational concept set (A subsamples): there was a posi-
tive correlation between item difficulty and the score gain

observed (coefficient of determination: A1: R2 ¼ .90; A2: R2
¼ .88; A3: R2 ¼ .69). Fig. 4 also shows that there are greater
score increases for every computational concept in lower
school grades (A1) and that this decreases proportionally in
higher grades (A2, A3).

It was observed that considerably shorter times were needed
to perform the BCTt posttest than to perform the pretest; indeed,
the times were halved in all the experimental subsamples. This
result is consistent with the improvement of CT skills, particu-
larly automatization [21].

Finally, the results obtained from the third administration of
the BCTt (see Table VI) were analyzed, to check aspects
related to the retention of what was presumably learned (see

TABLE VIII
COMPARISON BETWEEN PRETEST AND POSTTEST SCORE RESULTS BETWEEN DIFFERENT PLAY MODE SUBSAMPLES (STUDENT’S T-TEST)

TABLE IX
PERCENTILES BY GRADE

TABLE X
COMPARISON BETWEEN PRETEST AND POSTTEST SCORE RESULTS BETWEEN DIFFERENT PLAY MODE SUBSAMPLES (STUDENT’S T-TEST). Q1, PERCENTILE 25

ZAPATA-C�ACERES et al.: COLLABORATIVE GAME-BASED ENVIRONMENT AND ASSESSMENT TOOL FOR LEARNING COMPUTATIONAL THINKING IN... 583

Authorized licensed use limited to: Universitas Brawijaya. Downloaded on August 19,2022 at 02:19:06 UTC from IEEE Xplore.  Restrictions apply. 



Table XII). Pretest and retention test scores were compared to
see if, after a ten weeks’ inactivity time lapse, the learning pre-
viously acquired was maintained and still significant. Like-
wise, posttest and retention test scores were also compared, to
see if there had been any significant learning loss. Compari-
sons between the A and B subsamples pretest and retention
test shows significant score gains (a ¼ .05) in all subsamples
despite the time-lapse, except in the B3 subsample, as was the
case between pretest and posttest scores (Student�s t-test
between pretest and retention test scores: A1, p ¼ .042; A2, p
¼ .011; A3, p ¼ .043; B1, p ¼ .040; B2, p ¼ .000; B3, p ¼
.889). The effect sizes (Cohen’s d) between pretest and reten-
tion test in all grades (except B3 subsample) where in the
Hattie’s (2009) zone of desired effects (d > 0.4); moreover,
the effect sizes in lower grades collaborative subsamples (B1:
d ¼ 0.694; B2: d ¼ 0.700) were larger than those in individual
subsamples (A1: d ¼ 0.548; A2: d ¼ 0.555). These results
reflect the retention of what had been learnt in all groups,
especially in collaborative subsamples, even though there was
cumulative fatigue since the retention test was performed at
the end of the school year.

Additionally, comparisons between posttest and retention
test in A and B subsamples (see Table XII) show no significant
learning loss (considering a ¼ .05) in any of the subsamples
(Student�s t test between posttest and retention test scores: A1,
p ¼ .376; A2, p ¼ .278; A3, p ¼ .715; B1, p ¼ .667; B2, p ¼
.817; B3, p ¼ 1). It must be stressed that there was less score
loss between posttest and retention-test in all B subsamples
than there was in A subsamples, as well as lower effect sizes,

particularly in lower grades and low percentiles. This leads us
to conclude that the collaborative play mode fosters more
effective, enduring learning as was expected [55], although
the initial pretest and posttest results might appear to be
accompanied by lower score increases when compared to the
individual mode.
When analyzing the low percentile subsamples results, more

favorable outcomes were observed in all cases, considering
a ¼ .01, significant score gains between pretest and retention
test despite the time-lapse, which was even more significant in
the collaborative mode subsamples (e.g., the difference
between the B3 Q2 percentile subsample pretest and retention
test was p ¼ .0093, despite it being the worst case before); and
there was no significant loss (considering a ¼ .05) between the
posttest and the retention test. These results lead us to conclude
that low percentile population and younger students benefit
even more greatly from the learning tool, and especially from
the collaborative playing mode.

B. Blue Ant Code

A preliminary analysis of data collected from BAC was
conducted while students were playing. First, regardless of
play mode or game level, the average time needed to solve the
problem (in collaborative mode, the time the student has taken
to solve the problem) throughout the playing period was ana-
lyzed for each subsample. As Fig. 5 shows, there is a negative
correlation in all subsamples between the number of games
played and the average time spent solving the problem (coeffi-
cient of determination: A1, B1: R2 ¼ .935; A2, B2: R2 ¼
.897; A3, B3: R2 ¼ .937).
Likewise, the average time spent solving each level among

school grades was compared throughout the playing period. In
Fig. 6, A1 and B1 subsamples are compared to A3 and B3 sub-
samples by average time spent, in seconds, to solve the prob-
lem at each level at two time-points: time 1 (earliest time-
point, the first day of the playing period), and end of time 1
(last time-point, after a five-weeks playing period) (see
Table VI). These results lead us to conclude that effective
learning took place progressively throughout the game period.
It must be particularly pointed out that in the A1 and B1 sub-
samples (1st school grade), at time 1, students took longer to
solve the problem, at all levels, than students in subsamples
A3 and B3; but, at the end of time 1, when the playing period

TABLE XI
COMPARISON BETWEEN PRETEST AND POSTTEST SCORE RESULTS BETWEEN DIFFERENT PLAY MODE SUBSAMPLES (STUDENT’S T-TEST). Q2, PERCENTILE 50

Fig. 4. BCTt score gain (ordinate axis: posttest score minus pretest score) by
computational concept item set. Comparison between A subsamples (individ-
ual play mode).
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ended, the subjects of subsamples A1 and B1 were able to
solve the problems in nearly the same time as students in sub-
samples A3 and B3. Indeed, at some levels they even needed
less time. This result is consistent with BCTt results, where
much larger improvements were observed in younger students.
It could also be added that the computational skills of first
grade students are similar or even better (regarding certain
concepts) than those of older students.

C. Questionnaires and Direct Observation

In order to assess 3-D framework computational perspec-
tives (see Fig. 2), questionnaires were administered, and quali-
tative data were collected via direct observation while the
students were playing. Computational perspectives entail stu-
dents developing understandings of themselves and their rela-
tionships with others and the technological world. Thus, peer
review can enhance the CT computational practices and per-
spectives, as Hsu et al. [1] suggested and is also confirmed by
this article.

Data from the questionnaires show that the participating
schools are moderately involved with computers and tech-
nology. Although there are digital blackboards in each
classroom as well as a computer rooms, learning to pro-
gram is not considered as a subject for the primary school
setting. Moreover, primary school teachers report very low
levels of computer proficiency (16.7%), low (16.7%), or
medium levels (66.7%). Nevertheless, 100% believe that
learning to program for coping with the demands of the
future is either of very high (33.3%) or high importance
(66.7%). Regardless of previous experience with games
(76.6% of the students have played before), programming
applications (83.7% of the students did not know any, and
83% have never programmed), or digital devices (95.5% of
the students use a digital device on a regular basis); 70.2%
of the students consider it important to learn programming

TABLE XII
COMPARISON BETWEEN PRETEST/RETENTION-TEST AND POSTTEST/RETENTION-TEST SCORE RESULTS BETWEEN DIFFERENT PLAY MODE SUBSAMPLES

Fig. 5. Average time spent in seconds (ordinate axis) to solve the problem
for each game played: 1 the first game played (abscissa axis), by subsamples.

Fig. 6. Average time spent in seconds (ordinate axis) to solve the problem by
computational concept (abscissa axis), in two time-points (time 1: first day of
the playing period; end of time 1: after 5-weeks playing period).
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and 52.2% think videogames could help them to learn
this skill.

Strong motivation and interest to play with BAC were
observed from the beginning, and lasted throughout the whole
experience, regardless of the play mode. This is consistent
with the questionnaires results, where 100% of the participants
in every sample group enjoyed the experience and wanted to
continue learning with game-based environments. Teachers
also reported a positive and enjoyable for the students and
thought that students did indeed learn with BAC (83.3%).

Regarding outputs coming from direct observation, BAC
level 4 (nested loop) was the one in which, at time 1, students
reported most problems in finding solutions, consistent with
quantitative data indicating that it was the level for which stu-
dents needed more time (see Fig. 6). While some lower grade
students tried to avoid level 4 and others perceived it as a chal-
lenge and tried to overcome it; the higher grades students pre-
ferred to play challenging levels. Nevertheless, at the end of
time 1, the times needed for level 4 were significantly reduced
by one-third. It was found that environment game elements
such as clear objectives, complexity, challenges, competition,
or scaffolding were balanced and improved engagement, since
students chose a higher level if they overcame the previous
one, and a lower level if they could not solve the problem. In
higher grades, more interest was shown in the scoring system
as a motivating game element with students trying to beat their
peers’ or their own score throughout the game time.

Preference for the collaborative game mode was observed
in all samples, as 100% of the students reported a preference
for this play mode. The understanding and dynamics between
peers were very positive, despite their lack of familiarity with
game-based learning strategies. The hypotheses that students,
regardless of their role, learn from each other and that it is not
a competitive but a collaborative game since they both interact
and help each other was confirmed. Most of the students pre-
ferred the problem-solving role. In higher grades, students set-
ting the problems tried harder to make the challenges more
difficult for their classmates.

All students, regardless of the play mode, reflect while play-
ing. In individual mode, they think aloud, and in the collabora-
tive mode they also discuss possible challenges and solutions
with their partner. In the end, students reflect on the finished
game; for example, the one solving the challenge typically
advises the classmate on how he or she could made it more
complex. Moreover, most students report reflecting on future
games—for example, thinking about how to set a more diffi-
cult challenge or solve a specific puzzle next time. This need
to review and think about their peers’ programming process
was found to encourage the review of their own learning per-
formance, thereby engaging the students into thinking-doing,
as Søndergaard and Mulder [78] concluded in their study. As
Lye and Koh [32] suggested, peer review can enhance the
computational practices and perspectives dimensions of CT.

In all experimental samples, students with special needs
(8.3% of the participants), low academic results (15.1% of the
participants), or low percentile according to pretest BCTt
results, showed a great interest in the game and motivation to
overcome the challenges. Additionally, these students demon-
strated very significant improvements in the quantitative BCTt

pre-post test results (see Section IV-A). These results are con-
sistent with those obtained by Snodgrass et al. [79], who con-
clude that students with special needs can train their CT skills
using visual programming environments. For example, a stu-
dent with dyscalculia and dyslexia (B2 subsample) who had
not achieved good results in the BCTt pretest was able to over-
come the challenges in BAC in considerably shorter time than
the B2 average. Indeed, she significantly improved her perfor-
mance in the BCTt posttest and also showed a noticeable
improvement in her self-esteem, being surprised at her ability
to solve the challenges better than her peers with higher school
performance, in line with research by Laal and Ghodsi [55].

V. CONCLUSION

Learning and assessing CT in schools is still in an experi-
mental stage, especially at early ages. Most recent research
focuses on the middle/high school stages and on computational
concepts 3-D framework dimension; however, there is not
enough research on early ages and the two other dimensions: 1)
computational practices; and 2) computational perspectives
[32]. In this article, three of the most used learning strategies
have been combined in a collaborative game-based environ-
ment, built upon a constructivist problem-based strategy that
has been tested on primary school. Results show that this
approach is suitable for CT learning, especially so for early
ages, under the 3-D framework, covering its three key dimen-
sions (see Fig. 1).
The combination of different assessment methodologies, as

a system of assessments [72]: BCTt, data-driven analytics,
direct observation, and questionnaires, allows for a 3-D
assessment (see Fig. 2). Specifically, BCTt assesses computa-
tional concepts and, partially, computational practices. Data
driven analytics seem suitable for assessing computational
concepts and practices and, partially, computational perspec-
tives. Questionnaires and direct observation, especially in the
collaborative play mode, cover the computational perspectives
assessment. Furthermore, the CT assessment through internal
analytics in game-based collaborative learning environments
has been proved to be aligned with flow theory, since learning
through gameplay can continue fluidly while assessments are
unobtrusively handled maintaining the flow throughout.
The pre and post BCTt score gain was significant in the A1,

B1, A2, B2, and A3 subsamples (see Table VIII) while the
time spent performing the test was halved, suggesting that stu-
dents had improved their CT skills after the playing period, in
contrast with the control sample, which showed no significant
gain or time reduction. These results were consistent with
BAC data-driven analytics, which showed a very significant
improvement over time. The similar results obtained from
BCTt and BAC from each student and sample, reveal data-
driven analytics as an adequate assessment tool which, in
addition, can offer real-time data that may be useful for
detailed personal assessment, strong low-level data analysis
and the identification of unachievable computational concepts
for each specific age in future research. Positive results were
obtained from the retention test, suggesting that this game-
based methodology fosters enduring learning. Nevertheless,
BCTt and BAC seem to be better adapted to younger students
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since bigger improvements in CT skills were made in the
lower grade samples and no significant gain was observed in
the B3 subsample (which was to be expected, since in higher
grades some subjects reached the maximum score in the pre-
test leaving little room for improvement). As the research is
aimed at early ages, this unfavorable outcome was expected,
and we surmise BCTt and BAC may be suitable for even
lower grades.

Furthermore, an unexpected and relevant outcome was
found, as much larger improvements both in BCTt and BAC
were observed in younger students as compared to older ones.
Even though a significant gain was observed in most difficult
concepts in every subsample, there is more overall score gain,
in every computational concept, in lower school grades (A1)
and proportional decreases in higher grades (A2, A3) (see
Fig. 4). Furthermore, the first grade students’ CT skills were
similar or even better regarding certain concepts such as nested
loops) than those of older students after the playing period.
This leads us to suggest teaching CT skills from earlier ages
and incorporate certain concepts, such as nested loops or condi-
tionals, into the curriculum as early as first grade or even ear-
lier, rather than waiting until the last stage of primary school
(or even secondary), as it is currently the case in most schools
in Spain. However, further research is needed due to possible
bias in the selection of schools for each educational stage.

This article has shown that special-needs or low-percentile
students in every sample benefit even more from the learning
tool, and especially the collaborative playing mode, since very
significant gains were achieved in these subsamples (consider-
ing a ¼ .01). Additionally, these students showed great interest
in BAC and motivation to overcome the challenges. This leads
us to conclude that game-based strategy and visual program-
ming environments are suitable and engaging for these students,
which is consistent with research by Snodgrass et al. [79].

It was confirmed via direct observation that all students
reflect while playing in both playing modes, especially in the
collaborative one. Reflection and peer collaborative playing
encourage learning performance and engage students with
thinking-doing; thus, peer review can enhance the CT compu-
tational practices and perspectives dimensions as Lye and Koh
suggested [32]. The learning retention results were better in
the collaborative mode than in the individual mode, particu-
larly in lower grades, which leads us to the conclusion that the
collaborative play mode fosters more effective and enduring
learning (although from initial pretest and posttest results it
would appear to result in lower score increases when com-
pared to the individual mode). These results are in line with
research done by Laal and Ghodsi [52], where they conclude
that collaborative learning results not only in higher achieve-
ment and greater productivity, more caring, supportive, and
committed relationships, but also in greater psychological
health, social competence, and self-esteem. Results are also
consistent with Johnson and Johnson [54], and Laal and Laal
[55] that suggest that cooperative teams retain information
longer than learners working as individuals.

Hainey et al. [53] systematic literature reviewed of research
on game-based learning, concludes that further studies compar-
ing single and collaborative strategies were needed to identify
their pedagogical benefits in primary school. Results obtained

in this article show that collaborative strategy benefits younger
students, fosters reflection through peer communication,
enhances computational perspectives (as it was suggested in
previous research), and more effective and enduring learning is
achieved. However, a collaborative strategy may not be as
effective for last primary school stages, as these students seem
to be capable of more efficient individual reflection. Further
research is needed to prove this hypothesis.

This article shows significant learning outcomes when using
game-based educational collaborative computer systems, par-
ticularly with low-percentile students, students with special
needs, and in early educational stages. Moreover, combining
game-based and collaborative learning strategies covers all
three CT dimensions. Computational perspectives can be
assessed with these systems, alongside with direct observation.
Thus, when designing CT educational game-based computer
systems targeted at first primary school stages, it is recom-
mended to include explicit collaborative strategies, always tak-
ing into account flow theory and game design elements for
younger students. When the environment is targeted at the final
primary school stages, it is recommended to complement them
with activities focused on individual reflection.

Finally, some limitations have been detected in this article.
It has been concluded that first and second grade students ben-
efit more from the learning strategy than older students do, but
additional research on third grade students may be necessary
to determine precisely at what age students are more likely to
take advantage of these types of strategies. Further research
must focus on the preschool educational stage since the lower
age limit has not been established. Additionally, it would be
advisable to replicate the study including control groups in
every grade. Since this study reveals high benefit for students
with special needs, further research on this aspect of the topic
may also be desirable. The use of an assessment system is
intended to cover the three computational dimensions, but fur-
ther analysis is needed to identify exactly, which computa-
tional practices and perspectives had been addressed. In
addition, it would be enlightening to replicate the study in
other countries and populations.
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