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ABSTRACT

Several studies have reported that adaptivity and personalization in educational computer games facilitate
reaching their full educational potential. However, there is little effort to develop adaptive educational computer
games for promoting students’ computational thinking (CT). In this study, an adaptive computer game is
introduced, called AutoThinking, that not only promotes both CT skills and conceptual knowledge, but also
provides adaptivity in both game-play and learning processes. To evaluate the possible effects of the game, an
experimental study was carried out with 79 students in an elementary school in Estonia. AutoThinking and a
conventional technology-enhanced learning approach were used for teaching CT to the experimental and control
group, respectively. Our results reveal that AutoThinking improved students’ CT skills and conceptual knowledge
better than the conventional approach. It was also found that students with a low and high level of prior
knowledge made higher improvement in knowledge gain using the adaptive game compared to the traditional
approach, especially those students with lower prior knowledge. Finally, our findings show that the adaptive
game could also improve students’ learning attitude toward CT better than the conventional approach, especially

those students with higher prior learning attitudes.

1. Introduction

One of the main skills that future generations must develop is
Computational Thinking (CT). CT, a cutting-edge term defined by Wing
(2006), is regarded as a cognitive ability that enables people to develop
computational solutions for a current problem by applying computer
sciences’ reasoning processes. Application of CT has gone even beyond
STEM (science, technology, engineering, and mathematics) domains,
and according to several research, CT plays crucial roles in other disci-
plines as well, for example, medicine, digital humanities, computational
finance, archaeology, economics, and so forth (National Research
Council, 2010; Selby & Woollard, 2013; Wing, 2014). Multiple studies
have reported that CT’s integration into curricula would benefit both
cognitive and non-cognitive aspects of learning (e.g., Brown, Sentance,
Crick, & Humphreys, 2014, pp. 1-22; Haddad & Kalaani, 2015; Malva,
Hooshyar, Yang, & Pedaste, 2020; Repenning et al., 2015, p. 11;
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Roman-Gonzalez, Pérez-Gonzalez, & Jiménez-Fernandez, 2017).
Therefore, several countries all over the world have made reformation of
educational programs on different educational levels in order to inte-
grate CT into their official curricula (e.g., Brown et al., 2014, pp. 1-22;
Carlborg, Tyren, Heath, & Eriksson, 2019; DR, 2018; Perkovi¢, Settle,
Hwang, & Jones, 2010; Wing, 2011).

These rapid changes have resulted in some challenges, however. For
instance, to keep up teachers with experience and knowledge within the
area, to develop suitable methods paired with learning materials, and to
properly manage limited resources to educate teachers in CT (Angeli &
Giannakos, 2020; Brown et al., 2014, pp. 1-22; Farnqvist, Heintz,
Lambrix, Mannila, & Wang, 2016). On the other hand, there are some
other challenges in fostering CT in educational practice, including lack
of motivation and opportunities to promote students’ CT. For example,
research conducted by Yardi and Bruckman (2007) reports that students
often show negative attitudes toward learning CT, which could result in
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impeding its proper development. Therefore, different approaches have
to be developed and applied to not only make CT more available and
engaging to learners, but also assist teachers in promoting students’ CT.
One prospective solution could be educational computer games.

Educational games, or game-based learning approaches, have gained
researchers’ attention as they have proven to be effective learning tools
that engage and motivate students, and also improve their learning
achievements (e.g., Hooshyar, Yousefi, Wang, & Lim, 2018; Pontes,
Duarte, & Pinheiro, 2020; Zumbach, Rammerstorfer, & Deibl, 2020).
Even though there exist several educational games aimed at promoting
students’ CT, to a large extent, they ignore fostering CT skills. Instead,
they mostly support reinforcing CT’s conceptual knowledge and stu-
dents’ motivation (e.g., Hooshyar et al., 2019; Kazimoglu, Kiernan,
Bacon, & Mackinnon, 2012a; Kuruvada, Asamoah, Dalal, & Kak, 2010;
Zhao & Shute, 2019). On the other hand, even more importantly, the
existing CT games ignore providing adaptivity in the game. Despite
several calls from researchers and practitioners to focus more on
personalization and adaptation that would suit the individual needs of
the player, the existing CT games mainly follow predefined and rigid
computer-assisted instruction concepts. This could impede exploring
their full educational potential (e.g., Hooshyar, Yousefi, & Lim, 2018;
Kickmeier-Rust, Mattheiss, Steiner, & Albert, 2011; Ku, Hou, & Chen,
2016; Peirce, Conlan, & Wade, 2008).

Considering the importance and relevance of CT in society together
with the existing gap in CT game research, an adaptive educational
game was developed, called AutoThinking, for teaching CT (both
learning CT conceptual knowledge and skills), while engaging students
with individually tailored game-play (Hooshyar et al., 2019). To eval-
uate the effectiveness of the adaptive game compared to a conventional
technology-enhanced learning approach (i.e., a lesson using a Power-
Point presentation with Multimedia delivered by a teacher), an experi-
mental study on elementary school students was conducted. In line with
this aim, our research questions were designed as the following:

(1) Does the adaptive game improve students’ skills and conceptual
knowledge in CT better than the traditional technology-enhanced
learning approach?

(2) What is the effect of different learning approaches on CT
knowledge gain of the students with different prior knowledge?

(3) What is the effect of different learning approaches on the learning
attitude of the students with different prior learning attitudes?

The outline of this paper is as follows: Section 2 and 3 review the
related work and introduce the adaptive game, respectively. Section 4
describes the methodology, while Section 5 revolves around the results.
Section 6 provides the discussion and conclusions.

2. Related research

Although the motive behind the movement of computational
thinking (CT) can be traced back to several researchers during the past
half century—e.g., DiSessa, 2000; Papert, 1980, 1996; Wilensky,
2001—Wing (2006) for the first time employed the term “computational
thinking”. According to Wing’s definition (2014, para. 5), CT is “the
thought processes involved in formulating a problem and expressing its
solution(s) in such a way that a computer—human or machine—can
effectively carry out”. In other words, CT refers to characterization of the
thinking process of computer scientists while trying to solve a problem.
Wing (2006) argues that CT includes a set of competencies that alike
numeracy and literacy should be learned and acquired by every person
in early education.

Despite the long history of CT research, no solid consensus among
researchers has been reached about the definition of CT and what pro-
cesses or competencies it comprises (e.g., Angeli & Giannakos, 2020;
Angeli & Valanides, 2020; Guzdial, 2008). More information on over-
view of the emergence of CT definitions and skills has been given by
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Palts and Pedaste (2020). For example, Wing (2006) has defined six
main dimensions for CT, namely problem formulation, abstraction,
problem reformulation, problem decomposition, automation, and sys-
tematic testing. Furthermore, Denning (2009) argues that CT goes
beyond computer science and is about seven different views or cate-
gories, namely coordination, communication, computing, recollection,
design and assessment, and automation. Ater-Kranov, Bryant, Orr,
Wallace, and Zhang (2010) have explored the importance of different
computation thinking skills and concluded that the application of ab-
stractions to solve a problem, along with algorithmic thinking are the
key competencies of CT. Ater-Kranov et al. (2010), unlike Wing (2006),
found that since complex CT can also occur spontaneously, engineering
and mathematical thinking are not essential parts of CT. On the other
hand, according to a National Research Council report on CT’s scope,
multiple skills encompassing CT occur, including problem decomposi-
tion, parallelism, debugging, search strategy, and simulation (National
Research Council, 2010, p. 3). In another study, Brennan and Resnick
(2012) report that CT includes several concepts and skills (practices) of
which results in the development of CT knowledge. According to their
argument, CT skills include abstracting and modularizing, pattern
recognition, debugging, and simulation, whereas CT concepts include
sequences, loops, parallelism, events, conditionals, operators, and data.
Barr and Stephenson (2011) state that CT consists of several skills,
among them problem decomposition, data collection, data analysis, data
representation, simulation, automation, algorithms and procedures, and
parallelism. Although there exists a lack of consensus among researchers
on the different components of CT, there are four different skills and
three concepts that several studies agree on. The skills consist of prob-
lem solving or algorithmic thinking (including identifying and decom-
posing the problem), building algorithms (including creating efficient
and repeatable patterns), debugging, and simulation, while the concepts
are sequence, conditional logic, and loop logic. These skills and concepts
might have been defined differently by researchers, however, their
importance as core elements of CT is becoming ubiquitously accepted
one way or another (Brennan & Resnick, 2012; El Mawas, Hooshyar, &
Yang, 2020; Kazimoglu, Kiernan, Bacon, & MacKinnon, 2012b; Tsarava
et al., 2017; Wing, 2006; Zhao & Shute, 2019).

Another challenge, besides clarifying the definition and elements of
CT, that is worthy of mentioning is the misconception that programming
(or coding) and CT are identical. Even though multiple studies state that
programming is not a synonym for CT (e.g., Barr, Harrison, & Conery,
2011; Guzdial, 2008; Repenning, n.d.; National Research Council, 2010;
Repenning, Webb, & Ioannidou, 2010; Wing, 2006), yet many in-
structors think that these two are equal (e.g., Blum & Cortina, 2007). In
this regard, there exist several studies using learning environments or
games developed for early programming as a tool to teach CT (e.g., Wu’s
Castle (Eagle & Barnes, 2009), CodeCombat (Saines, Erickson, & Winter
2013), MiniColon (Ayman, Sharaf, Ahmed, & Abdennadher, 2018)).
According to many researchers, among them Hooshyar et al. (2019),
Grover and Pea (2013), and Zhao and Shute (2019), alignment of en-
vironments that are developed to teach programming (coding in
particular) is incomplete with CT. More specifically, alignment of such
tools might not be able to meet the need for fostering learners’ CT
competence. One reason is that while using these environments, learners
get distracted and overwhelmed by syntax of the programming lan-
guages presented to them in different forms, such as blocks. Instead of
using coding to teach CT, such environments should focus more on
solving a problem through meaningful conceptualization and activation
of thought processes (Yadav, Mayfield, Zhou, Hambrusch, & Korb, 2014,
pp.- 1-16). One way to do so is to offer mapping between problems and
their alternative solutions. More importantly, tools aimed at fostering
CT should provide learners with appropriate and context familiar
feedback during development of a solution for a given problem. We
consequently should differentiate between tools that teach program-
ming and coding, and those that systematically support fostering
learners’ CT competence.
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Fig. 1. Interface of AutoThinking.

One prospective method to promote CT is educational computer
games which have proven to be helpful learning tools that not only have
the potential to engage and motivate students, but also to improve their
learning achievements (e.g., Hwang, Chiu, & Chen, 2015; Sung &
Hwang, 2013; Vandercruysse et al., 2016; Vos et al., 2011). In the
literature, there are several learning environments that use coding in
order to teach CT to students, as computer programming and CT share
overlapping aspects in terms of cognitive skills. For example, Scratch
(Resnick et al., 2009), Snap! (Harvey & Monig, 2010), and Blockly
(Fraser, 2013) mostly use block-based and visual programming, or they
adapt game design principles in order to reduce the complexity associ-
ated with programming languages syntax. To do so, they mostly adapt
drag-and-drop interactions in order to offer simpler solutions than
writing syntax. Although such environments have shown success in
boosting learners’ motivation and learning achievement in early pro-
gramming, they suffer from some issues. On one hand, these environ-
ments, that are often called games for promoting CT, cannot be reckoned
as educational games as they lack several relevant elements of educa-
tional games, such as timely feedback, supporting engagement,
enhancing retention, and incentives (e.g., Kazimoglu, Kiernan, Bacon, &
MacKinnon, 2013; Kickmeier-Rust et al., 2011). On the other hand,
according to several studies, e.g., Brennan and Resnick (2012) and
Meerbaum-Salant, Armoni, and Ben-Ari (2011), they are incapable of
promoting a deeper level of learning. One reason is that the alignment of
these environments with CT skills is partial and incomplete, and learners
are not provided with enough opportunities to involve in conceptuali-
zation and basic taught processes of solving problems.

There are some other games that, by benefiting from different ele-
ments of educational games, support learning different skills, among
them CT (e.g., Weintrop & Wilensky, 2012). Basically, educational
games aimed at promoting CT use motivating contexts to engage players
in the process of developing solutions to a problem. These educational
games are capable of supporting more meaningful learning due to
different game elements, in contrast to block-based and visual pro-
gramming environments (e.g., Land, 2000). For example, Eagle and
Barnes (2009), Esper, Foster, Griswold, Herrera, and Snyder (2014), and
Ayman et al. (2018) developed Wu’s Castle, CodeSpell, and MiniColon
to teach early programming or supporting knowledge of CT, respec-
tively. There exist several studies reporting the positive impact of such
tools on learners’ programming skills and CT. Similar to most of the
other tools, however, these environments use programming languages
that are text-based which begs the substantial attention of learners to
syntax details (Zhao & Shute, 2019). Therefore, they are also not fully

aligned with CT. Besides, some of these environments fail to provide
learners with enough opportunities to develop CT skills as their main
focus is promotion of abstract and conceptual knowledge of CT
(Hooshyar et al., 2019; Kazimoglu et al., 2012a). To promote CT skills,
Kazimoglu, Kiernan, Bacon, and Mackinnon (2012) developed a game
and evaluation of their game showed that it can improve learners’
motivation, and could also be beneficial in improving learners’ CT skills.
Similarly, Zhao and Shute (2019) developed a video game for fostering
students’ CT, especially their CT skills. Evaluation of their game
revealed that playing the game for even less than 2 h significantly
improved the students’ CT skills, whereas no influence was found on
their attitudes toward CT. Moreover, there are some other educational
games that target promoting CT, for instance RoboBuilder (Weintrop &
Wilensky, 2012), LightBot (Gouws, Bradshaw, & Wentworth, 2013), and
games at Code.org. Studies reporting the effects of these games on
learners are preliminary or qualitative with small sample sizes, requiring
further investigations and experimentations (e.g., Giannakoulas &
Xinogalos, 2018; Weintrop & Wilensky, 2012).

Besides existing gaps highlighted so far, the educational games
aimed at fostering CT mainly tend to neglect adaptation and personal-
ization to individual needs. In other words, such games follow un-
adaptable and rigid computer-assisted instruction concepts, which could
impede exploring their full educational potential (e.g., Kickmeier-Rust
et al., 2011; Peirce et al., 2008; Xie, Chu, Hwang, & Wang, 2019). Even
though the application of educational games to CT have shown to be
effective, there is still some room for improvements in such games.

3. AutoThinking

AutoThinking] is an adaptive educational game developed for pro-
moting students’ skills and conceptual knowledge in CT (Hooshyar et al.,
2019). AutoThinking, to the best of our knowledge, is the first adaptive
educational game developed for fostering students’ CT that includes
adaptivity in both game-play and learning process. With the aim of
excluding syntactical errors that in return reduces the learners’ cogni-
tive load, AutoThinking uses icons rather than syntax of computer
programming languages (see Fig. 1).

In AutoThinking players need to develop different types of strategies
and solutions to complete three different levels (see Table 1). As the
player is in the role of a mouse, he/she needs to collect all cheese pieces

! http://www.autothinking.ut.ee/.
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Table 1

Description of the three different levels of AutoThinking.

CT concepts
targeted

CT skills targeted

Game features

Adaptivity

Cats eye
color

Cats

Moving big

cheese
(no.)

Big cheese

(total no.)

Level

(no.)

Debug
button

Function

bar

Simulation
button

Loop
button

Conditional
button

Arrow Run Help
buttons

Solution
bar

button

button

-Sequence

- Problem

no

green

2

Level

identification and
decomposition
- Problem

- Sequence

Blue

2

Level

- Conditional
- Loop

identification and
decomposition

- Simulation

- Problem

- Sequence

Yes

green
and

4

Level

- Conditional
- Loop

identification and
decomposition

blue

- Building algorithms

- Debugging
- Simulation
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and score as much as possible, and at the same time escape from two cats
in the maze. Players can develop up to 20 solutions for clearing all 76
cheese pieces in the maze. During the game-play, the player receives
more points for solutions that involve various CT concepts or skills, and
travelling non-empty tiles. Note that AutoThinking offers different op-
tions to players so as to develop different solutions for the current state
of the maze. For instance, the game is featured with a “function” bar
allowing players to save various patterns and solutions, and if necessary
apply or generalize in different situations of the game (see Fig. 1). Before
running their solution, players should thoughtfully consider the move-
ments of the cats as they are prone to create risky situations. More
explicitly, one cat moves intelligently as many tiles as traveled by the
mouse, whereas the other cat moves randomly with iteration through
the maze the same amount of tiles as the number of commands used in
the “solution bar” by the player. The game provides players with various
types of feedback (textual, graphical, or video) and hints, if necessary,
based on the suitability of the solution for the current state of the maze.

In a unique way, AutoThinking promotes four CT skills, and three CT
concepts (for more details, see Hooshyar et al., 2019). The connection
between activities in the game and different skills and concepts of CT are
listed in Table 2.

3.1. Adaptivity in AutoThinking

After the player executes a solution, the game data is inputted to the
Bayesian Network (BN) algorithm which has been developed by experts
in the field (for more details, see Hooshyar et al., 2019). Accordingly, the
BN decides which algorithm the cat should follow for the current solu-
tion of the player and, if necessary, what kind of feedback or hint should
be provided to the player.

3.1.1. Adaptivity in game-play

According to the quality of the developed solution by the player,
during game-play, one of the cats moves intelligently, while the other
one still behaves randomly. For the intelligent cat, the game takes into
account three different condition at the same time: whether the solution
is risky in terms of the mouse getting caught by cats, whether it has the
potential to gain a good score, and whether player use proper CT skills or
concepts in their solution for current state of the maze. Accordingly, the
probabilistic-based decision-making technique used in the game, BN,
automatically assesses players’ skills and controls the cat movements in
four different ways: 1) regulates the cat to move randomly without
iteration through the maze, 2) regulates the cat to move provocatively
by going close to the mouse (up to one tile away), not to catch it, and
come back, 3) regulates the cat to move aggressively aimed at catching
the mouse (by finding the shortest distance from the mouse), and 4)
regulates the cat not to get closer than six tiles away from the mouse. To
switch between the four algorithms, the cat takes into account both the
short and long term solutions of the player (considering both the current
and previous solution developed by the player). The other cat, however,
still behaves randomly with repetition based on the number of com-
mands placed in the solution bar. This makes AutoThinking an inter-
esting and unpredictable game that always provides the player with a
new situation that might not have occurred to previous players.

3.1.2. Adaptivity in learning

The game provides players with timely textual, graphical, or video
feedback about CT concepts and skills, that are embedded in the game-
play, based on the current state of the maze and the player’s skill level
(long- and short-term). To enable players to improve their solutions, the
game also highlights some of the game features or buttons as hints (see
Fig. 2).

Adaptivity in learning is provided by the game in two different
phases, before or after running the solution. The player can directly
“run” the solution without using the debug button, resulting in timely
adaptive feedback or hints, after running the game, which would help
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Table 2

Game activities and features related to CT skills and concepts.

Game feature

Game activity

Category

function bar”, and different buttons in Table 2 are designed to let players develop solutions,

B

The “solution bar

Helping the mouse to collect all cheese pieces and score as much as

possible, and at the same time escape from cats in the maze.

Problem identification and

CT SKILLS

using sequence of proper actions, and generalizable patterns where they can be used in different situations of the

game.
Using “functions bar” different rules/strategies can be generalized or The “solution bar”, “function bar”, and different buttons in Table 2 are designed to let players develop solutions,

re-used multiple times.

decomposition (algorithmic

thinking)

Building algorithms (creating

using sequence of proper actions, and generalizable patterns where they can be used in different situations of the

game.
Using “debug” button the current solution algorithm can be debugged/ The “debug” button give players chance to monitor the solution and possibly identify any errors in its logic.
g g g 88! g give play p y y any g

monitored.

efficient and repeatable patterns)

Debugging

The “simulation” button let players simulate their solution before actually running it to observe the outcome of

Using “simulation” button players can practice run-time mode.

Simulation

their solution regardless of intervention of other variables in the game, such as the cats’ movements and cheese

pieces.

Using different buttons (arrows, loop, conditional) players can create The “solution bar

sequence of proper actions and see the execution after executing.

function bar”, and different buttons in Table 2 are designed to let players develop solutions,

B

Sequence

CT CONCEPTS

using sequence of proper actions, and generalizable patterns where they can be used in different situations of the

game.

The “conditional” button let players decide based on certain conditions that support the result of multiple

Using “conditional” button players can decide based on specific

Conditional

conditions, i.e., If there are junctions, stop at junction N, else continue outcomes.

going.

Using “loop” buttons players can keep repeating the same sequence N The “loop” button let players run the same sequence of actions multiple times.

times, practicing loop logic.

Loop
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the player to know about the shortcomings and mistakes in previous
solutions and possible ways to overcome them. Such adaptivity which
aims to promote several CT skills and concepts individually supports
learners in developing the most optimum solution for the problem in
hand. On the other hand, players can utilize the “debug” button to
similarly activate the decision-making technique and receive the esti-
mation of the suitability of their solution. This way players are given a
chance to, if necessary, change and improve their solution to have a
more optimum solution.

4. Research design
4.1. Participants and experimental process

Participants of this experimentation were elementary school stu-
dents in Estonia, aged 11 and 12 years old (fifth grade). Two classes of
students (16 girls and 20 boys) were randomly assigned to the experi-
mental group where adaptive game was used as the learning approach,
while the other two classes (20 girls and 23 boys) were assigned to the
control group using a traditional technology-enhanced learning
approach (i.e., a lesson using a PowerPoint presentation with Multi-
media delivered by a teacher) to learn CT. A typical class size of an
elementary school in Estonia usually varies from 15 to 25 students,
which was also the case of this study. In order to prevent possible in-
fluence of different teachers on the outcome of this study, all lessons
were conducted by the same teacher. Students were informed that
participation in this experimentation is not mandatory and would have
no influence on their final grades. Ethical approval from the ethical
committee of (removed for blind review) (issue date: November 18,
2019; Application Registration Number: 298/T-7) was obtained to carry
out this study. All students and their parents have signed consent forms
to participate in our study before starting the experiment.

Our experiment started with 30-45 min of answering the pre-test for
measuring CT knowledge (including both conceptual knowledge and
skills) and a pre-questionnaire measuring students’ attitude towards
learning CT. Afterward, both groups of students participated in 60-75
min of learning sessions using different learning approaches. The con-
trol group learned CT skills and conceptual knowledge from a teacher
using a PowerPoint presentation with Multimedia, whereas the experi-
mental group used AutoThinking for learning the CT skills and concepts.
For both groups, the CT skills and concepts covered during the learning
activity were identical. More explicitly, the students learned about
sequence, loop, and conditional concepts, as well as algorithmic
thinking, pattern recognition, debugging, and simulation skills. For the
control group, CT content was presented by a teacher and supported
with class discussions and multimedia examples. Experimental group,
on the other hand, used all three levels of the AutoThinking game for
learning CT content, while the teacher had an assistive role (e.g.,
providing technical help and basic instructions of the game). Lastly,
once the learning activity was finished, the post-test and learning atti-
tude questionnaire were answered by students (30-45 min).

4.2. Instrument and data collection

Instruments used in this study include a pre- and post-test, and pre-
and post-questionnaire of learning attitude. The main aim of the pre-
and post-test was to examine students’ CT knowledge (including con-
cepts and skills) before and after the experiment. These tests included
nine multiple-choice items and one fill-in-the-blank item. The pre- and
post-test items were adapted from a validated instrument for assessing
CT developed by Gonzdlez (2015), and were augmented and examined
by two experienced teachers and researchers with over 5 years of
experience in teaching and researching CT and computer science cour-
ses. In order to find out which skills and concepts have the highest in-
fluence on the results, three groups of items for both skills and concepts
were created (see Tables 3 and 4).
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Fig. 2. (a) A solution developed by a player, and (b) debugging of the developed solution (feedback and hints).

Table 3
Skills targeted in three categories of items.
Skills Number CT skills targeted
f it
group of ttems Algorithmic Pattern Debugging  Simulation
thinking recognition
4-skill 3 v v v v
3-skill 3 v v v
2-skill 4 v v
Table 4

Concepts targeted in three categories of items.

Concepts group ~ Number of items ~ CT concepts targeted

Sequence  Conditional logic ~ Loop logic

3-concept 2 v v v
2-concept 5 v v
1-concept 3 v

As shown in Table 3, there were three items targeting all four skills
simultaneously, three items targeting three skills at the same time, and
four items targeting two skills. As seen from the table, algorithmic
thinking (including identifying and decomposing the problem) and
simulation are the skills that are part of every single item. In Fig. 3a, an
item is presented where all the four CT skills are simultaneously targeted
(problem identification and decomposition, pattern recognition, simu-
lation, and debugging).

With regard to the CT concepts, shown in Table 4, there were two
items targeting all three concepts simultaneously, two items targeting
two concepts at the same time, and three items targeting only one
concept. The sequence concept is covered in all of the items. In Fig. 3b,
an item is presented where all the three CT concepts are simultaneously
targeted (sequence, conditional logic, and loop logic).

A validated questionnaire of learning attitude, adapted from Hwang
and Chang (2011), was used for both pre- and post-questionnaires. The
questionnaire included five items that had to be answered on a 5-point
Likert scale (1 - fully disagree; 5 — fully agree). “It is worth learning
things about computational thinking” and “I would like to learn more
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The instruction should take the boat to island using the light blue area (the boat CANNOT move to
dark blue zone). In which step of instructions there is a mistake that its modification would help the
boat to get to the island?

"
A

e
B

(a)

Choose the result of executing the given command. Do not forget that the goal is to get the boat on
the island and you cannot move the boat out to the dark blue zone.

If you are on second % sTOP
Otherwise: continue going

A

(b)

Fig. 3. Two examples from pre- and post-test: (a) an item where all four CT skills are targeted, and (b) an item where all three CT concepts are targeted.

Table 5 Table 6
Statistical description of different groups of students. ANCOVA analysis of overall CT knowledge.
Groups N Mean SD Source Sum of squares Df Mean square F Sig. Partial n?
Experimental 36 8.94 1.19 Group 7.50 1 7.50 6.20 .01* .07
Control 42 8.14 1.35 Error 90.70 75 1.20
*p < .05.
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about computational thinking” are two examples of items in this ques-
tionnaire. The value of Cronbach’s alpha for the questionnaire of
learning attitude is 0.77 and 0.81 for pre- and post-questionnaires,
respectively.

5. Results
5.1. Overall CT knowledge gain

To investigate the effectiveness of the AutoThinking game with re-
gard to enhancing students’ overall CT knowledge, the pre- and post-test
scores were used (all ten questions in the pre- and post-test). Due to
missing data, one student from the control group was excluded. More-
over, as suggested by Field (2009), a few existing outliers were identified
and replaced by the next-highest score plus one unit. Data from 78
students was analyzed using the one-way ANCOVA with the pre-test
scores, post-test scores, and the learning approach as covariate, depen-
dent, and independent variable, respectively. As there exist slight dif-
ferences between the pre-test scores of both groups in terms of mean and
standard deviation (experimental group: M = 8.11, SD = 1.59; control
group: M = 7.67, SD = 1.16) and such differences may still affect the
post-test performance, one-way ANCOVA was adopted. This would help
to obtain more precise statistical results to explain the CT knowledge
gain of students, as the pre-test scores were excluded. To do so, first the
basic assumptions of ANCOVA were checked. Accordingly, the regres-
sion coefficient indicated no significant interaction between the inde-
pendent variables and the covariate (F (1,74) = 3.30, p = .07).
Additionally, the result of Levene’s test was not found to be significant (F
(1,76) = 0.50, p = .48), indicating that between the groups there exists a
residual variance homogeneity, and therefore this study can employ the
ANCOVA test to identify differences among groups. Furthermore, a
Pearson correlation test was run on the pre-test and post-test for the
overall CT knowledge gain. The result shows that there is a significant
positive correlation between covariate and the dependent variable (r =
0.53; p = .000). According to the ANCOVA results, shown in Tables 5
and 6, both groups’ post-test scores were significantly different when the
effect of their pre-test scores were excluded, F (1,75) = 6.20, p = .01,
with a small effect size (Cohen, 1988). The mean and adjusted mean
scores of the control group were 8.14 and 8.22 (SE = 0.17), respectively,
whereas for the experimental group, the mean and adjusted mean scores
were 8.94 and 8.85 (SE = 0.18), respectively. This finding shows the
effectiveness of the AutoThinking game compared to the traditional
technology-enhanced learning approach in improving students’ overall
CT knowledge.

5.2. CT skill gain

To explore the possible effect of the AutoThinking game with regard
to enhancing students’ CT skills, items were divided into three groups
that targeted all four skills, three skills or two skills (see section in-
strument and data collection). To this end, data from 78 students was
analyzed (36 in the experimental and 42 in the control group) using
multivariate analysis of covariance (MANCOVA) with the learning
approach as independent variable, the 4-skill, 3-skill, and 2-skill items in
post-test scores as dependent variables and pre-test scores as covariate,
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respectively. The MANCOVA approach was selected to address alpha
error inflation. Before conducting the test, first the assumptions of
MANCOVA were checked, including homogeneity of regression and
homogeneity of variance-covariance matrices. For different types of
learning approach, the tests for homogeneity in the regression co-
efficients of the covariate were found to be non-significant, indicating
the appropriateness of the common regression coefficient for the
covariance portion of the analysis. The assumption of homogeneity of
variance was met for the 3-skill (F (1,76) = 0.48, p = .49) and 2-skill
items (F (1,76) = 1.81, p = .18), whereas for the 4-skill this assump-
tion was violated (F (1,76) = 11.59, p = .01). To correct the violation of
homogeneity, as recommended by Tabachnick, Fidell, and Ullman
(2007), a more stringent significance level was used in the analysis (i.e.
0.01). Furthermore, the assumption of homogeneity of
variance-covariance was found to be significant (Box’s M = 21.68, P <
.05), therefore, Pillai’s Trace was selected for interpretation of the re-
sults (Allen & Bennett, 2008). Finally, with regards to the correlation
between variables, as reported previously (see section 5.1), the cova-
riates and dependent variables were positively correlated at significance
level of 0.01.

According to the MANCOVA result, there were significant differences
between the experimental and control groups on the combined post-test
CT skill variables, after controlling for pre-tests: F (3, 72) = 4.74, p =
.00, Pillai’s Trace = 0.17, partial 12 = 0.17. The MANCOVA results for
each dependent variable are illustrated in Table 7. A separate exami-
nation of the results reveals that there are significant differences in
scores between both groups with regards to the 4-skill items (F (1, 74) =
6.78, p = .01, partial 1]2 = 0.08) and 3-skill items (F (1, 74) = 7.53,p =
.00, partial r]2 = 0.09). Nonetheless, for the 2-skill items, not significant
differences were found between groups, F (1, 74) = 1.41, p = .23, partial
nz = 0.02. For the combined dependent variables, an effect size of 0.17
was found. That is, 17% of the variance in the dependent variables was
explained by the independent variables. Furthermore, effect size for the
4-skill, 3-skill, and 2-skill items were 0.08, 0.09, and 0.02, respectively.
The effect size of the combined dependent variables and the variables
separately were small. In 4-skill items, both the mean and adjusted mean
score of the experimental group were 2.86 (SE = 0.08), and the mean
and adjusted mean score of the control group were 2.57 (SE = 0.07).
Furthermore, the mean and adjusted mean score for the experimental
group in 3-skill items were 2.50 and 2.48 (SE = 0.10), and for the control
group they were 2.09 and 2.10 (SE = 0.09), whereas for the experi-
mental group in 2-skill items the mean and adjusted mean were 3.77 and
3.76 (SE = 0.09), and for the control group in 2-skill items they were
3.59 and 3.60 (SE = 0.08). Even though in 2-skill items there were no
significant differences between the groups, the adjusted means of both
groups reveal that students in the experimental group show a higher
improvement than the control group. Regarding the 4- and 3-skill items,
the experimental group significantly outperformed the control group in
acquiring CT skills. Overall, these findings suggest the effectiveness of
the AutoThinking game compared to the traditional technology-
enhanced learning approach in improving students’ CT skills.

5.3. CT conceptual knowledge gain

To explore the possible effect of the AutoThinking game with regard

Table 7 Table 8
MANCOVA analysis of CT skills. MANCOVA analysis of CT conceptual knowledge.
Skill (items no)  Control Experimental F P Partial n? Concept (items no)  Control Experimental F P Partial n?
group group group group
Mean SD Mean SD Mean SD Mean SD
4-skill (3) 2.57 .63 2.86 .35 6.77 .01* .08 3-concept (2) 1.57 .50 1.83 .37 6.91 .01* .08
3-skill (3) 2.10 .69 2.48 .50 7.52 .00* .09 2-concept (5) 3.90 .98 4.27 .84 3.17 .07 .04
2-skill (4) 3.60 .62 3.76 .54 1.41 .23 .01 1-concept (3) 2.73 44 2.83 .37 91 .34 .01

*p <.01.

*p < .0L.



D. Hooshyar et al.

Table 9
Statistical description of students’ prior knowledge.
Learning approach Groups N Mean SD
Experimental Lower prior knowledge 12 8.41 1.08
Higher prior knowledge 24 9.33 .81
Control Lower prior knowledge 17 7.23 1.03
Higher prior knowledge 25 8.80 1.08

to enhancing students’ CT conceptual knowledge, from the ten pre- and
post-test items, items were divided into three groups that targeted all
three concepts, two concepts or one concept. To this end, data from 78
students were analyzed using MANCOVA with the learning approach as
independent variable, the 3-concept, 2-concept, and 1-concept items in
post-test scores as dependents and pre-test scores as covariate, respec-
tively. Before conducting the test, first the assumptions of MANCOVA
were checked, including homogeneity of regression and homogeneity of
variance-covariance matrices. For different types of learning approach,
the tests for homogeneity in the regression coefficients of the covariate
were found to be non-significant, indicating the appropriateness of the
common regression coefficient for the covariance portion of the analysis.
The assumption of homogeneity of variance was met for the 2-concept (F
(1,76) = 1.15, p = .29) and 1-concept items (F (1,76) = 3.81, p = .06),
whereas for the 3-concept this assumption was violated (F (1,76) =
22.93, p = .00). To correct the violation of homogeneity, a more strin-
gent significance level was used in the analysis (i.e. 0.01). Furthermore,
the assumption of homogeneity of variance-covariance was found to be
non-significant (Box’s M = 5.34, P > .05), therefore, Wilks’ Lambda was
selected for interpretation of the results. Finally, as reported previously,
the covariates and dependent variables were positively correlated at
significance level of 0.01.

According to the MANCOVA result, there was a significant difference
between the experimental and control groups on the combined post-test
CT conceptual knowledge variables, after controlling for pre-tests: F (3,
73) = 4.17, p = .00, Wilks’ Lambda = 0.85, partial n> = 0.15. The
MANCOVA results for each dependent variable are illustrated in Table 8.
A separate examination of the results reveals that there is a significant
difference in scores between both groups with regards to the 3-concept
items (F (1, 75) = 6.91, p = .01, partial n2 = 0.08). Nonetheless, for the
2- and 1-concept items, no significant differences were found between
groups (F (1, 75) = 3.17, p = .07, partial n2 = 0.04 for 2-concept and F
(1, 75) = 0.91, p = .34, partial 12 = 0.01 for 1-concept items). For the
combined dependent variables, an effect size of 0.15 was found. That is,
15% of the variance in the dependent variables was explained by the
independent variables. Both effect size of the combined dependent
variables and separate variables were at weak level. While, in 3-concept
items, both the mean and adjusted mean score of the experimental group
was 1.83 (SE = 0.07), the mean and adjusted mean score of the control
group were 1.57 and 1.56 (SE = 0.06), respectively. Furthermore, the
mean and adjusted mean score for the experimental group in 2-concept
items were 4.27 and 4.18 (SE = 0.15), and for the control group were
3.90 and 3.98 (SE = 0.14), respectively, whereas for the experimental
group in 1-concept items both the mean and adjusted mean were 2.83
(SE = 0.06) and for the control group in 1-concept items both were 2.74

Table 10
Two-way ANCOVA analysis of students’ prior knowledge and learning
approach.

Groups Sum of df Mean F Sig. Partial
squares square n?
Learning approaches 12.57 1 12.57 12.59 .00* .15
Prior knowledge 4.52 1 4.52 4.53 .03* .06
Learning approaches 2.29 1 2.29 2.30 .13 .03
x Prior knowledge
Error 72.84 73 .99

*p < .05.
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(SE = 0.06). Even though in 2-concept and 1-concept items there were
no significant differences between the groups, the adjusted means of
both groups reveal that students in the experimental group show a
higher improvement than the control group. With regards to the 3-
concept items, the experimental group significantly outperformed the
control group in acquiring CT skills. Overall, these findings suggest the
effectiveness of the AutoThinking game compared to the traditional
technology-enhanced learning approach in improving students’ CT
conceptual knowledge.

5.4. CT knowledge gain of students with different prior knowledge

To study the effectiveness of the learning approaches on CT knowl-
edge gain of students with different prior knowledge, students’ pre- and
post-test scores were used (all ten items in the pre- and post-test). Similar
to previous sections, data from 78 students, 36 in the experimental and
42 in the control group, was analyzed. According to Spyridakis and
Isakson (1991), students’ prior knowledge can affect how students
connect prior knowledge to new knowledge. First, according to the
mean score of the pre-test, students were divided in two groups: with
lower prior knowledge and higher prior knowledge (see Table 9). The
students whose result in pre-test was lower than the mean of pre-test
were grouped as lower prior knowledge, while those with higher
result than the mean were grouped as higher prior knowledge.

As there were slight (insignificant) differences between the pre-test
scores of both groups and prior knowledge level of the students, in
terms of mean and standard deviation, and such differences may still
affect the post-test performance, a two-way ANCOVA was adopted. This
would help to obtain more precise statistical data to explain the CT
knowledge gain of students, as the pre-test scores were excluded. The
ANCOVA used learning approaches and students’ prior knowledge
(lower and higher) as independent variables, and the posttest and pre-
test as the dependent variable and the covariate, respectively. Before
conducting the analysis, the basic assumptions of ANCOVA were
checked. Accordingly, the regression coefficient indicated no significant
interaction between the independent variables and the covariate (F
(2,70) = 0.75, p = .48). Additionally, the result of Levene’s test was not
found to be significant (F (3,74) = 1.01, p = .39), suggesting that be-
tween the groups there exists a residual variance homogeneity. As re-
ported before, the covariates and dependent variables were positively
correlated at significance level of 0.01.

The result of the two-way ANCOVA indicates, see Table 10, that
there was no significant interaction between the independent variables
of prior knowledge and learning approaches (F (1,73) = 2.30, p = .13).
According to Cohen’s (1988), the effect size for this non-significant
relationship was found to be small (nz = 0.03). Therefore, it would be
reasonable if the main effect of the dependent variables were evaluated
directly. According to the results, by excluding the pre-test scores,
different learning approaches have a significant effect on students’
post-test scores (F (1,73) = 12.59, p = .00). The adjusted mean of stu-
dents in the experimental and control group were 8.90 (SE = 0.18) and
8.06 (SE = 0.17), respectively. This implies that the adaptive game
improved students’ knowledge gain more than the conventional
technology-enhanced learning approach. Furthermore, there was a sig-
nificant difference on those of the students with different prior knowl-
edge (F (1,73) = 4.53, p = .03). Moreover, the adjusted mean of students
with lower and higher prior knowledge is 8.60 (SE = 0.39) and 9.20 (SE

Table 11
Statistical description of different groups of learning attitude.
Learning approach Groups N Mean SD
Experimental Lower prior learning attitude 12 3.70 47
Higher prior learning attitude 23 4.54 .32
Control Lower prior learning attitude 12 3.70 .24
Higher prior learning attitude 23 4.27 .35
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Table 12
Two-way ANCOVA analysis of students’ learning attitude.
Groups Sum of Df  Mean F Sig. Partial
squares square n?
Learning approaches .18 1 .18 1.68 .19 .03
Prior learning attitude .49 1 .49 472 .03* .07
Learning approaches .20 1 .20 1.88 .17 .02
x Prior learning
attitude
Error 6.74 65 .10
*p < .05.

= 0.28) for the group using the adaptive game, respectively, and 7.38
(SE = 0.32) and 8.73 (SE = 0.22) for the group that learned with the
conventional approach, respectively. While the effect size for these
significant relationships were found to be small (32 = 0.15 for learning
approaches and n2 = 0.06 for prior knowledge), further analysis
revealed that students with both higher and lower prior knowledge
showed higher improvement in knowledge gain using the adaptive game
compared to the traditional approach, with lower prior knowledge
students appeared to have benefited more than those with higher prior
knowledge.

5.5. Learning attitude

To study the effect of different learning approaches (the adaptive
educational game versus the conventional technology-enhanced
learning) and students prior learning attitude on their attitude toward
learning CT, data from the pre- and post-questionnaires collected from
both groups of students was used. Data from one student in the experi-
mental group and seven students in the control group were excluded as
they did not fully answer the questionnaires. Given the exclusion, data
from 70 students was used in the analysis (35 in experimental and 35 in
control group). First, according to the mean score of pre-questionnaires,
students were divided in two groups: with lower prior learning attitude
and higher prior learning attitude (see Table 11).

A two-way ANCOVA was employed with the pre- and post-
questionnaire of learning attitude as the covariate and the dependent
variable, respectively, along with learning approaches and prior
learning attitude (lower and higher) as independent variables. To this
end, the basic assumptions of ANCOVA were checked. Accordingly, the
regression coefficient indicated no significant interaction between the
independent variables and the covariate (F (1,63) = 1.66, p = .20).
Additionally, the result of Levene’s test was not found to be significant (F
(3,66) = 0.89, p = .44), indicating that between the groups there exists a
residual variance homogeneity. Moreover, Pearson correlation test on
the pre- and post-questionnaire indicated a significant positive correla-
tion between covariate and the dependent variable (r = 0.74; p = .000).

The result of the two-way ANCOVA indicates, see Table 12, that
there was no significant interaction between the independent variables,
prior learning attitude and learning approaches (F (1,65) = 1.88, p =
.17). The effect size for this non-significant relationship was found to be
small (n2 = 0.03). Therefore, it would be reasonable if the main effect of
the dependent variables were evaluated directly. According to the re-
sults, while different learning approaches have no significant effect on
students’ post-questionnaire ratings (F (1,65) = 1.68, p = .19), there is a
significant difference on students with different prior learning attitudes
(F(1,65) = 4.72, p = .03). Moreover, the adjusted mean of students with
lower and higher prior learning attitude is 3.97 (SE = 0.12) and 4.38 (SE
= 0.08) for the group using the adaptive game, respectively, and 3.97
(SE = 0.12) and 4.16 (SE = 0.07) for the group that learned with the
conventional approach, respectively. While the effect size for these re-
lationships were found to be small (n? = 0.02 for learning approaches
and 0% = 0.07 for prior learning attitude), further analysis revealed that
the adaptive game could improve the students’ learning attitude better
than the conventional approach. More specifically, the adaptive game
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could improve the learning attitude of students with higher prior
learning attitude more than the conventional approach, while students
with lower prior learning attitude of both experimental and control
groups showed similar improvement in learning attitude.

6. Discussion and conclusions

In this study, an adaptive educational game aimed at promoting
students’ CT knowledge was introduced (called AutoThinking). Unlike
most of the existing educational games, AutoThinking not only promotes
both CT skills and conceptual knowledge simultaneously, but also in-
cludes adaptivity in both game-play and learning process. To evaluate
the effectiveness of the adaptive game compared to a conventional
technology-enhanced learning approach (i.e., a lesson using a Power-
Point presentation with Multimedia delivered by a teacher), an experi-
mental study on elementary school students was conducted. More
specifically, it was investigated 1) whether the adaptive game improves
students’ skills and conceptual knowledge in CT better than the tradi-
tional approach, 2) the effect of different learning approaches (the
adaptive game and the traditional approach) on CT knowledge gain of
the students with different prior knowledge (low and high), and 3) the
effect of students different prior learning attitude (low and high) and
learning approaches on their learning attitude toward CT.

Our findings reveal that AutoThinking improved students’ CT skills
better than the conventional approach. That is, the experimental group
significantly outperformed the control group in acquiring all four CT
skills simultaneously (algorithmic thinking, pattern recognition,
debugging and simulation). More explicitly, this result indicates that
students who learned with the adaptive game could show a superior
performance in acquiring CT skills compared to the control group,
especially in pattern recognition and debugging skill. That is, the game
improved students’ ability to develop repeatable (and generalizable)
strategies, monitor their solution algorithm, and detect potential errors
in its logic. As it is apparent, the conventional technology-enhanced
learning approach could not trigger this skill and students in the con-
trol group mostly could not debug their solutions and find their possible
mistakes and errors in their logic (compared to the adaptive game). One
reason for this result is the individual support provided by the game.
Students could, in a timely manner and according to their level of skills,
receive feedback, hints, and learning materials, helping them to recog-
nize patterns and create re-useable strategies, as well as monitor their
solutions and detect CT-related mistakes in their logic during the game-
play. Besides, the adaptivity feature of the game during the game-play
could be one reason for the students’ retention, motivation, and success.

Similarly, our findings show that AutoThinking improved students’
conceptual knowledge of CT better than the conventional approach.
That is, the experimental group significantly outperformed the control
group in acquiring all three CT concepts together (sequence, conditional
logic, and loop logic). More explicitly, this result shows that students
who learned with the adaptive game could show a superior performance
in acquiring CT conceptual knowledge compared to the control group,
especially in conditional concept. That is, the game improved students’
ability in decision-making based on certain conditions that support the
result of multiple outcomes of their developed algorithms. As it is
apparent, the conventional technology-enhanced learning approach
could not trigger this concept properly and students in the control group
mostly appeared to not have improved enough (as good as the experi-
mental group) in conditional logic that allows them to automatically
make decisions based on a condition or action that occurred. One crucial
reason for this result is the individual support provided by the game.
Students could, in a timely manner and according to their level of
knowledge, receive feedback, hints, and learning materials related to
conditional logic which help them to find their mistakes in using con-
ditional logic (improving their decision-making ability based on
different conditions during the game-play). Even though it might not be
fully correct to compare our findings with previous research due to
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several reasons—e.g., different experimental design, sample size, and
the intervention type—our result generally is in line with findings from
previous studies on educational games aimed at developing students’ CT
(e.g., Eagle & Barnes, 2009; Horn et al., 2016; Zhao & Shute, 2019).
Needless to mention, this result is consistent with findings of previous
research on the positive effect of (adaptive) educational games in gen-
eral (e.g., Hooshyar et al., 2018a; Hwang, Sung, Hung, Huang, & Tsai,
2012; Shute, Rieber, & Van Eck, 2011; Sung & Hwang, 2013).

Although there are a few studies reporting the effectiveness of an
educational game by comparing educational games with traditional
technology-enhanced learning approaches for improving students’ CT,
multiple research studies have reported the effectiveness of educational
games in terms of developing students’ CT using a one-group pretest-
posttest design (e.g., Zhao & Shute, 2019). However, there has not been
an experimental study, to the best of our knowledge, reporting the
effectiveness of an educational game in terms of the learning achieve-
ment of students in CT (including both conceptual knowledge and
skills). While further research is required to find the main reason behind
the significant improvement in the CT knowledge (both skills and con-
cepts) of students who learned with AutoThinking, one probable reason
could be the adaptivity feature of the game that both during the
game-play and learning process supports individual needs. To this end,
several researchers have also reported that adaptivity and personaliza-
tion in educational games facilitate reaching their full educational po-
tential (e.g., Hooshyar et al., 2018a; Hwang, Kuo, Yin, & Chuang, 2010;
Kickmeier-Rust et al., 2011; Sampayo-Vargas, Cope, He, & Byrne, 2013).

With regard to the effect of different learning approaches on the CT
knowledge gain of the students with different prior knowledge level, our
findings show that while students with both higher and lower prior
knowledge showed improvement in knowledge gain using the adaptive
game compared to the traditional approach, students with lower prior
knowledge appeared to have benefited more than those with higher
prior knowledge. This result is consistent with findings of previous
research on the positive effect of game-based approaches on students
with low prior knowledge compared to conventional technology
enhanced-learning approaches in other fields, such as mathematics
(McLaren, Adams, Mayer, & Forlizzi, 2017).

Finally, concerning the effect of different learning approaches on the
learning attitude of the students with different prior learning attitudes,
our findings reveal that the adaptive game could improve the students’
learning attitude more than the conventional approach. More explicitly,
the adaptive game could improve the learning attitude of students with
higher prior learning attitude better than the conventional approach,
while students with lower prior learning attitude of both experimental
and control groups showed similar improvement in learning attitude.
This shows that even though CT has recently been added to the formal
curricula of school students (it is a fairly new subject), and several re-
searchers have found that many students show negative behavior to-
ward learning computer science-based subjects in early education (e.g.,
Yardi & Bruckman, 2007), our game could successfully improve stu-
dents’ learning attitude toward CT. One reason for this improvement
could be that elementary school students often prefer to learn through
games rather than using traditional approaches. Our findings with re-
gard to learning attitude toward CT are in line with those reported by
other researchers (in programming for example; Sharma, Papavlaso-
poulou, & Giannakos, 2019).

Note that as the participants of the study were aware that they were
being measured by different means (e.g., tests and questionnaires), the
Hawthorne effect should be considered. The Hawthorne effect has been
interpreted as an increase in motivation and productivity of a group
simply because they are being studied (French, 1953; Mayo, 2004). In
the present study, to avoid the Hawthorne effect and some other similar
effects (e.g., John Henry effect), the experimental group was not treated
differently from the control group, the groups were not informed that
there is another group of students participating in the experiment,
before the experiment the classes were randomly assigned to the
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experimental and control group, both groups learned in the same envi-
ronment at different times, and all participants were taught by the same
teacher. As a future work, it would be interesting to investigate more
precisely the adaptivity feature of the game and the possible effect of
different adaptivity features in the game on students’ learning
achievement, motivation, learning attitude, and technology acceptance.
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