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Abstract
Prior studies on game-based learning provide limited and mixed results in the transfer 
of skills learned during game play to contexts outside of the game. This study tested the 
effects of playing a blocked-based programming educational game implemented with in-
game cognitive supports on students’ ability to learn and apply computational thinking 
(CT) skills in near and far transfer tasks. With 79 students randomly assigned to one of 
two conditions, the control group received basic game supports and the treatment group 
received cognitive supports in addition to the basic game supports. After two hours of total 
gameplay over the course of four days, both groups performed equally well, and students’ 
CT skills were improved significantly at the near transfer level but not at the far trans-
fer level. Students in the control condition performed significantly better on far transfer 
compared to the students in the treatment condition. Regression analyses indicated that the 
overall use of the cognitive supports was infrequent, but the amount of time spent voluntar-
ily using cognitive supports with help on goal setting and worked examples predicted far 
transfer performance. How students use the cognitive supports (subverting the use of cog-
nitive support to conscientiously learn the computational skill by using them more as game 
cheat sheets) might explain these findings. Design implications and directions for future 
research on facilitating learning transfer with in-game supports are discussed.

Keywords  Computational thinking · Game-based learning · Learning transfer · Cognitive 
supports · K-12

Game-based learning (GBL) is often designed as an engaging, interactive, and experien-
tial learning experience within which learners solve various problems (Ke, 2016; Kiili, 
2005). Many studies have provided empirical evidence to show that using educational 
games can support knowledge acquisition, skill development, motivation, attitude change, 
metacognition, and epistemological development (Clark et al., 2016; Wouters & van Oos-
tendorp, 2013). Although the research reveals mean effect sizes that show game-based 
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learning (GBL) can be effective (e.g., Clark et al., 2016), the findings in game-based learn-
ing research have been mixed (Prensky, 2012), and this can be partly attributed to the high 
variance in game designs (e.g., with versus without explicit instruction embedded into 
the games) and variance in how and which learning outcomes are measured (Clark et al., 
2016).

Specifically, prior studies show mixed results on students’ ability to transfer in-game 
performance to contexts outside of the game. To achieve far transfer, students must be 
able to apply newly acquired knowledge and skills in a context that is different from the 
learning context (Royer, 1979). Although studies show that students can acquire concep-
tual knowledge through gameplay without explicit or direct instruction (Kim, 2014; Shute 
et  al., 2013), studies also show that students who excel in in-game performance do not 
learn the instructional content and do not perform well on tests and transfer tasks (Arena 
& Schwartz, 2014; Barzilai & Blau, 2014; Clark et al., 2011; Masson et al., 2011, Wang, 
2017). For example, Masson et al. (2011) found that playing a game that involving realistic 
projectile motion helped students become proficient in applying Newtonian laws of phys-
ics to predict and manipulation of the trajectories of falling objects, and yet, these students 
performed poorly when given test questions that explicitly tested their understanding of 
the Newtonian laws. Similarly, Barzilai and Blau (2014) found that students enjoyed and 
successfully applied math skills to calculate costs and profits while playing a business-
simulation game but were not able to perform the same calculations when given real-world 
scenarios on posttests. Games have been effective in helping students gain “naïve intuitions 
(Masson et al., 2011)”, while transfer tasks often require formal understanding and articu-
lated acquired knowledge (Chase et al., 2019).

Learning transfer and problem‑solving in GBL

Game-based learning experiences are often designed to be highly context specific and inte-
gral to the game experience (c.f. Kiili, 2005). As a result, students may “succeed” in the 
game context, but not necessarily attend to and commit to acquiring and learning the target 
knowledge and skills that are used to successfully complete the game. For example, Shute 
et al. (2013) conducted a study with the game Physics Playground where students drew on 
levers and used properties of torque to successfully direct the trajectory of a ball through 
a combination of obstacles. The students were able to move the ball through the obstacle 
courses successfully, but they achieved only a shallow level of understanding of the proper-
ties of torque based on the marginal gains observed in their performance on a transfer task 
performed on paper-and-pencil tests. Similarly, Ke et al. (2019) developed an educational 
game where play and learning were integrated in various architectural tasks that prioritize 
cognitive and content engagement. Their early user-testing revealed that students primarily 
used trial-and-error to test and find which random combinations worked successfully as 
opposed to investing mental effort into learning and strategically applying the target math 
skills to find the correct solutions when the sufficient cognitive supports is absence. Previ-
ous self-regulated learning literature reports similar findings when students are found to 
use shallow and ineffective learning strategies to solve problems on their own (Azevedo & 
Aleven, 2013; Lajoie, 2008). One explanation as why students engage in shallow learning 
is that GBL requires high levels of mental effort (e.g., problem presentation, solution con-
struction and implementation, result evaluation, and reflection; Shute et al., 2016). Cogni-
tive load theory suggests that GBL often imposes high intrinsic and extraneous cognitive 
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load on students (Low et al., 2010; Morrison et al., 2015). This inhibits students’ ability to 
manage cognitive resources to effectively engage in strategic and deliberate problem-solv-
ing that give students cause to attend more closely to and more effectively distill the under-
lying knowledge and skills to be used in the game (Kirschner et al., 2006; Paas, 1992).

To address this issue, Hammer et al. (2004) proposed a cognitive structure of learning 
transfer from a resource-based view. In their theory, learning transfer is a process that relies 
on the coordination and stabilization of resource activation (i.e., numerous metacognitive 
and epistemological resources, including ones for understanding the source of knowledge, 
forms of knowledge, knowledge-related activities, and stances toward knowledge). Accord-
ing to this theory, students are not able to achieve learning transfer when students are not 
able to stabilize the metacognitive and epistemological resources. From the cognitive load 
theory perspective, Pass (1992) argued, given the limited cognitive capacity of learners, the 
more mental effort is needed, the less likely they are able to abstract appropriate schemata. 
This in turn results in the failure to achieve learning transfer. Therefore, it is important 
to provide learners sufficient cognitive supports in their gameplay to reduce the cognitive 
challenge, and thus promote learning transfer.

Supporting problem‑solving and learning transfer in GBL

One approach to reduce cognitive load to increase the likelihood of achieving learning 
transfer is to incorporate specific types of in-game instructional supports. However, despite 
of the promises of supports in GBL (Shute et al., 2019), students sometimes can perceive 
supports as obtrusive, distracting, while at the same time reducing their sense of learner 
autonomy and the enjoyment in gameplay (Leemkuil & de Jong, 2012). Researchers have 
debated the efficacy of implementing such in-game supports, much like how researchers 
have debated over the efficacy of using guided discovery learning versus pure discovery 
learning (Kirschner et al., 2006). While Black and Deci (2000) argue for greater emphasis 
on increasing learner autonomy to maintain higher levels of engagement during the learn-
ing process, a review of prior studies (Mayer, 2004) reveal that pure discovery learning 
(where learner autonomy is maximized) was not as effective as guided discovery learning 
when direct guidance was systematically presented around learning objectives.

The advocacy of fun in gameplay and learners’ autonomy should not suggest the 
absence of well-designed instructional supports. The major criticism of external supports 
is that it is extraneous to the learning activities and reduces the autonomy and the enjoy-
ment (e.g., Clark et  al., 2011). Therefore, it highlights the need for well-integrated sup-
ports for GBL experience. Learning supports should be part of the game design and expe-
rience that guide learners’ in-game problem solving (Abdul Jabbar & Felicia, 2015; Ke, 
2016). Although we know learners may need cognitive supports in their game-based learn-
ing experience, achieving the balance between supporting the gameplay without hurting 
the fun in gameplay is still an ongoing task for GBL researchers (Bainbridge et al., 2022; 
Shute et al., 2021).

As discussed, the design of the supports should (a) be integrated to the in-game problem 
solving experience, and (b) address learners’ limited cognitive resources. Wouters and van 
Oostendorp’s (2013) meta-analysis of game-based research reviewed 24 in-game instruc-
tional supports in the literature. The meta-analysis revealed a total of 11 types of in-game 
supports used and tested to facilitate the cognitive process of selection (focusing attention 
on the relevant concepts and skills), 9 types of supports to facilitate knowledge organization 
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and integration, and 4 types of supports to facilitate other or non-specifiable cognitive pro-
cesses. Overall, they found that instructional supports can improve learning of concepts 
(d = 0.34) and skills (d = 0.62), particularly when supports are used to facilitate the cognitive 
process of selection (d = 0.42). The use of modeling and presenting advice are two types of 
instructional supports used to facilitate the cognitive process of selection to reducing cogni-
tive load per Wouters and van Oostendorp’s synthesis of game-based learning literature.

Modeling is a commonly used cognitive support where students are provided explica-
tion or indication of how a problem is solved and then students follow the strategies on 
the same or a similar task (Jonassen, 1999). Modeling can be in many different forms, 
such as simple imitation, demonstration, and fully or partially worked examples. Modeling 
solutions with worked examples have been found to improve students’ problem-solving 
in GBL, the quality in students’ knowledge maps, and scores on problem-solving reten-
tion questions (Shen & O’Neil, 2006). Most of all, the use of worked examples have been 
found to reduce cognitive load and help students construct schemas that are generalized 
and applied to solving new problems, to improve learning transfer (Gick & Holyoak, 1983; 
Renkl et  al., 2004). Overall, Wouters and van Oostendorp’s (2013) meta-analysis found 
that the average effect size was 0.46 when modeling were used in GBL. When presenting 
students with advice, prompts are presented to direct attention to the relevant information. 
Leemkuil (2006) compared students’ performance of transfer tasks between two groups 
(with vs. without advice) after playing a business management game that develops stu-
dents’ knowledge management skills. The results showed that the students receiving advice 
performed better on transfer tasks. Wouters and van Oostendorp’s (2013) meta-analysis 
also reported an effect size of 0.13 when advices were used in GBL.

At the same time, prior studies that examine the use of modeling and advice have 
focused almost exclusively on their effects on in-game performance and performance on 
near transfer tasks (not far transfer tasks). Among the two studies that have examined it 
effects of far transfer, Mayer et al’s (2002) study examined the effects of modeling on far 
transfer to find that students that received modeling at fixed times in the game improved 
scores on in-game performance (d = 0.56) and on far transfer (d = 0.99). Leemkuil’s (2006) 
dissertation study tested the effects of advice on in-game performance and far transfer 
and found that students that received adaptive advice had similar game performance and 
slightly higher far transfer performance (d = 0.14).

Fostering computational thinking skills through GBL

Due to the growth and prevalence of artificial intelligence and computing technologies, CT 
skills have become an essential aspect of digital literacy (Kafai & Proctor, 2021), and both 
educators and researchers have shown increasing interest in introducing CT and Computer 
Science into K-12 education (Zhang & Nouri, 2019). Various proposed conceptual frame-
works of CT (Atmatzidou & Demetriadis, 2016; Brennan & Resnick, 2012; Shute et al., 
2017) are composed of multiple cognitive and behavioral operations. These CT skills can 
be used by students to solve various computational problems across different contexts and 
can be viewed as a form of problem-solving (Grover & Pea, 2013).

Therefore, games can be a salient vehicle for students to develop CT skills because 
problem-solving (e.g., instant feedback, opportunity to test solutions multiple times, 
opportunity to make multiple iterative revisions, etc.) is an inherent element in games 
(Dondlinger, 2007). Various empirical evidence has shown that GBL can help foster CT 
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(Hooshyar et al., 2020; Hsu et al., 2018; Israel-Fishelson & Hershkovitz, 2020). Particu-
larly, GBL provides an engaging and accessible experience for students and learn CT (see 
Israel-Fishelson & Hershkovitz, 2020), which addresses the challenges in negative attitudes 
towards learning CT among younger students and underrepresented population (Leonard 
et al., 2016; Sun et al., 2021).

In this study, CT skills were operationalized, observed, and measured in terms of how 
students use target computational concepts (e.g., basic sequence, conditional structure, and 
loop structure). The competency model is shown below in Fig. 1. In the prior study (Zhao 
& Shute, 2019) that used GBL to teach students these CT skills, constraints were placed 
on solutions to increase the level of challenge and to require students to produce more 
abstract and efficient solutions. Although the results provided some indication that GBL 
can improve students’ CT skills, applying constraints on the gameplay was overall not an 
effective strategy. As a result, this study presents a version of game without solution con-
straints and with cognitive supports designed to improve CT learning.

Given that some prior GBL studies have achieved learning transfer but often and/or 
potentially at the expense of reducing learner engagement, it remains inconclusive as to 
how best to design well-integrated cognitive supports that produce both engaging GBL 
experiences and promote far transfer in CT learning. As a result, we focus on examining 
the effect of in-game supports on the CT skills and the students’ ability to transfer CT 
skills used during in-game play to a different problem-solving context outside of gameplay. 
Specifically, we aim to determine the added-value (Mayer, 2019) and impact of supports 
across multiple GBL outcomes: (a) in-game performance, (b) near transfer (i.e., game envi-
ronment like), (c) far transfer (i.e., knowledge/skill assessment like), and (d) enjoyment to 
gauge how much learners are distilling the target knowledge from the learning/game expe-
rience and how much fun in the gameplay is preserved.

Purpose of the study

The CT educational game, Penguin Go (see details in the Method section), was used in 
this study to test the effects of cognitive supports on students’ ability to transfer CT skills 
learned during in-game play to computational problems beyond the context of the game. 
Penguin Go is designed to leverage the popularity of video games to introduce CT skills to 
middle and elementary school students. To shed light on how to increase student interest 
and improve their CT skills to prepare them for future work and studies in STEM-related 
fields, the purpose of this study was to address the following research questions:

Fig. 1   Competency model of 
operationalized CT skills

Competency Model of Operationalized CT Skills 
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1.	 Does playing Penguin Go with additional cognitive supports in the form of modeling 
and advice lead to better in-game performance and attitudes compared to a control group 
without the cognitive supports?

2.	 Does playing Penguin Go with additional cognitive supports improve CT skills on near 
and far transfer than a control group without the cognitive supports?

3.	 What is the relationship between the level of students’ use of supports and learning 
transfer?

Based on the reviewed literature, this study hypothesized that students achieve higher 
in-game performance, near, and far transfer tasks in GBL while experiencing similar levels 
of enjoyment and perceived learning when they are provided with modeling and advice 
than those who don’t. This study also hypothesized that those who engage more with the 
supports outperform those who engage less with the supports.

Method

Participants

The sample consisted of 79 4th–6th students in two large charter schools in the southeast-
ern United States (63 from School A, 16 from School B) with 21 4th graders, 17 5th grad-
ers, and 31 6th graders. Twenty-seven students self-identified as male and 43 self-identified 
as female. The sample included a wide range of ethnicities: Asian (n = 3), Black or African 
American (n = 22), American Indian or Alaska Native (n = 2), Native Hawaiian or Pacific 
Islander (n = 1), Hispanic (n = 7), White (n = 40), and Other (n = 5). Students participated 
in the study during their math or science classes. All participants were randomly assigned 
to one of the two conditions—40 to the cognitive support (CS) and 39 to the no support 
(NS) group. Penguin Go was designed as an introductory CT-focused GBL experience 
with blocked-based programming for K-9 students who have no or limited coding experi-
ence. A large percentage of the students (91.1%) had prior experience with coding, with 
13.9% of participants reporting that they had no prior knowledge of coding, while 84.8% 
of the students reporting that they had limited experience (under 20 h) with at least one of 
two types of block-based programming (e.g., code.org or Scratch). Most of the students 
(74.7%) play games regularly, from a few times every month to more than 1 h every day.

Procedure

The experiment spanned four 50-min class sessions per classroom in total. After par-
ticipants were randomly assigned to a condition, each participant completed a 15-min 
pretest, followed by 35  min of gameplay in Session 1. In Sessions 2—3, the partici-
pants played the game individually. In Session 4, the participants played the game for 
10–15  min, completed a near transfer test followed with a far transfer test in roughly 
30  min, then answered a few demographics and questions on perceived learning and 
game enjoyment in a paper–pencil survey. The total time spent on gameplay was 
approximately 135 min—similar to the treatment times used in prior studies that report 
the positive effects of GBL (e.g., Zhao & Shute, 2019).
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Intervention

Penguin Go

Using block-based programming language, students played Penguin Go (Fig. 2) by drag-
ging and snapping together given blocks of executable codes to direct an on-screen pen-
guin to a given destination without having to type and write lines of code. This design 
enables students to focus on computational thinking (CT) instead of syntax. In the game, 
students advance from one level to the next level by creating more complex blocks of 
code to successfully navigate their penguin on and through terrain obstacles (e.g., snow, 
ice, rocks) to get to the yellow footprints using different blocks. Students develop CT 
skills through carefully decomposing the problem scenarios, actively using the available 
resources, and strategically planning solutions in the in-game problem solving.

General game supports presented in CS and NS conditions

The students in both conditions were able to access detailed explanations and examples 
of how to play the game through a resource page called Digital Almanac. It provides 
guidance on how to create if–then, repeat-times, and if-else blocks. The content in the 

A Sample Level of Penguin Go with Completed Coding Blocks 

Fig. 2   A sample level of penguin go with completed coding blocks. The goal of each level is to move the 
penguin to its footprint. The arrows highlight a possible pathway, but they are not available in the real 
game. The penguin will move through different terrain. For example, the penguin can only waddle on snow 
and only toboggan on ice. The middle panel shows all the available blocks in one level. The almanac on the 
top right introduces how to use each block. The right panel is the place where players construct solutions
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resource page covered all the necessary knowledge components of CT skills (Fig. 3A) to 
play the game and this content could be accessed at any time during the game.

Cognitive supports accessed in the CS condition

The cognitive supports in Penguin Go (Table 1) were delivered as a source of advice 
(concept-specific prompts that show one particular way to move the penguin to its target 
location) and a source of modeling (level-specific tips that direct attention to the rel-
evant information or the goal and provide a partially worked-out example) to facilitate 
students’ in-game problem-solving. Students received concept-specific prompts only at 
the start of the first level for each of the computational concepts. For example, upon 
starting the first level of repeat-times (Fig. 3B), students received the advice by viewing 
an introductory prompt describing what the repeat-times block can do (Fig. 3C) to solve 
the problem (moving the penguin to the target location). Students can close the prompt 
voluntarily. Students can choose to view the archived information in the Digital Alma-
nac after exiting the prompt. The advice presented at each level was designed to provide 
scaffolding to help students find better ways to help their penguin reach its destination 
without revealing the answer directly.

To receive modeling during the problem-solving, students can click the help button 
at any time to view level-specific tips (Fig. 3D) to direct their attention to the relevant 
information or goal (e.g., to use as few blocks as possible to achieve the desired out-
come using the prompt “Do you know that you can solve this level with just 5 blocks?”). 
Each modeling prompt revealed part of the answer by illustrating, for example, block 
combinations inside the loop block (i.e., waddle; turn left; waddle; and then turn right).

Instruments

Computational thinking (CT) pretest

The primary dependent variable in this study (e.g., RQ1, RQ2, RQ3) was students’ CT 
skills, measured with a pretest, a near transfer test, and a far transfer test. Both the pre-
test and near transfer tests were adapted from the Computational Thinking Test or CTt 
(Román-González et al., 2017). The original version of the instrument has 28 multiple 
choice questions measuring six components of CT (Cronbach’s α = 0.79). Questions tar-
geting while condition and function were dropped because Penguin Go did not cover 
these concepts. The adapted version of CT pretest, 17 multiple choice questions, was 
used in the pretest, which required 20 min to complete. The average score for CTt was 
8.59 (SD = 2.53) out of 17. The CT pretest reliability was Cronbach’s α = 0.65 [0.55, 
0.76], possibly due to the reduction in the number of questions from the original CTt 
instrument.

Near transfer (NT) posttest

The multiple-choice questions for the NT posttest were presented in the context of Pen-
guin Go so that the near transfer context was identical to the learning context (Fig. 4B). 
The solutions to each question in the NT posttest were also identical to those in the CT 
pretest to make the student scores comparable. The average score for NT posttest was 9.49 
(SD = 2.76) out of 17. The Cronbach’s α was at 0.62 [0.50, 0.74].
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Screenshot Illustrations of the Levels, Almanac, and Supports in Penguin Go 

A 

Example of the Digital Almanac. 

B

The First Level of Repeat Times. 

Fig. 3   Screenshot illustrations of the levels, almanac, and supports in Penguin Go. A Example of the digital 
almanac. B The first level of repeat times. C Example of concept-specific prompt for repeat times. D The 
level-specific tip in Seeing the Pattern 
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C 

Example of Concept-Specific Prompt for Repeat Times 

D

 The Level-Specific Tip in Seeing the Pattern.

Fig. 3   (continued)
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Far transfer (FT) posttest

A variant of the NT test was developed to produce the FT posttest by replacing the context 
and task demands of playing Pacman or Penguin Go -to with the task demands of serv-
ing fish and chips in a food truck. The task is designed to be a problem-solving context 

Examples of Multiple-Choice Questions on the CTt, NTt, and FTt Posttest Instruments Testing 
the Same CT Skill 

Fig. 4   Examples of multiple-choice questions on the CTt, NTt, and FTt posttest instruments testing the 
same CT skill
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involving a series of behaviors (i.e., preparing fish, preparing chips, plating the food, and 
serving). These behaviors can be sequenced and automated using the same coding blocks 
that are used to move the penguin and Pac-Man. Therefore, the underlying computational 
competencies are held constant while the context of the tasks are completely different 
from guiding the movement of a game character (e.g., Pac-Man in Fig. 4A or Penguin in 
Fig. 4B).

Figure  4 shows an example of one problem and its associated solution. Figure  4A is 
the problem presented in the CTt, and the question stem is “Which instructions take ‘Pac-
Man’ to the ghost via the marked path?” Fig. 4C is the problem presented in NT test and 
the question stem is “Which instructions take the penguin to the footprint?” Fig. 4C is the 
problem presented in the FT test, and the question stem is “Which instruction will serve 
the customers in order?” All three solutions require the use of the if-else structure nested in 
a repeat-until block. The average score for the FT posttest was 8.63 (SD = 3.74) out of 17 
with Cronbach’s α = 0.78 [0.70, 0.85].

In‑game performance

In-game performance was measured in reference to: (1) the number of levels completed; 
and (2) the level of abstraction based on the number of blocks minus the minimal number 
of possible blocks. The formula is shown below, where n is the number of levels com-
pleted. Using this formula, in-game performance increases as the student completes more 
levels and completes them by creating more elegant solutions with using the minimum 
possible number of blocks and minimum redundancies in the program blocks. Each addi-
tional block a student uses over the minimum possible number of blocks in one specific 
level decreases the student’s in-game performance score on that level.

Demographic questionnaire

To provide a description of the participants, a demographic questionnaire was administered 
to collect: (1) demographic information (i.e., gender, grade, ethnicity); (2) video gaming 
experience; and (3) prior coding experience.

Perceived learning and enjoyment questionnaire

We used the instruments developed and validated by Barzilai and Blau’s (2014) study was 
administered to measure: (1) Perceived learning defined as “a set of beliefs and feelings 
one has regarding the learning that has occurred” (Caspi & Blau, 2011, p. 285); and (2) 
enjoyment or level of positive reaction to the learning experience (Ritterfeld & Weber, 
2006). Using 5-point Likert scale items anchored with Strongly Disagree and Strongly 
agree, four items were used to measure perceived learning (α = 0.90), such as “I learned a 
lot form the game”. Three items were used to measure enjoyment (α = 0.88), such as “I had 
fun playing the game”.

performance =
∑n

i=1

1

(current #block used − minimal # block possible) + 1
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Results

Descriptive data

Table 2 shows the descriptive data of four cognitive (pretest, NT posttest, FT posttest, in-
game performance) and two attitudinal variables (perceived enjoyment, perceived learn-
ing) and three en route variables (time viewing the almanac, concept-specific prompts, and 
level-specific advice). Pretest and NT posttest are normally distributed in the population 
while FT posttest and in-game performance are not normally distributed in the population 
based on Shapiro–Wilk test for normality (Wpretest = 0.98, p = 0.20; WNT = 0.98, p = 0.16; 
WFT = 0.95, p = 0.005; Win-game performance = 0.94, p < 0.001). The attitudinal variables 
are not normally distributed in the population based on Shapiro–Wilk test for normality 
(Wenjoyment = 0.74, p < 0.001; Wlearning = 0.93, p < 0.001) with a small standard deviation 
because students all reported positive experiences with the game, while the en route vari-
ables are right skewed with a large standard deviation because the durations are accumu-
lated over time and tend to follow lognormal distribution which has a long end (Limpert 
et al., 2001).

Research question 1: in‑game performance, perceived enjoyment, 
perceived learning

RQ1 is examined the Mann–Whitney’s U test instead of independent t-test due to the vio-
lation of normality assumption in most of the variables (i.e., FT posttest, in-game perfor-
mance, perceived enjoyment, and perceived learning). The Mann–Whitney’s U test reveal 
no significant difference in in-game performance (W = 647, p = 0.90) between the CS group 
(Mdn = 7.44) and the NS group (Mdn = 8.64). The mean scores were M = 15.92 in the CS 
group, and M = 16.40 in the NS group, with effect size d = − 0.27. No significant difference 
was found in perceived enjoyment (W = 757, p = 0.81) between the CS group (Mdn = 14.5) 
and the NS group (Mdn = 15), with effects size of d = 0.27. Both groups reported high lev-
els of enjoyment playing the game. No significant difference was found in perceived learn-
ing (W = 687, p = 0.36) between the CS group (Mdn = 16) and the NS group (Mdn = 15) 
with effect size of d = 0.05. Students in both groups felt that they learned something from 
the game.

Within the CS group, the average number of times and the average amount of time 
students viewed the concept-specific support were 5.5 times (SD = 1.85) and 100.82  s 
(SD = 150.00), respectively. The average number of times and the average amount of time 
students viewed level-specific advice were 2.6 times (SD = 3.65) and 24.34 s (SD = 37.58), 
respectively.

Research question 2: the difference between near and far transfer 
between groups

Although the FT posttest potentially do not distribute normally in the population, when 
the sample size is sufficiently large (in this study’s case, n = 79), it can be assumed 
that the mean of samples follows normal distribution per Central Limit Theorem. In 
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addition, Mauchly’s test of Sphericity showed that the variance across different groups 
is not significantly different (Mauchly’s W = 0.962, p = 0.24). Therefore, repeated meas-
ure ANOVA was used to compare students’ CT skill change from pretest to near trans-
fer and far transfer between CS group and NS group. The performance on the pretest 
(p = 0.47, Cohen’s d = 0.17) and near transfer test (p = 0.70, Cohen’s d = − 0.09) between 
the two groups was not statistically significant. CS group is moderately lower on far 
transfer test with significance (p = 0.05, Cohen’s d = − 0.33) compared to the NS group. 
The overall effect of adding additional support to the game did not have a significant 
effect across measures (F(1, 75) = 0.01, p = 0.99, partial η2 < 0.001). Overall, the results 
from the ANOVA model showed a significant difference among pretest, near transfer, 
and far transfer (F(1, 150) = 3.67, p = 0.03, Fig. 5).

The post hoc comparisons between three measures with Bonferroni correction 
revealed that the near transfer score was significantly higher than the pretest score 
(p = 0.02, d = 0.34) and the far transfer test score of marginal significance (p = 0.07, 
d = 0.26) across conditions and schools. The far transfer score showed no difference 
compared to pretest score and not significantly different (p = 1.00, d = 0.01).

Research question 3: the effect of support access on near and far 
transfer posttests

With multiple linear regression, the near transfer model was significant (F(5, 73) = 4.40, 
p = 0.001), with an R2 of 23.17%. The results of each predictor are shown in Table 3. 
Neither duration of access to concept specific (t = 0.34, p = 0.73) nor level-specific sup-
port (t = −  0.09, p = 0.49) in the CS group were significant predictors for near trans-
fer performance. Pretest performance was a significant predictor of near transfer per-
formance. Pretest score increases of 1 point resulted in near transfer score increases 
by 0.45 point (t = 3.83, p = 0.0003). Second, the two groups performed equally well on 
the near transfer test (t = − 0.42, p = 0.53). The NS condition performed slightly better. 

Group Means of Students’ Performance on Pretest, Near Transfer, and Far Transfer with 
Standard Error by Condition. 

Fig. 5   Group means of students’ performance on pretest, near transfer, and far transfer with standard error 
by condition
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Third, the duration of almanac access (which was available for both groups) signifi-
cantly predicted the near transfer test (t = 1.93, p = 0.05). Specifically, engaging with the 
almanac for one more second increases near transfer scores by 0.02 points.

With multiple linear regression, the far transfer model was significant (F(5, 
73) = 5.72, p = 0.0002), with an R2 of 28.14%. The results of each predictor are shown in 
Table 3. The duration of access to level-specific advice predicted scores on the far trans-
fer test (t = 1.92, p = 0.06). The effect was marginally significant. Specifically, engag-
ing with the advice for one more second results in the far transfer score increase of 
0.03 points. Similar to the near transfer model, pretest performance was a significant 
predictor of far transfer performance (t = 3.28, p = 0.0002). Pretest score increases of 
1 point resulted in near transfer score increases by 0.51 point. Second, the NS group 
outperformed the CS group significantly controlling other factors constant (t = − 2.42, 
p = 0.009). Neither accessing to almanac (t = 1.60, p = 0.11) nor level-specific support 
(t = 0.65, p = 0.51) were significant predictors to far transfer performance.

Discussion

In‑game performance and enjoyment

This study found no significant differences in in-game performance between groups. 
Although the CS group solved more levels than the NS group, the difference in in-
game performance was not significant when taking solution quality into consideration. 
This finding suggests that giving students control over the supports helped to keep the 
cognitive supports from being distractive and keep them from inhibiting in-game per-
formance as it did in Leenkuil’s (2006) study where presenting advice at fixed times 
negatively affected in-game performance. One possible reason as to why the cognitive 
supports did not produce better in-game performance than without cognitive supports 
is that the average time students in the CS group spent on cognitive supports were very 
sporadic and brief in total time: Within the CS group, the average number of times 
and the average amount of time students viewed the concept-specific support were 
5.5 times (SD = 1.85) and 100.82  s (SD = 150.00), respectively. The average number 

Table 3   Multiple regression analyses predicting near and far transfer performance

*Indicates p < 0.05, **indicates p < 0.01, ***indicates p < 0.001

Predictor Near transfer model Far transfer model

β t p-value β t p-value

(Intercept) 5.51 5.19  < 0.001*** 4.66 3.34 0.001**
Pretest 0.45 3.83  < 0.001*** 0.51 3.27 0.002**
Condition (treatment) − 0.42 − 0.62 0.54 − 2.42 − 2.69 0.009**
Almanac access duration (in s) 0.02 1.94 0.05* 0.02 1.60 0.11
Concept specific prompt access 

duration (in s)
 < 0.001 0.35 0.73  < 0.001 0.65 0.51

Level specific advice access dura-
tion (in s)

− 0.01 − 0.689 0.50 0.03 1.92 0.06

Model fit R2 = 0.232** R2 = 0.281**
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of times and the average amount of time students viewed level-specific advice were 
2.6 times (SD = 3.65) and 24.34 s (SD = 37.58), respectively. Another possible reason 
is that students may have used the supports merely as cognitive shortcuts (or cheat-
sheets) to help them immediately advance to the next level without having to learn the 
underlying CT skill. Ke et al. (2016) found that students did not actively reflect on the 
learning content because successful completion of in-game tasks did not require active 
reflection and learning of the content. As a result, students do not necessarily need to 
engage in meaningful gameplay, which should ultimately lead to better in-game perfor-
mance. Similarly, although each level of Penguin Go corresponds to a specific CT skill, 
completing each level in Penguin Go in this study did not force students to apply the 
featured skills nor did the game reward students for creating more elegant solutions.

The results also show no significant differences in perceived enjoyment and per-
ceived learning even when the cognitive supports presented in the CS group could 
have negatively affected level of enjoyment. Given that learner autonomy contributes 
to learner enjoyment (Johnson et  al., 2016; Ryan et  al., 2006), finding no significant 
differences suggests that presenting cognitive supports with learner control helped to 
keep the cognitive supports from being distracting, from placing additional cognitive 
load during gameplay, and therefore, helping to make Penguin Go equally enjoyable as 
Penguin Go without cognitive supports. To our knowledge, no prior studies have tested 
the effects of presenting cognitive supports with learner control on student enjoyment 
and hence, no prior findings are available to corroborate this finding or to suggest pos-
sible reasons as to why the CS students did not report levels of enjoyment that was 
higher than that reported from the NS students. Nevertheless, one possible explanation 
as to why the level of enjoyment was not higher in the CS condition is because the 
cognitive supports produced no significant differences in in-game performance. If the 
students made better use of the cognitive supports to increase in-game performance 
(perhaps by designing the game to award students for producing more elegant solu-
tions, for example), the cognitive supports might then produce higher levels of enjoy-
ment. In addition, both groups reported a similar level of perceived learning, which 
suggests again that the cognitive supports did not make a substantial impact because of 
the limited use of the supports.

Effects on near and far transfer

The results show no significant differences in near transfer between groups, but the NS 
group scored significantly higher on far transfer with medium effect size. This finding 
potentially suggests that the cognitive supports did not improve near transfer and possibly 
inhibited rather than facilitated far transfer. O’Rourke et al. (2014) reported similar nega-
tive results in game performance when they implement abstract and concrete hints into the 
educational games. The possible explanations as to why the CS group did not perform bet-
ter on near transfer are the same as those used to explain why no differences were found on 
in-game performance—sporadic and low use of the cognitive supports, and the use of the 
supports as cognitive shortcuts over the use of reflection to learn the underlying computa-
tions skills modeled in the supports. Misusing of the supports likely limited or over-rode 
students’ motivation to learn the knowledge required to successfully complete far transfer 
tasks, as has been found in prior studies (Stocco et al., 2010; Taatgen, 2013) because stu-
dents in GBL environments are often task-oriented rather than the learning-oriented (Ke 
et  al., 2016). They tend to focus on immediate needs or goals rather than reflect on the 
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knowledge underlying the game interactions. As a result, GBL experience often leads to 
superficial learning and understanding (Masson et al., 2011).

One explanation as to why the supports inhibited far transfer but not near transfer in the 
CS group is that performance on far transfer tasks rely more heavily on using the necessary 
knowledge and skills to successfully complete a far transfer task than a near transfer task—
knowledge and skills that students in the CS group were less likely to acquire as a result 
of using the supports more as cheats than supports for learning the knowledge and skills. 
With near transfer tasks, on the other hand, students can apply the same rote behaviors 
used to successfully complete in-game tasks without having to apply a deep understand-
ing of the computational skills. Conversely, the findings also suggest that the absence of 
cognitive shortcuts can help increase the likelihood that students reflect on and learn the 
computational skills behind the game and that their learning is more likely to be evident 
when they perform far transfer tasks. The supports the NS group received were mostly 
indirect supports (e.g., level progression arrangement and the almanac) which contain the 
necessary information for students to develop knowledge without giving away the solution.

Relationship between support access and transfer

Concept‑specific supports

Contrary to the hypotheses, the findings showed that the amount of time the CS students used 
the concept-specific supports (where concepts are presented in the form of an advanced organ-
izer) was not significantly associated with their performance on neither the near transfer test, 
nor the far transfer test. These findings contradicted the prescribed use of such supports in the 
instructional design literature (Mayer, 1983). However, the average number of times students 
accessed the prompts was so infrequent that the use of this support was not likely to produce a 
substantial effect. Furthermore, advanced organizers have been found overall to have a small 
effect on learning among middle school students because of their limited cognitive abilities 
(Luiten et al., 1980). With Penguin Go, students would have to allocate more time and atten-
tion to learning and applying the content presented in the advance organizer to their gameplay 
to achieve more transfer. The findings in this study suggests that the CS students chose not to 
use the target block to produce more elegant code and hence had little motivation to direct full 
attention to the concept-specific supports presented at the beginning of each level.

Level‑specific advice

The findings showed that the amount of time spent voluntarily accessing the level-specific 
advice (i.e., goal setting, partial worked examples) predicted performance on far transfer, 
but not near transfer. One reason as to why more time spent on accessing the level-specific 
advice leads to more far transfer is that unlike the content-specific advice, the level-specific 
advice in this study was displayed to the CS students only when they chose to view them. 
As a result, the students that were more focused on finding a better solution than on com-
pleting the in-game tasks (and spent more time accessing the worked examples presented 
in the level-specific advice) performed better on far transfer. The second reason for this 
finding is that the level-specific advice focused explicitly on the problem-solving process, 
with each tip providing a goal for redesigning solutions and a partially worked example that 
models the problem-solving process. The use of goal setting and partially worked examples 
is intended to encourage students to distill abstract knowledge through problem-solving 
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(Akama, 2006; Mulder et al., 2016). These findings are consistent with prior findings that 
show how supports targeted on the problem-solving process have a positive impact on far 
transfer (Fuchs et al., 2003; Plass et al., 2012). Overall, these findings suggest that the more 
time students spend using level-specific advice, the more likely they learn the underlying 
skills needed to perform better on far transfer tasks. Even though the majority of students 
in the CS group were likely more focused on completing the game tasks and using the 
supports as shortcuts, the significant correlation between the amount of usage time and 
performance on far transfer indicates that there were students that did use the supports to 
learn the target skills. These findings show how students’ use of supports is as equally if 
not more important than the function and content presented in the supports.

General game supports

The findings showed that the amount of time accessing the Digital Almanac across both 
groups did predict near transfer performance. The almanac illustrates how to play the game 
by presenting information on how to use and manipulate each block. Although how to play 
the game do not directly relate to the target skills students are tasked to learn, knowledge 
of gameplay is still necessary for the process of knowledge development (Habgood & 
Ainsworth, 2011; Ke, 2016). For this reason, students that used the general game support 
more often performed better on the near transfer performance (where the same mechanics 
apply), but not on far transfer (where the game mechanics do not apply).

Design implications

Findings of this study suggest the benefit of accessing game supports in the environment. 
However, simply exposing students to more supports or instructional content not only may 
sacrifice the joy of gameplay (Shute et al., 2021), but also jeopardize students’ autonomy 
in learning (Proulx et al., 2016). Therefore, it may also be necessary to design the game 
mechanisms that encourage students to actively use the supports in ways that focus stu-
dents’ attention to reflect on and learn the skills described and modeled in the supports 
(rather than using the supports only to help find the quickest and simplest way to complete 
the game). One way to encourage more frequent and more reflective use of the supports is 
to increase the level of challenge in the game. Although the constraints used in the prior 
study to increase the level of challenge (Zhao & Shute, 2019) did not improve students’ 
CT skills compared to the non-constraint group, such constraints could potentially improve 
CT skills when used in conjunction with cognitive supports that provide goal setting and 
worked examples. An alternative method to increasing challenge is to change the goal 
structures within the game by rewarding points and/or special penguin powers based on the 
number of trials performed to complete the task and the quality of the coded solutions. In 
addition, rewards can also be based on the strategic use of the supports where, for example, 
more points are awarded with less frequent, but more time spent viewing the supports.

Altogether, cognitive supports can be designed and implemented to potentially increase 
learning transfer without reducing enjoyment by (1) presenting congratulatory pages after 
the completion of a level that identifies the specific skill they just learned and elicit self-
explanations; (2) present eye-catching pages that “unlock” new capabilities (specific types 
of blocks, for example) to enable students to focus on applying the target skills and creat-
ing more elegant solutions to earn rewards; (3) impose appropriate constraints that require 
students to use target blocks to create more elegant solutions which can then motivate and 
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require students to use the supports to learn and use the target skill; and (4) help students 
set up appropriate goals before and during game play by displaying task goals and live 
game scores. These design ideas can be tested and help build a systematic guideline for 
designing cognitive supports in GBL in future research and development.

Limitations and future directions

One of the limitations of this study was that the CS students did not use the supports exten-
sively during gameplay. The findings highlight the importance of making cognitive sup-
ports more integral to the task demands and constraints within a game rather than extrane-
ous to the game so that students can be more active in learning and using the instructional 
content to solve and work through challenges in the game. Future studies are needed to 
develop, apply, and more systematically and/or comprehensively test specific design guide-
line or principles for designing supports that can facilitate learning while minimizing extra-
neous load to prevent losses in perceived level of fun and autonomy in game-based learn-
ing. For example, future studies can apply the modality principle of multimedia design 
by replacing the text-based prompts used explain the graphic visuals with audio narration. 
Furthermore, future studies will need to use other methods (e.g., questionnaires, verbal 
protocol analysis) to determine to what extent students used the supports merely as a game 
cheat and mental shortcuts. Finally, the findings in this study were based on implementing 
the game over a limited number of classroom sessions with a limited sample of students 
in terms of their ethnic backgrounds, age, prior experience with computer programming, 
and cognitive abilities and the CT measures showed relatively low internal consistency. 
The level of confidence in the findings of future studies can be increased by increasing the 
duration of gameplay and by conducting studies to validate the instruments (including any 
modifications made on prior validated instruments as was done in this current study) used 
in this study to measure CT skills with large and diverse samples. Future studies can focus 
on investigating how best to integrate such game-based learning experiences into K-12 
Computer Science curriculums to test its efficacy on learning transfer when implemented 
over longer and extended time periods and across multiple situations.

Conclusions

Overall, this study provides game designers and education researchers with empirical evi-
dence to identify how and when an educational game can foster CT skills and improv-
ing Computer Science education in K-12. The findings in this study show how and when 
an educational game like Penguin Go can help develop students’ CT skills and learning 
transfer, especially far transfer, through game play. This study also illustrates some of the 
unique challenges in developing educational games that can help students achieve substan-
tive gains across multiple learning outcomes (enjoyment, game performance, near transfer, 
far transfer). Students’ ability to achieve transfer is limited by their ability to formalize the 
knowledge and recognize the similarity between different problem contexts and scenarios. 
The study’s findings reiterate how important it is that future GBL studies not only assess 
students on in-game performance and near transfer but also to assess students on far trans-
fer. Most of all, future GBL studies can build on this study’s findings to systematically 
identify, design, and test more effective and interactive supports that facilitate the develop-
ment of transferrable skills.
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