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Abstract
We proposed to investigate whether properly calibrated e-learning environments can effi-
ciently promote computational thinking of both sciences- and humanities-oriented people. 
We invited two groups of students (sciences- vs. humanities-oriented members) to partici-
pate in a six-stage learning session: to watch a folk-dance illustration (s1) and an anima-
tion (s2) of the bubble-sort algorithm; to reconstruct the algorithm on the same input (s3); 
to orchestrate the algorithm on a random input stored in a white(s4)/black(s5) array (vis-
ible/invisible sequence) and to watch a parallel simulation of several sorting algorithms 
as they work side-by-side on different color-scale bars (s6). To assess the current moti-
vation of students we created nine specific questionnaires (Q1–9). The experiment we 
conducted included the following task sequence: Q1–2, s1, Q3, s2, Q4, s3, Q5, s4, Q6, 
s5, Q7, s6, Q8–9. We focused on assessing the motivational contributions of the gener-
ated (situational factors) emotions, challenge and active involvement during the e-learning 
experience. Research results revealed that there are no unbridgeable differences in the way 
these two groups relate to e-learning processes that aim to promote computational think-
ing. Although sciences-oriented students’ motivational-scores were consistently superior to 
their humanities-oriented colleagues, there was strong correlation between them; further-
more, differences diminished as both groups advanced with their learning tasks.

Keywords Computational thinking · Motivation · Learning · Instruction · Computer 
science education · Algorithms

Introduction

Hardly has any technology been as ubiquitous in human history as computer science is 
today. Therefore, a major responsibility of modern educational systems is to prepare all 
members of society for the challenges involved with the increasing digitalization of our 
everyday lives and to meet the demands of the one of the most fast–expanding job markets: 

 * Zoltan Katai 
 katai_zoltan@ms.sapientia.ro

1 Sapientia Hungarian University of Transylvania, Corunca, 1C, Târgu-Mureş, Romania

http://crossmark.crossref.org/dialog/?doi=10.1007/s11423-020-09766-5&domain=pdf


2240 Z. Katai 

1 3

computing (Grover and Pea 2013).The creation of a genuine educational program which 
ensures a proper initiation in computational thinking (CT) is a major endeavor. As in most 
countries there is already a severe computational literacy gap among the different segments 
of society, this educational program must be all inclusive and must address all irrespective 
of age, gender, race, culture, orientation or disability.

Accordingly, one of the most serious challenges faced by such an initiative is that of 
dealing effectively with diversity. In this study we have focused on one specific facet of 
diversity: sciences- vs. humanities-oriented people. After Snow (1959) had introduced the 
term of “two cultures”, the concept of sciences/humanities-oriented learner arose and it 
was suggested that these two categories of people are characterized by different cognitive 
styles, often described as the individual difference in the way people acquire and process 
information (Witkin et al. 1977; Achter et al. 1999; Billington et al. 2007). On the other 
hand, taking learner diversity into account is a very complex task. Since motivation plays a 
crucial role in learning and constitutes a key element in all the approaches to active learn-
ing (Valle et al. 2011), the impact of diversity on learners’ motivation is a critically impor-
tant aspect of the addressed educational issue.

The question we have proposed to analyze as follows: Is it possible to create unified 
learning environments that promote CT for all? In a previous work (Katai 2015) we pre-
sented research results showing that properly calibrated learning environments have the 
potential to effectively promote the computational thinking of both sciences-oriented and 
humanities-oriented students. In this paper we analyze the specific motivational challenges 
that instructional designers could face in developing learning environments which bridge 
the diversity gap and targets both learning communities.

Promoting algorithmic/computational thinking

The term CT was originally introduced by Wing (2006). In this paper we will use a revised 
definition of the term: the thought process involved in formulating problems so that “their 
solutions can be represented as computational steps and algorithms” (Aho 2012). Accord-
ingly, a strongly related concept to CT is algorithmic thinking: a set of abilities that are 
connected to understanding, processing and constructing algorithms (Futschek 2006). Den-
ning (2009) also emphasizes that algorithms are central to CT. More recently, he under-
lines that algorithms must control some computational model, and step sequences that 
require human judgment should not be considered algorithms in the context of CT (Den-
ning 2017). As we described in (Katai 2015) we have proposed to enhance CT by inviting 
students on a “delicious algorithmics tasting tour” (in the mini-world of sorting algorithms: 
bubble-sort, insertion-sort, selection-sort, shell-sort, quick-sort and merge-sort) based on 
multiple algorithm visualizations (AV). The learning environment we created facilitates 
the simulation-based study of the selected algorithms in a relevant, accessible and engag-
ing way (supporting users in assimilating the algorithm processing role of computers). It 
can be set up to generate the following leaning experience:

(1) the algorithm is visualized by a videotaped “sequence of folk dancers” (AlgoRythmics 
2019) wearing the numbers to be sorted on their dresses;

(2) the algorithm is animated on a white-box array (the number-sequence is visible) (Katai, 
2014), followed by
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 (i) student reconstructed
 (ii) and orchestrated animations;

(3) students are invited to orchestrate the studied sorting algorithm on a black-box array 
(the number-sequence is hidden; the user is informed only about the results of the 
comparison operations) (Katai 2014);

(4) the six algorithms are visualized as they work side-by-side on six different color-scale 
bars.

Of course, such a learning experience is only a first step in developing students’ CT. 
Definitions of CT emphasize that cultivating this skill implies more than assimilating 
ready-made procedures. It implies devising procedures. For example, Selby and Woollard 
(2013), after investigating several definitions, conclude that CT “is a focused approach to 
problem solving, incorporating thought processes that utilize abstraction, decomposition, 
algorithmic design, evaluation, and generalizations”. Studying basic computer algorithms 
in the AlgoRythmics environment could be a good starting point in this sense, especially 
if we choose to improve students’ CT by computing education (Guzdial 2008; Tedre and 
Denning 2016).

Constructivist learning theory provided the main theoretical framework for this study. 
Constructivist learning environments are student-centered, engaging and reflective, and 
make it possible for students to learn from their experiences (Jonassen et al. 1999). Accord-
ing to Wang (2009) such a learning environment assumes attentive and thoughtful design. 
We purposefully focused on implementing the following previous research results regard-
ing effective CT promoter learning environments.

• Why visually illustrated algorithms? Since computer algorithms are inherently abstract 
dynamic processes, AV has become the common approach to make them more tangible. 
We chose to visually illustrate how algorithms work by videotaped dance-performances 
and computer-based animations (Shaffer et al. 2010).The meta-analysis performed by 
Hoffler and Leutner (2007) emphasizes the educational superiority of representational 
animations, compared to static pictures, especially when procedural-motor knowledge 
has to be assimilated.

• Why sequenced multiple representation? The basic idea of using sequenced multiple 
AVs is that users can benefit from the properties of each representation (Meij and Jong 
2006). Two key attributes of multiple representations are complementarity and redun-
dancy. Redundancy is essential to make learners able to relate to different representa-
tions. Complementary attributes can be used to implement the principle of progression 
with respect to the informational content, complexity, level of abstractness and the con-
trol the learner has in the algorithm animation process. We use four different represen-
tations of the number sequence to be sorted: embodied by a dancer-sequence, stored in 
a white-box array, stored in a black-box array and illustrated as a color-scale bar.

• Why interactive learning environment? The (Hundhausen et  al. 2002) meta-study 
stresses the decisive role interactivity has in effective AVs. This study concludes that 
AV’s promote effective learning when users are engaged actively in the visualization 
process (instead of passively viewing it). In other contexts the same phenomenon was 
observed (for example: Mork 2011). To implement this principle of “genuine active 
involvement” the software we designed invites users to orchestrate the studied algo-
rithms (Mayer and Chandler 2001).
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• Why applying selective hiding? According to Katai (2014), applying hiding may sup-
port human viewers in assimilating the algorithm processing role of blind-computers 
due to its higher epistemic fidelity. During the black-box based algorithm orchestration 
processes, since the stored number are invisible, users are forced (as computers too) 
to perform explicitly (not only implicitly in their minds) the comparison operations in 
order to realize whether the corresponding elements have or do not have to be swapped.

• Why pattern recognition oriented strategy? Since algorithms are in fact generalized 
patterns intended to solve problems, CT assumes pattern recognition and generaliza-
tion skills (Wu and Richards 2011). Humans are unbeatable pattern recognizers in 
most instances (Jain et al. 2000). Obviously, learning from examples assumes carefully 
selected examples (Jain and Duin 2004). The interactive learning environment we cre-
ated implements the following pattern recognition-oriented CT promoter method: (1) 
students are presented with illustrations of the algorithm on carefully selected sample 
inputs and (2) students are invited to enhance and refine their understanding by orches-
trating the algorithm on random inputs.

The motivational perspective

The impact of diversity on education has been researched from several perspectives. One 
of them is the motivational perspective. On the other hand in motivational research little 
attention has been paid to study the impact of orientation (sciences/humanities) on motiva-
tion. Additionally, the specific motivational challenges of developing students’ CT were 
also poorly researched. In this paper we focus on the instructional and motivational design 
aspects of the learning environment the software-tool we developed generates. We tried to 
identify motivational principles that could have key roles in arousing and sustaining stu-
dents’ (sciences/humanities-orientated) motivation during e-learning processes that aim to 
promote CT.

Motivation helps people to pursue goal-directed behaviors and activities, like learn-
ing. It serves to energize students, providing intensity and direction. Motivation theorists 
distinguish between intrinsic motivation (referring to the internal drive; doing something 
because it is inherently interesting or enjoyable) and extrinsic motivation (arising from fac-
tors outside the individual; doing something because it leads to a separable outcome) (Deci 
and Ryan 1985). Although developing successful motivational strategies assumes an opti-
mal combination of these two types of motivational resource (Omrod 2002), the outstand-
ing role that intrinsic motivation has in promoting high-quality learning is unquestionable 
(Fair and Silvestri 1992; Martens et al. 2004). Accordingly, motivational design is a sys-
tematic process to make instruction more intrinsically interesting (Keller 1983).

According to motivation theorists, learning environments that engage students in 
the learning process yield stronger intrinsic motivation (Lepper et al. 2005; Robertson 
and Howells 2008). Research in this field has revealed some major factors supporting 
students’ motivation. Three of them are positive emotions, moderate-progressive chal-
lenge and active involvement, which may have a distinguished role in computer-medi-
ated environments (Finneran and Zhang 2005). Research results in game-based learning 
also inspired us in selecting these motivational behaviors. For example Hamari et  al. 
(2016) analyzed the impact of challenge, engagement, and immersion on learning in 
game-based learning environments. The sense of immersion is directly related to the 
emotional composition of the learning experience (Fassbender et al. 2012). Studies in 
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serious games also emphasize the importance of player’s emotion by describing it as the 
main player characteristic considered to be important for learning processes and perfor-
mance (Schrader et al. 2017).

Recent evidence show that emotions are not only outcomes of motivated behavior, 
but they also influence the cognitive processes associated with motivation (Triberti et al. 
2017; Um et al. 2007). For example, emotion often underlies curiosity, which is commonly 
regarded as a prime promoter of intrinsic motivation (Malone and Lepper 1987; Litman 
2005). Research on challenge as a motivator shows that promoting challenge-skills balance 
is optimally motivating (Nakamura and Csikszentmihalyi 2002; Turner and Meyer 2004; 
Ott and Tavela 2010). Relevant active involvement could be decisive in promoting intrinsic 
motivation, since it may have a crucial influence on sustaining students’ engagement dur-
ing the learning process until the knowledge construction has been completed (Lepper and 
Malone 1987; Garris et al. 2002).

Inviting learners to participate in sequenced learning units generates additional motiva-
tional challenges. The output-emotions of the current phase of a learning session are input-
emotions for the next phase (Wlodkowski 1985). A relevant active role in a challenging 
learning session contributes to a sense of achievement. In addition, the way students think 
about the next learning unit generates corresponding emotions. Perceiving inappropriate 
challenge may result in anxiety or boredom (Csikszentmihalyi 1990). On the other hand, 
the probability of success can promote exciting expectations. Teachers may have a key role 
in promoting the above “learning ingredients” (Christophel 1990), but technology has also 
its own strengths (Barger and Byrd 2011).

The (Rovai et  al. 2007) study concludes that online e-learning may foster stronger 
intrinsic motivation than traditional classroom learning. On the other hand, Otta and Tavela 
(2010) emphasize that “new millennium learners” (Pedró 2006) are not indifferent to the 
quality of the e-learning experience. Most frequently recalled deficiencies of e-learning 
materials are: lack of edge and emotion, absence of a great beginning and ending, too 
much sameness, etc. On the other hand, if e-learning materials are interesting only—for 
example—because they are novel, then they may lose their appeal as learners become 
accustomed to them. It is clear that simply adding some multimedia elements is not enough 
to significantly increase and sustain intrinsic motivation (Hamid 2001; Clark and Mayer 
2002; Keller and Suzuki 2004; Martens et al. 2004). Therefore, we have proposed to imple-
ment the following motivational strategy:

• Arousing motivation During the “dance-performance phase” the focus is on arousing 
curiosity by combining science with art and modern with traditional. In order to test if 
the created “algorithmic dances” have the potential to provide novelty, incongruity and 
surprise (Keller 1983; Berlyne 1960) we posted them on the YouTube website. Users’ 
reactions confirmed our expectations. Artistic elements play a key role in attracting 
humanities-oriented people. The presence of culture may also promote emotional moti-
vation.

• Sustaining motivation The role of the “animation phase” is to help students to focus on 
the key elements of the algorithm (Mayer 2003; Kalyuga et al. 1999) and to prepare 
them for the “doing phases”. During the “doing phases” (reconstruction, “white-box 
orchestration”, “black-box orchestration”) of the e-learning session, students are invited 
to actively participate in the animations (Mayer and Chandler 2001) according to the 
principle of moderate-progressive challenge. According to constructivist learning the-
ory, learning from their experiences and applying the knowledge they have just gained 
may result in more effective learning (Jonassen et al. 1999).
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• In the conclusion part the “sorting-movie” that we created (displaying the parallel sort-
ing of the six color-scales) aims to arouse aesthetic emotions and to provide a global 
view of the studied topic. Aesthetic emotions can contribute to a great ending to the 
learning experience (Parrish 2009; Riaz et al. 2011).

As we mentioned above, two other important motivational factors related to the mod-
erate challenge are anxiety (fear of failure) and probability of success. In line with Kel-
ler’s ARCS (attention, relevance, confidence, and satisfaction) model of motivation (Keller 
1987), in order to guarantee that students can accomplish the tasks (and to reduce anxi-
ety), we provided them with help-buttons that indicate the next operation to be performed. 
Moreover, each animation task can be repeated (for different randomly generated inputs) 
until it is solved correctly and without using the help buttons. This option aims to promote 
the desired sense of achievement.

Method

We designed an experiment to analyze the motivational impact of the e-learning environ-
ment we elaborated. The investigation involved 48 undergraduate students from an Eastern 
Europe university (Romania). The independent variable was students’ orientation [25: (S)
cience-students; 23: (H)umanities-students]. The percentages of females were 12% (S-stu-
dents) and 82% (H-students) which is characteristic in the case of these educational pro-
grams. H-students were IT users but strangers to computer programming (87% of them 
had not attended any programming oriented courses during their high-school education; 
the rest had only some minimal Computer Science concepts included in their high school 
curriculum). We performed the experiment after the S-students had been initiated in pro-
gramming. Both groups studied the selected sorting algorithm (optimized bubble-sort) by 
following the above presented six-stage learning session. To be able to measure students’ 
performance results the software registered all the errors they made and their help requests.

Although there are many motivation questionnaires used in educational psychology we 
have proposed the development of a specific questionnaire-sequence for this study. Sev-
eral studies (Blumenfeld 1992; Blumenfeld and Meece 1988; Lee and Anderson 1993; Lee 
and Brophy 1996; Weiner 1990) conclude that students may express different motivational 
traits when studying specific subject content areas. According to the classical model of 
motivational psychology, personal and situational factors influence the current motivation 
which in turn influences learning. Rheinberg et al. (2001) proposed a questionnaire with 18 
items for assessing the current motivation of students working on a specific task. Research-
ers like Vollmeyer et al. (2000) and Friedl et al. (2006) used this instrument to investigate 
motivational characteristics of students learning in interactive multimedia environments. 
We adapted this method and worked out a set of nine specific questionnaires (Q1-9; see 
Appendix) to detect the level and type of students’ motivation during the e-learning experi-
ence we designed.

The questionnaire items aimed to detect the way students think and what they are fill-
ing before and after the e-learning session (unit) and between the consecutive stages (sub-
units). While the questionnaire proposed by Rheinberg et al. (2001) is built around factors 
like probability of success, anxiety, interest, and challenge, we have focused on assessing 
the motivational contributions of the generated (situational factors) positive/negative emo-
tions, challenge and active involvement during the e-learning experience. We expected to 
find significant differences between H- and S-students.
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We addressed the following research questions:

• What motivational principles could play a key role in arousing and sustaining stu-
dents’ motivation during e-learning processes that aim to promote CT?

• Are motivational differences (with respect to CT) between humanities- and sciences-
oriented students unbridgeable?

• Can CT promoter learning environments (supporting students to assimilate and 
process computer algorithms) be calibrated in such a way to be motivating for all 
students?

Each questionnaire item included a statement and a response scale. We used a 7-point 
scale (1: Strongly Disagree,…, 7: Strongly Agree). We coded the items as follows. Let-
ters E, C and I refer to Emotions, Challenge and Involvement. “E-items” aim to detect 
emotions resulting from three sources:

• How interesting the previous e-learning stage was and the next one seems to be.
• How challenging the previous e-learning stage was.
• How “exciting” student’s involvement in the previous e-learning stage was.

“C-items” aim to detect the level of challenge the student anticipates in the next 
e-learning sub-unit. The “I-items” aim to detect the way the students think and what 
they are filling regarding their forecasted involvement in the next e-learning sub-unit.

Procedure

The experiment was conducted in computer labs where all students had individual 
access to the online e-learning tool. Before the e-learning session started, students had 
briefly been initiated in or reminded of concepts such as: why is important CT? What is 
an algorithm? Why could studying sorting algorithms be beneficial? What is a sorting 
algorithm? In addition, a brief overview of the six phase e-learning session was pre-
sented to both groups. After the above presented introduction (hearing phase) students 
were invited:

• (Q1) to answer 5 questions regarding algorithms and CT;
• (Q2) to answer 11 questions regarding the anticipated e-learning experience;
• s1: (seeing phase 1: arousing/stimulating motivation) to watch the danced algorithm; 

(surprising science-art, modern-traditional combinations) (Fig. 1)
• (Q3) to answer 9 questions regarding the “dance-stage” that had just finished and the 

“animation-stage” that was about to start;
• s2: (seeing phase 2: supporting abstracting) to watch the animation of the algorithm; 

(Fig. 2)
• (Q4) to answer 12 questions regarding the “animation-stage” that had just finished 

and the “reconstruction-stage” that was about to start;
• s3: (doing phase 1: active involvement, progressive challenge) to reconstruct the 

operation (compare, swap) sequence of the observed animation;
• (Q5) to answer 17 questions regarding the “reconstruction-stage” that had just fin-

ished and the “orchestration-stage” that was about to start;
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• s4: (doing phase 2: active involvement, progressive challenge) to orchestrate the algo-
rithm on a randomly generated sequence stored in a white-box array (the numbers 
being visible); (Fig. 3)

• (Q6) to answer 17 questions regarding the “orchestration-stage” (“white-box-stage”) 
that had just finished and the “black-box-stage” that was about to start;

• s5: (doing phase 3: active involvement, progressive challenge) to orchestrate the algo-
rithm on a randomly generated sequence stored in a black-box array (being informed 
about the results of the comparison operations); (Fig. 4)

Fig. 1  Sorting-dance

Fig. 2  Animated algorithm
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• (Q7) to answer 13 questions regarding the “black-box-stage” that had just finished and 
the “parallel-simulation-stage” that was about to start;

• s6: (arousing aesthetic emotions) to watch a nice parallel simulation of the six sorting 
algorithm (different sorting algorithms are visualized as they are working side-by-side 
on different color-scale bars); (Fig. 5)

• (Q8) to answer 4 questions regarding the “parallel-simulation-stage” that had just fin-
ished;

• (Q9) to answer 9 questions regarding their global impressions on the e-learning session 
they had just finished.

Fig. 3  White-box task (help request)

Fig. 4  Black-box task
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Results

Analyzing the on-line reports we concluded that 95.65% of the S-students (group-Sa) 
assimilated the studied algorithm. In the case of H-students this percentage was 73.91% 
(group-Ha). These conclusions reflect students’ performance during their black-box task. 
As reported in (Katai 2015) the differences between the corresponding numbers of errors 
diminished as both groups advanced with their e-learning tasks (Fig. 6). A similar phenom-
enon could be observed regarding help request numbers.

Results regarding the motivational perspective

A reliability analysis was carried out on the questionnaire items. Cronbach’s alpha, the 
measure of internal consistency for Likert-type scales showed that the questionnaire 

Fig. 5  Parallel simulation of the sorting algorithms

Fig. 6  Number of errors
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items as grouped in the analysis reached acceptable reliability (for Fig.  7, α = 0.92; for 
Fig. 8, α = 0.84; for Fig. 9, α = 0.88; for Fig. 10, α = 0.79; for Fig. 11, α = 0.87). In all cases, 
all items included in the analysis appeared to be worthy of retention, as the deletion of 
none of them would have resulted in an increase of the internal consistency of the measure. 
(In the followings notation qx/y refers to item y of questionnaire x; notation qa-b/y refers to 
item y of questionnaires a..b; notation qx/a-b refers to items a..b of questionnaire x).

Generally speaking, both groups positively appreciated the e-learning experience. Fig-
ure  7 shows groups’ appreciation-scores during the learning process: (q2/1) “I liked the 
idea behind this e-learning session”; (q3–8/1) “I liked this phase of the e-learning ses-
sion”; (q9/1) “I liked this e-learning session”. Groups’ scores referring to the initial state-
ment (q2/1) were: 5.35 points (group-Ha, 72.5%) and 6.46 points (group-Sa, 91.33%). We 

Fig. 7  Appreciation-scores

Fig. 8  Estimated understanding

Fig. 9  Level of anxiety
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managed to sustain and even gradually increase these initial levels of motivation. Groups’ 
scores regarding the global impression statement (q9/1) were: 6.76 points (group-Ha, 96%), 
6.83 points (group-Sa, 97.17%). To test if differences between groups (regarding the whole 
learning process) were significant we performed a MANOVA. The grouping variable was 
students’ orientation. We chose as dependent variables students’ scores referring to state-
ments q2–9/1. Test results confirmed our expectation that S-students mostly appreciate this 
kind of learning experience (p = .0009).

Comparing (with paired samples t-test) the means of H-students’ scores respects to 
statements q2–4/1 (“hearing and seeing phases”: 5.63 points, 77.17%) with the means 
referring to statements q5–7/1 (“doing phases”: 6.55 points, 92.5%) we detected a signifi-
cant increase (p = .0000) in their appreciation level. This increase significantly diminished 
the size of the differences between groups. Interestingly, this increase took place in spite 
of the fact that students made quite a lot of errors during the “reconstruction task” (Fig. 6).

Regarding other global impression statements like “I liked this e-learning session 
because of its interestingness/challenge/interactivity” (q9/2–4) S-students’ appreciations 
were superior to those of H-students’, but no significant differences were detected. Addi-
tionally, both groups set up the following relations between the motivational contributions 
of the studied factors: “interestingness” < “challenge” (group-Ha, p = .0133; group-Sa, 
p = .03) and “challenge” < “interactivity” (group-Ha, p = .2313; group-Sa, p = .003) (we 
applied paired samples t-tests). Since the dance choreography illustration was the most 

Fig. 10  Perceived challenge

Fig. 11  Active involvement
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distinctive part of the generated learning experience, we compared the two groups’ appre-
ciation scores regarding this component before (q2/2: “I consider that combining arts with 
sciences is an interesting idea”) and after (q9/5: “I liked this e-learning session because 
of the dances”) the learning session. While H-students reported approximately the same 
appreciation level at the end as at the beginning of the experiment (83% vs. 77%), S-stu-
dents’ appreciation increased significantly (87% vs. 97%; paired samples t-test, p = .04). In 
other words, while both groups indicated equally high scores in anticipation (group-Ha: 
82%, group-Sa: 87%), the appreciation score reported after the learning session by group-
Sa was significantly higher than the group-Ha’s score (group-Ha: 77%, group-Sa: 97%; two 
samples t-test, p = .0002).

Comparing (MANOVA) groups’ scores referring to statements “I caught the logic of 
the sorting strategy” (q3/5, q4/5) and “I reached this performance because I understood 
the strategy the algorithm applies” (q5/6, q6/5, q7/5) we found significant differences 
(p =.0014) in favor of S-students (Fig. 8). Examining the graphics separately we noticed 
the following:

• Group-Sa reported steep increases in their understanding after they had watched the 
dance-performance and the animation. Performance results more or less confirmed 
these estimates (Fig. 6). During the “doing phases” they adjusted their estimates to cor-
respond better with their real level of understanding.

• In the case of group-Ha a gradual increase can be observed in students’ auto-estimated 
levels of understanding. However, performance results did not confirm these scores 
(Fig.  6). During the reconstruction task H-students realized that they had not under-
stood the algorithm adequately and after this phase they did not report further increases 
in their level of understanding. Group-Ha’s estimates were (relatively) consistent with 
their performance results only after the white- and black-box tasks. Thanks to the 
“doing phases” of the learning process H-students’ sensations that they caught the logic 
of the strategy were followed by real increases in their understanding.

Figure  9 shows groups’ scores referring to statements “I am afraid / consider that 
what this e-learning session implies is beyond me” (q2/10, q5/15, q6/15, q7/12) and “I 
did not realize what was going on” (q3/4, q4/3). Both groups reported relatively low-
level feelings of anxiety and a strong correlation can be observed between their responses 
(r = 0.86 > 0.70). Although H-students’ scores were significantly superior to those of their 
S-colleagues’ (MANOVA, p = .0056), the size of the differences diminished as the two 
groups advanced during the learning process. These graphics also reveal that both groups 
overestimated their level of understanding after “seeing phases” and emphasize the out-
standing importance of the “doing phases” in such learning topics. We also observed 
strong correlations between students responses to statements (q5/15, q6/15, q7/12) and the 
number of errors they made during the “doing phases” (group-Ha, r = 0.99 > 0.87; group-
Sa, r = 0.98 > 0.87) (see Fig. 6).

After students had watched the danced algorithm both groups understood more clearly 
what a sorting strategy means. The moderate challenge students perceived starting from 
this point (Fig. 10; q3/6: “This e-learning session seems to be a challenging one”, q4/10: 
“To reconstruct the same operation-sequence does not seem to be a complicate task”, 
q5/14: “To orchestrate this strategy on random input sequences will be a challenging task”, 
q6/14: “Since I caught the logic of the strategy no problem for me to orchestrate it on hid-
den sequences”) explains their large global impression scores regarding the motivational 
contribution of the challenge-factor (q9/3). Although the challenge perceived by group-Ha 
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was superior to group-Sa, the difference between them was not significant (MANOVA, 
p =.2). On the other hand there was a strong correlation (r = 0.94 > 0.75) between groups’ 
responses and the differences diminished towards the end of the learning session.

Figure 11 shows the scores the reported by the two groups on the subject of students’ 
forecasted involvement in following learning-unit (q2/11, q4/9, q5/13, q6/13; “I appreci-
ate that the software makes possible to do (reconstruct/orchestrate) …”). Differences are 
significant (MANOVA, p = .0008). After the “seeing phases” both groups were more moti-
vated to be involved in the learning process than at the beginning of the session (group-Sa 
reported maximal score at this point). Considering the whole learning process, H-students’ 
scores indicate a continuous increase.

Discussion

Research results presented in this paper provide new insights into the motivational behav-
ior of sciences- and humanities-oriented learners within a CT promoter learning environ-
ment. One of the main conclusions of this research in that there are no unbridgeable dif-
ferences between the ways H- and S-students relate to CT promoter e-learning tools. We 
found strong correlations between both the performance-results and motivational-scores of 
the groups. Additionally, S-students’ superiority over their H-colleagues (in both aspects) 
progressively and significantly diminished as the groups advanced with their e-learning 
tasks.

S-students’ superiority with regard the majority of test items is a quite evident result and 
is in line with previous studies in the topic of cognitive style characterized by the psycho-
logical dimensions of empathizing and systemizing (Baron-Cohen 2003). Billington et al. 
(2007) studied the cognitive style of sciences- and humanities-oriented students. Their 
research evidence indicates a “systemizing > empathizing” profile for science students (as a 
group), and an “empathizing > systemizing” profile for humanities ones (as a group). Obvi-
ously, studying algorithms implies, first of all, systemizing which is defined by the authors 
of the aforementioned study as the drive and ability to analyze a system in terms of an 
INPUT—OPERATION—OUTPUT principle. The surprising finding of this research is the 
way that H-students have caught up with their S-colleagues.

Sequenced multiple representation, besides its direct cognitive benefit (implementing 
the principle of gradual shift from concrete to abstract), allowed us to explore multiple 
motivational resources. Whilst students considered the dance-performance mainly to be 
interesting, they found the black-box task to be exciting (because of its challenge and inter-
active character). Whilst the dance-performance helped students to imagine what a sorting 
algorithms means, the black-box representation helped them to focus on the key elements 
of the strategy (on which sequence of element-pairs, what operations, compare or com-
pare + swap, should be performed). For example, Katai (2014, 2015) reported that students 
sorting hidden sequences skipped significantly less frequently comparing operations than 
those working on visible sequence.

Another conclusion of this research is that—in CT promoter environments—the prin-
ciples of “moderate-progressive challenge” and “genuine active involvement” are more 
effective motivational resources than interestingness. In addition, interestingly, S-students 
appreciated the dance choreography representation better than H-students.

Since the concept of moderate challenge implies a relatively large range of challenge, we 
were able to calibrate the learning environment such that it was appropriately challenging 
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to both groups. To keep the challenge factor at an optimal level, the learning environment 
offers users the possibility of skipping or repeating certain units. Whilst H-students needed 
all three “doing phases”, in the case of S-students the “reconstruction phase”, or even the 
“white-box orchestration phases”, could be skipped.

Experiment results emphasize the determinative role of the “genuine active involve-
ment” in promoting CT. The “doing phases” of the learning process, besides unmasking 
false sensations of understanding (especially in the case of H-students) revealed students’ 
misconceptions and helped them to really catch the logic of strategy. As a consequence stu-
dents became more motivated to succeed.

These results harmonizes with the findings of game-based learning research which also 
emphasizes the importance of the challenge factor. A recent study performed by Hamari 
et al. (2016) concludes that challenge could be an especially strong predictor of learning 
outcomes. Hung et al. (2015) investigated whether challenging games are more able than 
matching games to improve the students’ motivation. They report that students involved in 
the challenging games achieved better flow experience (Csikszentmihalyi 1990), learning 
performance, and satisfaction.

Previous research regarding the motivational role of the “genuine active involvement” 
also revealed that meaningful interactivity could significantly contribute to positive atti-
tude, quality of learning, and motivation (Grigorovici et al. 2003; Sundar et al.2003; Thor-
son and Rodgers 2006; Evans and Gibbons 2007). For example Lumpkin et  al. (2015), 
report that the participants of their investigation especially valued their active involvement 
in learning activities highlighting that engagement positively impacted their learning.

Our conclusion with respect to the role of “doing phases” in unmasking false sensa-
tions of understanding is in line with the statement Nemirow (1995) made regarding the 
phenomenon of understanding: “To understand is to be able to implement or apply a rule”. 
According to Wittgenstein (2009), someone who exclaims that “Now I can go on!”, but 
fails to do so, certainly did not understand. Brantingham (2011) argues that the feeling that 
accompanies understanding (a belief that we have got the idea) should not be equated with 
the real understanding. If this feeling is not followed by explanation or action, then under-
standing has not occurred.

Limitations

A first limitation of this study is that the majority of H-students were females and most 
S-students were males (as mentioned above this distribution is characteristic to these edu-
cational programs). This fact could affect our results. For example, the significant differ-
ences we detected between groups regarding the anxiety factor could partly be caused by 
gender differences. This would be in line with several studies that investigated the effect of 
gender on computer anxiety. For example, McIlroy et al. (2001) report in persisting gender 
differences on self-reported computing anxiety. In a similar study (performed in the same 
country where our investigation was implemented) the authors also detected significant 
gender effect with respect to computer anxiety (Durndell and Haag 2002).

The only component where H-students’ scores were higher than those of their S-col-
leagues is participants’ appreciation regarding their forecasted involvement in following 
learning-unit (see Fig. 11). But this result could also be perturbed by gender differences. 
For example, Khan et al. (2017) report that in the game-based learning context they have 
analyzed girls outperformed boys in terms of engagement.
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Another limitation of our approach is that the learning session we designed included 
only one algorithm, a specific sorting algorithm. In addition, definitions of CT emphasize 
that promoting this skill involves more than supporting students in assimilating basic com-
puter algorithms (Shute et al. 2017).

Conclusion and future plans

We share the conviction of Grover and Pea (2013) that just as basic literacy in mathemat-
ics and the sciences are considered essential for understanding how our world works, CT is 
just as essential in understanding how the all–pervasive computing devices work. Accord-
ingly, a unified “CT for all” approach, akin to initiatives like “Science for all” or “Arts for 
all”, which is carefully designed and properly calibrated, and which bridges the diversity 
gaps in order to target all learning communities, is a major endeavor. The study we pre-
sented should encourage curriculum developers and instructional designers to analyze the 
possibility of designing and developing unified CT promoter learning environments for all 
students.

Recently, new dance choreographies were added to the AlgoRythmics (2019) collec-
tion which considerable increased its diversity. The website that attaches interactive anima-
tions to the videos is under reconstruction. It will also allow registered teachers to create 
e-learning courses by freely combining learning steps built around the videos and anima-
tions. Consequently, the renewed AlgoRythmics environment (including three searching 
and seven sorting algorithms) will offer great opportunities for practitioners to design and 
implement learning sessions in the spirit of this study. We are planning to elaborate a one 
semester syllabus which can be easily adapted to the needs of both humanities- and sci-
ences-oriented students.
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Appendix

Questionnaire 1

1. I understand the concept of algorithm.
2. I understand what a sorting algorithm means.
3. I am totally unfamiliar with this subject.
4. I agree that algorithmic thinking is a valuable ability that I should posses.
5. I agree that understanding how sorting algorithms work can enhance my algorithmic 

thinking.

Questionnaire 2

 1. (E) I like the idea behind this e-learning session.
 2. (E) I consider that combining arts (folk dances) with sciences (computer algorithms) 

is an interesting idea.
 3. (E) I consider that combining something so modern (computer sciences) with some-

thing so traditional (folk dances) is a surprising idea.
 4. (E) I am curious about how sorting algorithms work.
 5. (E) I am curious about this e-learning session due to the dances.
 6. (E) I am curious about this e-learning session because of the art-science combination.
 7. I understood in what aspects of the choreography I should focus on:

• to identify the comparing and swapping operations;
• to identify the traverses of the number-sequence;
• to identify the sorting strategy.

 8. I understood that this e-learning session implies a substantial active participation from 
me: to understand, reconstruct and orchestrate the studied sorting algorithm.

 9. (C) To identify a danced strategy has to be a non trivial task.
 10. (C) I am afraid that what this e-learning session implies is beyond me.
 11. (I) The idea of reconstructing and orchestrating an algorithm attracts me.

Questionnaire 3

1. (E) I liked this phase of the e-learning session.
2. (E) I enjoyed the dance-performance.
3. (E) The dance choreography helped me to imagine what a sorting algorithm means.
4. (E) I did not realize what was going on.
5. (E) I caught the logic of the sorting strategy.
6. (C) This e-learning session seems to be a challenging one.
7. (C) I hope the computer animation will help me to understand more deeply the algo-

rithm.
8. (I) The idea that I will have to try to orchestrate such a complex strategy scares me.
9. (I) All my confidence is in the help button.

Questionnaire 4

 1. (E) I liked this phase of the e-learning session.
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 2. (E) The animation was expressive and interesting.
 3. (E) I did not realize what was going on.
 4. (E) I realized the correspondences between the dance-choreography and the computer 

animation (comparing, swapping, traverses …).
 5. (E) I caught the logic of the sorting strategy.
 6. I understood what to reconstruct/orchestrate (using the mouse) an algorithm means:
 • to choose (according to the strategy of the algorithm)

• the next pair of elements to be processed,
• the proper operation (comparing or swapping) to be applied.

 7. I understood what the role of the help button is:

• to inform me about the next step to be performed (what operation on what elements 
has to be applied).

 8. I understood that my performance is measured on:

• how many faults (wrong pair of elements or wrong operation) I have made,
• how many times I have used the help button.

 9. (I) I appreciate that the software makes possible to “do” what I have just “heard” and 
“seen”.

 10. (C) To reconstruct the same operation-sequence does not seem to be a complicate task.
 11. (I) I appreciate that a help button has been implemented to bring me through the pos-

sible stuck points.
 12. (C) I hope I will not need to use the help button in the reconstructing process.

Questionnaire 5

 1. (E) I liked this phase of the e-learning session.
 2. (E) I like the way the software implements the principle of “hearing, seeing, doing”.
 3. (E) I am positively surprised that I made only a few faults.
 4. (E) I often applied guessing.
 5. (E) My memory helped me in the reconstruction process.
 6. (E) I reached this performance because I understood the strategy the algorithm applies.
 7. (E) I am disappointed that I was forced to use the help button so many times.
 8. (E) It would be better if I made use of the help button more efficiently.
 9. (E) “Doing the algorithm” I better understand it.
 10. (I) I appreciate that the software makes possible to choose between repeating the cur-

rent level task and moving to the next level task.
 11. (C) I would like to repeat this task until I manage to perform it faultless.
 12. (C) Although I made some mistake it would be boring to try it again.
 13. (I) I appreciate that the software makes possible to orchestrate the algorithm on ran-

domly generated input sequences.
 14. (C) To orchestrate this strategy on random input sequences will be a challenging task.
 15. (C) I consider that what this e-learning session implies is beyond me.
 16. (I) I appreciate that a help button has been implemented to bring me through the pos-

sible stuck points.
 17. (C) I think I will not need to use the help button in orchestrating the algorithm on any 

input sequence.
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Questionnaire 6

 1. (E) I liked this phase of the e-learning session.
 2. (E) I like the way the software implements the principle of progressive difficulty.
 3. (E) I am positively surprised that I made only a few faults.
 4. (E) I often applied guessing.
 5. (E) I reached this performance because I understood the strategy the algorithm applies.
 6. (E) I am disappointed that I was forced to use the help button so many times.
 7. (E) It would be better if I made use of the help button more efficiently.
 8. (E) Orchestrating the algorithm I identified lacunas in my understanding of the algo-

rithm.
 9. I understood that although the numbers will be hidden, I will be informed about the 

results of the comparing operations.
 10. (I) I appreciate that the software makes possible to choose between repeating the cur-

rent level task and moving to the next level task.
 11. (C) I would like to repeat this task until I manage to perform it faultless.
 12. (C) Although I made some mistake it would be boring to try it again.
 13. (I) I appreciate that the software makes possible to test the solidity of my understanding 

regarding the algorithm on hidden sequences.
 14. (C) Since I caught the logic of the strategy no problem for me to orchestrate it on hid-

den sequences.
 15. (C) I consider that what this e-learning session implies is beyond me.
 16. (I) I appreciate that a help button has been implemented to bring me through the pos-

sible stuck points.
 17. (C) I hope that I will be able to perform the “black-box orchestration process” without 

using the help button.

Questionnaire 7

 1. (E) I liked this phase of the e-learning session.
 2. (E) I like the way the software implements the principle of progressive difficulty.
 3. (E) I am positively surprised that I made only a few faults.
 4. (E) I often applied guessing.
 5. (E) I reached this performance because I understood the strategy the algorithm applies.
 6. (E) I am disappointed that I was forced to use the help button so many times.
 7. (E) It would be better if I made use of the help button more efficiently.
 8. (E) Orchestrating the algorithm on a hidden sequence revealed further lacunas in my 

understanding of the algorithm.
 9. (I) I appreciate that the software makes possible to choose between repeating the cur-

rent level task and moving to the next level task.
 10. (C) I would like to repeat this task until I manage to perform it faultless.
 11. (C) Although I made some mistake it would be boring to try it again.
 12. (C) I consider that what this e-learning session implies is beyond me.
 13. (E) I am curious to see the parallel illustration of several sorting algorithms on colour 

scale bars.
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Questionnaire 8

1. (E) I liked this last phase of the e-learning session.
2. (E) The parallel simulation was expressive.
3. (E) The colourful global image the parallel simulation generated was nice.
4. (E) I am curious about the other sorting algorithms, too.

Questionnaire 9

 1. (E) I liked this e-learning session.
 2. (E) I liked this e-learning session because of its interestingness.
 3. (E) I liked this e-learning session because of its challenge.
 4. (E) I liked this e-learning session because of its interactivity.
 5. (E) I liked this e-learning session because of the dances.
 6. (E) I consider this e-learning experience to be a useful one because it initiated me in 

what sorting algorithms mean.
 7. (E) I consider this e-learning experience to be a useful one because it resulted in a 

deeper understanding on how the studied algorithm works.
 8. (E) I consider this e-learning experience to be a useful one because it may contribute 

to a developed algorithmic thinking.
 9. (E) I would like to study the other sorting algorithms the ending parallel simulation 

presented.
 10. (E) I would recommend this e-learning experience for my friends, too.
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