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Abstract
This study examined whether developing earlier forms of knowledge in specific learning
environments prepares students better for future learning when they are placed in
an unfamiliar learning environment. Forty-one students in the fifth and sixth grades
learned to program robot movements using abstract concepts of speed, distance and
direction. Students in high-transparency environments learned visual programming to
control robots (eg, organizing visual icons), and students in low-transparency environ-
ments learned syntactic programming to control robots (eg, text-based coding). Both
groups received feedback and models of solutions during the learning phase. The assess-
ment midway showed students in both conditions learned equally well when solving
problems using familiar materials. However, a difference emerged when students were
asked to solve new problems, using unfamiliar materials. The low-transparency group
was more successful in adapting and repurposing their knowledge to solve novel prob-
lems that required the use of unfamiliar high-transparency materials. Students in
the high-transparency group were less successful in adapting their knowledge when
solving new problems using unfamiliar low-transparency materials. Both groups then
proceeded to learn in the opposing transparency environments. The posttest revealed the
benefits of initial learning in low-transparency environments as students performed
better on repeated and new inferential problems across virtual and physical platforms.

Introduction
In the past decade, engineering education has slowly made its way into K-12 classrooms and
receives increasing attention as an important content area in response to declining student
interest in the fields of science, technology, engineering and mathematics (often referred to as
the STEM area). Robotics is often used as a vehicle to introduce young students to engineering
concepts. Robotics engages students in design, iteration and testing that can involve introductory
engineering concepts, skills and strategies to solve real-world problems (Papert, 1980; Resnick,
Berg & Eisenberg, 2000). Taking things apart and figuring out how things work has helped
students develop an implicit understanding of introductory engineering design. Often these
learning materials are filled with rich perceptual details that help students link activity to abstract
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concepts. Literature on manipulatives for elementary math learning has found that the trans-
parent nature of learning materials and direct physical interaction with these materials help
build explicit bridges between informal understandings and formal mathematical concepts and
symbols (Schoenfeld, 1988; Uttal, 2003).

Rather than solely using high-transparency and perceptual details as a way to scaffold the link
from activity to abstract concepts, an important addition has been to consider how to develop
earlier forms of knowledge to prepare students for future learning. In other words, researchers
have investigated situations that better prepare students to apply their knowledge to unfamiliar
learning environments (Gilmore, 1996; Pea & Kurland, 1984). The way in which knowledge is
acquired often depends on how learning is tied to context or learning materials (Eich, 1985).
Martin and Schwartz (2005) found that certain learning materials influenced the extent to which

Practitioner Notes
What is already known about this topic

• Manipulatives (eg, pie wedges, tiles) are known to help students build bridges between
informal understandings and formal symbolic representations of mathematical
concepts.

• High-transparency environments may limit performance to familiar environments.
• Well-structured environments may hinder students from developing useful insight in

figuring out unfamiliar situations.
• Presenting concepts in multiple contexts can help students make connections to the

real world and develop a more flexible representation of knowledge.

What this paper adds

• Developing earlier forms of knowledge in specific environments can influence
student’s ability to reinterpret a situation or develop useful insights when problem
solving.

• Student in the low-transparency group were better prepared to link their existing
knowledge to new unfamiliar learning environments and materials.

• Benefits of initial knowledge building in low-transparency environments seemed
to have a long-term effect on performance, even after students experience multiple
learning environments.

• Benefits of initial knowledge building in low-transparency environments extend
across different computing platforms, specifically virtual computer-generated plat-
forms and physical real-world platforms.

Implications for practice and/or policy

• Order of learning influences adaptability and transfer when applying knowledge in
new learning environments.

• The findings help teachers identify the learning conditions (ie, high or low transpar-
ency) and materials that may amplify student learning and transfer.

• Preparing students so that they can apply their problem-solving strategies to new
representational systems is a crucial area of research with practical implication in this
fast changing world.

• Developing lessons using digital manipulatives for both virtual (on computer) and
physical (hands-on) computing platforms can help students make connections between
intuitive and formal knowledge.
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students were prepared when asked to solve problems using novel resources. Several studies
with 9- to 10-year-olds demonstrated the benefits of physically manipulating pie wedges and tiles
to understand fractions. They found that the high transparency in pie wedges made it easier for
students to see the connection between the informal understanding and the formal symbolic
representation of the concepts because interpretation of “wholeness” was already built into the
material (eg, slice from a whole pie). The tile pieces were less transparent and took more time to
interpret as part of a whole piece. The pie wedges were more efficient in terms of faster knowledge
building and performance, but the tile pieces helped students develop insight into figuring
out unfamiliar situations, even though the tiles took more time to make headway. When students
were asked to solve problems that used new, unfamiliar materials, the results revealed how
the difference in transparency influenced initial knowledge building. They found that too much
transparency and structure could hinder transfer because students did not have a chance to
develop insight gained by figuring out unfamiliar situations. In high-transparency environ-
ments, students could get by with situational problem solving by taking advantage of particular
details within the learning environment (eg, pie wedges as part of the “wholeness”). So, rather
than producing a general interpretation, the students produced unique solutions that were good
for the given situation at hand. This seems to be a common characteristic of nonexperts (Martin
& Schwartz, 2005). The less transparent tile pieces required students to reinterpret the tiles from
units to segments. This developed useful insights in students that later benefited transfer.

More recently, “digital manipulatives” (eg, programmable building bricks) have been created to
expand the range of concepts children can explore (Resnick et al, 2000). Modern robotic con-
struction kits provide a learning environment in which children can build concrete objects using
familiar materials such as gears, motors, sensors and computer-generated interfaces to program
their creations (Bers, Ponte, Juelich, Viera & Schenker, 2002; Kafai, 1994; Kafai & Resnick,
1996). Traditional manipulatives (eg, pie wedges and tile pieces) usually involve physical action to
move the pieces around, and the outcome observed is usually an immediate and direct extension
of the student’s hand movement. This physical action of moving tile pieces around and counting
pieces helped students let go of old constructs and develop new interpretations and insights
that led to better transfer (Martin & Schwartz, 2005). In contrast, modern robot construction
kits usually involve a multistep process, where students put their ideas into a program, and the
computer executes a command or behavior that has very little resemblance to the student’s initial
input. Students formalize rules in a learning environment (eg, robot programming interface), and
then observe an external source such as a robot interpret and carry out the command in its
entirety. Students can see the implications of their actions (ie, each formalized rule) by observing
the output (eg, robot behavior), and then backtrack to ferret out the algorithms that dictate robot
actions. Unlike traditional manipulatives, in digital manipulatives, student’s actions have con-
sequences for robot behavior. To avoid confusion moving forward, “learning environment” is
defined as the digital manipulative where students organize ideas and formalize rules in a pro-
gramming interface, and “computing platform” as the place in which programming occurs—on
a computer (ie, a virtual platform which is computer generated) or programming by manipulat-
ing physical objects in the real world.

The current study examines whether (1) initial knowledge building in specific environments (ie,
high or low transparency) matters, when students’ actions (eg, programming and formalizing
rules) bear very little resemblance to the output carried out by an external source (ie, robot
or another human); (2) whether benefits of initial learning in specific environments continue to
influence performance, even after students are exposed to alternative learning environments; and
(3) if the benefit extends across different computing platforms, specifically virtual platforms
(computer generated) and physical platforms (real world). The leading prediction is that initial
knowledge building in a low-transparency environment will better prepare students to learn and
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adapt to alternative learning environments. One implication of this research is to identify envi-
ronments and materials that may amplify learning situations and help teachers develop learning
adaptability among students.

Method
Participants
The study consisted of 41 students in the fifth grade (n = 26) and sixth grade (n = 15) between the
ages of 9 and 11. The students were from a local public school in upper Manhattan. Students
engaged in a 1-hour session for 10 consecutive days, during which they learned to program robot
movements using abstract concepts of speed, distance and direction. None of the students had
any prior programming experience or knowledge of robotics.

Study design
The study comprised of two conditions (see Figure 1). The between-subjects factor was Initial
Transparency Level (High-Transparency vs. Low-Transparency). Students in the high-
transparency learning environment condition learned to control robots using visual program-
ming (eg, organizing visual icons), and students in the low-transparency learning environment
condition learned to control robots using syntactic programming (eg, coding by text). The within-
subject measure included a midtest (administered at the end of day 5) that measured the short-
term effect on performance and transfer after phase 1, and a posttest (administered at the end of
day 10) that measured the long-term effect on performance after students experienced learning in
opposite conditions in phase 2.

Figure 1: Study procedure and timeline
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Materials and experimental setting
In the high-transparency learning environments, students were introduced to visual program-
ming for robotics. As teaching a subject in multiple contexts seems to help students learn (Brooks,
1999; Kordaki, 2007), the learning environment consisted of two computing platforms, a virtual
platform and a physical platform. In a virtual platform, students program on a computer screen;
in a physical platform, students program by moving around physical objects (ie, picture cards,
coloring a box using a pencil and paper). Each computing platform had a different programming
interface. The virtual platform involved the use of a LEGO Mindstorms NXT 2.0 kit and a soft-
ware programming module called NXT-G (LEGO Systems, Inc., Enfield, CT, USA). The NXT-G
software was based on LabView, a visual programming environment developed by National
Instruments. The software featured an interactive drag-and-drop environment, where flowchart-
like blocks were used to design programs (see Figure 2). Programs were then compiled and
downloaded onto the NXT brick that controlled the robot.

The physical platform involved the use of picture cards from a card game called “You Robot”
by Asmodee (Plattsburgh, NY, USA). Students worked in pairs, taking turns to play the role of a
scientist and a robot. The scientist “programs” the robot’s actions by positioning the picture cards
in a specific order. The cards feature images such as robot body parts, arrow cards, turn instruc-
tions and other behaviors. The student who takes the role of the robot interprets the “program”
by looking at how the picture cards are ordered, and executes the command (eg, walk to the right
for 5 seconds). The student taking the scientist’s role must adjust the order and selection of the
cards until the robot successfully carries out the planned action (see Figure 3). Students were only
allowed to communicate through the picture cards and were not allowed to talk during the task.

In the low-transparency learning environments, students were introduced to syntactic program-
ming for robotics. The learning environment consisted of two computing platforms. The virtual
platform used the LEGO Mindstorms NXT 2.0 kit and a software programming module called
ROBOTC (Robotics Academy, Carnegie Mellon University, Pittsburgh, PA, USA) (see Figure 4). The
ROBOTC software is based on the C programming language developed by Carnegie Mellon Robot-
ics Academy. This C programming software is a highly optimized firmware that compiles and
compresses files, allowing the NXT block to run programs quickly.

The physical platform used a robot device called Ladybug Robot by JS-Robotics (Tsukuba, Japan).
Students programmed the robot by physically shading in squares on a card with a pencil (see

Figure 2: Visual programming environment (virtual platform)

848 British Journal of Educational Technology

© 2013 British Educational Research Association



Figure 5). The participants then took the robot and slid it over the shaded squares of the card. The
four light sensors on the bottom of the robot’s printed circuit board plate scan the handwritten
program code (shaded squares) and execute the action (eg, turn right, move forward 5 seconds).
No computers were needed to program, only a pencil and paper.

Procedure
Prior to the study, students were introduced to the research staff and given a general introduction
to basic principles behind robotics (eg, use of robots in society, how humans control and com-
municate with a machine, different programming languages). Students were randomly assigned
to one of two conditions where the initial transparency level was either high or low (see Figure 1).
Students in the high-transparency learning environment learned to control robots using visual
programming (eg, organizing visual icons). Students in the low-transparency learning environ-
ment learned to control robots using syntactic programming (eg, coding by text). In phase 1,
students were assigned several robot programming tasks and used materials from their assigned
learning environment. The robot programming covered tasks where different formalized rules
regulated robot behavior. The research assistant covered the main points of the assignment at the
beginning of each session and then let students work on the tasks. Several research assistants

Figure 3: Visual programming environment (physical platform)

Figure 4: Syntactic programming environment (virtual platform)
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were positioned in the classroom to assist the students. During the learning phase (phase 1: days
1–5, and phase 2: days 6–10) the research assistants provided the students with feedback and
models of solutions when needed. The tasks were designed in such a way that each new task built
on the skills learned from the previous tasks. The research assistants made sure that the students
paced themselves so all the tasks were completed by the end of the 1-hour session, and that
each student had a chance to program and execute all the tasks. At the end of day 5, the research
assistants left the room, and the students took the midtest without feedback or help from the
research assistants. The midtest included problems using familiar materials from their initial
learning environment, as well as unfamiliar problems from the opposite condition to measure
transfer. On day 6, phase 2 began and students switched conditions. Students who had been in
the high-transparency learning environment switched to the low-transparency learning envi-
ronment and learned syntactic programming for robotics (and vice versa for the other condition).
Again, the research assistants ensured that the students paced themselves and that each student
had a chance to program and execute the tasks. By the end of day 10, both groups had experi-
enced both learning environments, but in different orders. The study concluded with the research
assistants leaving the room and the students taking the posttest on their own.

Measures
Two exams were administered to investigate whether developing earlier forms of knowledge
in specific environments better prepares students for learning. The exams comprised of a midtest
halfway through the intervention at the end of day 5 and a posttest at the end of day 10. The
midtest included 32 problems that (1) measured performance on familiar materials from the
student’s initial learning environments and (2) transfer problems to see if students can adapt and
repurpose their knowledge to solving problems that address similar concepts but use unfamiliar
materials. Meaning, students who were initially in the high-transparency (visual programming)
group were asked to solve both visual programming and syntactic programming (transfer) prob-
lems using their “visual programming” knowledge and experience. Students who were initially
in the low-transparency (syntactic programming) group were asked to solve both syntactic pro-
gramming and visual programming (transfer) problems using their “syntactic programming”
knowledge and experience. The study ensured that the transfer problems were addressing the
same abstract concepts (eg, programming robot movement, direction, behavior) the students had
already learned to solve in their initial learning environment.

The midtest consisted of 16 visual programming problems from both virtual and physical plat-
forms (for example problems, see Figures 6 and 7) and 16 syntactic programming problems from

Figure 5: Syntactic programming environment (physical platform)
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Figure 6: Example of virtual programming problems (virtual platform) on the midtest and posttest

Figure 7: Example of virtual programming problems (physical platform) on the midtest and posttest
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both virtual and physical platforms to measure adaptability across learning environments (for
example problems, see Figures 8 and 9). This allowed students to solve programming problems
that covered the same basic abstract concepts, but in a different learning environment using new
materials from the opposing condition.

The posttest consisted of 48 problems, comprising of 32 problems from the midtest to measure
understanding of basic concepts after students experienced both high- and low-transparency
learning environments, and 16 new problems that included inferential problems that required a
deeper understanding of the relations between basic concepts (see Figures 6–9).

Results
Midtest performance
To test these effects statistically, an ANOVA was conducted where Initial Transparency Level
(High-Transparency vs. Low-Transparency) was the between-subject factor, and the midtest was
the within-subject dependent measure. The midtest consisted of both visual and syntactic pro-
gramming problems from each of the high- and low-transparency learning environments. There
was no difference between the two groups for visual programming problems F(1,39) = 0.04,
p = 0.84, which means that students who were in the high-transparency learning environ-
ment (M = 75%, SD = 0.18) were able to apply what they learned to similar visual programming
problems, and the students in the low-transparency environment (M = 74%, SD = 0.14) were
successful in adapting their knowledge to solve unfamiliar visual programming problems (see
Figure 10). There was a significant difference between the two groups for syntactic programming

Figure 8: Example of syntactic programming problems (virtual platform) on the midtest and posttest
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problems F(1,39) = 12.72, p < 0.01, where students in the low-transparency learning environ-
ment (M = 69%, SD = 0.21) were able to apply what they learned to similar syntactic program-
ming problems, but the students in the high-transparency learning environment (M = 44%,
SD = 0.23) had trouble adapting their knowledge in solving unfamiliar syntactic programming
problems.

Figure 9: Example of syntactic programming problems (physical platform) on the midtest and posttest

Figure 10: Average percentage accuracy on midtest
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Overall posttest performance
The posttest was conducted after each group had a chance to learn in both high- and low-
transparency environments (see Figure 11). An ANOVA was conducted for the posttest. There
was a significant difference in performance between the two groups on visual program-
ming problems F(1,39) = 5.77, p < 0.05. Students in the low-transparency group (M = 75%,
SD = 0.12) scored significantly higher on the visual programming problems than the high-
transparency group (M = 62%, SD = 0.21). On the other hand, there was no significant difference
between the two groups for syntactic programming problems F(1,39) = 2.31, p = 0.14, although
the low-transparency group (M = 63%, SD = 0.21) still scored better on the syntactic program-
ming problems than the high-transparency group (M = 52%, SD = 0.25).

Posttest performance (repeated problems)
This section looked closely at each part of the posttest. For repeated problems (see Figure 12),
there was a significant difference in performance between the two groups on visual programming
problems at F(1,39) = 5.06, p < 0.05. Students in the low-transparency group (M = 81%,
SD = 0.12) scored significantly higher on the visual programming problems than the high-

Figure 11: Average percentage accuracy on overall posttest

Figure 12: Average percentage accuracy on posttest (repeated problems from midtest)

854 British Journal of Educational Technology

© 2013 British Educational Research Association



transparency group (M = 68%, SD = 0.23). There was no significant difference between the two
groups for syntactic programming problems F(1,39) = 0.37, p = 0.55. The low-transparency
group (M = 61%, SD = 0.22) performed slightly higher than the high-transparency group
(M = 56%, SD = 0.28).

A paired-sample t-test revealed that after experiencing the low-transparency learning environ-
ment, students in the high-transparency group showed significant improvement in their perfor-
mance for syntactic programming problems from midtest (M = 44%, SD = 0.23) to posttest
(M = 56%, SD = 0.28) on the repeated problems at t(21) = −2.72, p < 0.05.

Posttest performance on new inferential problems
For the new inferential problems on the posttest (see Figure 13) there was no difference in
performance between the two groups on visual programming problems F(1,39) = 2.81, p = 0.10.
Still, the students in the low-transparency group (M = 62%, SD = 0.21) performed better on the
visual programming problems than the high-transparency group (M = 49%, SD = 0.28). There
was a significant difference between the two groups in relation to syntactic programming
problems F(1,39) = 6.73, p < 0.05, where the low-transparency group (M = 68%, SD = 0.34)
performed significantly higher than the high-transparency group (M = 42%, SD = 0.29).

Midtest performance by computing platform
The midtest also examined whether Initial Transparency Level influenced midtest performance
across different computing platforms (see Table 1). In the low-transparency environment, stu-
dents learned syntactic programming on both the virtual platform and the physical platform.
Initial Transparency Level significantly influenced performance on both the virtual platform
F(1,39) = 5.39, p < 0.05 and the physical platform F(1,39) = 12.27, p < 0.01. Students in the
low-transparency group were able to apply what they learned to familiar syntactic programm-
ing problems across both platforms, while the students in the high-transparency group had
trouble adapting their knowledge in solving unfamiliar syntactic programming problems on both
platforms.

In the high-transparency environment where students learned visual programming, InitialTrans-
parency Level made no difference to performance on both the virtual platform F(1,39) = 0.33,
p = 0.57 and the physical platform F(1,39) = 0.39, p = 0.54. Students in the high-transparency
group were able to apply what they learned to familiar visual programming problems on both

Figure 13: Average percentage accuracy on posttest (new inferential problems)
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platforms, while the students in the low-transparency group were able to successfully adapt their
knowledge in solving unfamiliar visual programming problems on both platforms.

Overall posttest performance by computing platform
The posttest also examined whether Initial Transparency Level influenced overall posttest perfor-
mance across different computing platforms after the groups had experienced both high- and
low-transparency environments (see Table 1). In the low-transparency environment, where
students learned syntactic programming, Initial Transparency Level made no difference to
performance on both the virtual platform F(1,39) = 1.76, p = 0.19 and the physical platform
F(1,39) = 1.89, p = 0.18.

In the high-transparency environment where students learned visual programming, Initial
Transparency Level significantly influenced performance on the virtual platform F(1,39) = 4.68,
p < 0.05, where the low-transparency group performed significantly higher than the high-
transparency group (see Table 1). There was no significant difference in performance on the
physical platform F(1,39) = 2.96, p = 0.09, even though the low-transparency group showed
higher accuracy.

Posttest performance on repeated problems by computing platform
The analysis further examined whether Initial Transparency Level influenced posttest perfor-
mance on repeated problems across the two platforms. In the low-transparency environment,
where students learned syntactic programming, Initial Transparency Level made no significant
difference to performance on both the virtual platform F(1,39) = 0.33, p = 0.57 and the physical
platform F(1,39) = 0.22, p = 0.64, although the low-transparency group showed higher accuracy.

Table 1: Average percentage accuracy on midtest and overall posttest across computing platforms

Midterm

Low-transparency environment
(syntactic programming)

High-transparency environment
(visual programming)

Virtual
platform*

Physical
platform**

Virtual
platform

Physical
platform

M (SD) M (SD) M (SD) M (SD)

Initial transparency level:
low-transparency group

66% (0.26) 72% (0.29) 76% (0.12) 71% (0.22)

Initial transparency level:
high-transparency group

46% (0.29) 42% (0.25) 74% (0.13) 76% (0.31)

Posttest

Low-transparency environment
(syntactic programming)

High-transparency environment
(visual programming)

Virtual
platform

Physical
platform

Virtual
platform*

Physical
platform

M (SD) M (SD) M (SD) M (SD)

Initial transparency level:
low-transparency group

63% (0.24) 64% (0.23) 77% (0.12) 72% (0.24)

Initial transparency level:
high-transparency group

52% (0.29) 53% (0.29) 64% (0.23) 58% (0.27)

*Significant at the p < 0.05 level. **Significant at the p < 0.01 level.
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In the high-transparency environment where students learned visual programming, Initial
Transparency Level significantly influenced performance in the virtual platform F(1,39) = 5.93,
p < 0.05, where the low-transparency group performed significantly higher than the high-
transparency group (see Table 2). There was no difference in performance on the physical platform
F(1,39) = 1.65, p = 0.21.

Posttest performance on new inferential problems by computing platform
The analysis further examined whether Transparency Level influenced posttest performance
on new inferential problems across the two platforms. In the low-transparency environment,
where students learned syntactic programming, Initial Transparency Level made no significant
difference (though approaching significance) on performance in the virtual platform F(1,39) =
3.82, p = 0.06. There was a significant difference in performance on the physical platform
F(1,39) = 5.96, p < 0.05, where the low-transparency group performed significantly higher than
the high-transparency group (see Table 2).

In the high-transparency environment, where students learned visual programming, Initial
Transparency Level made no difference to performance on the virtual platform F(1,39) = 1.24
p = 0.27, but a significant difference to performance on the physical platform F(1,39) = 7.04,
p < 0.05, where the low-transparency group performed significantly higher than the high-
transparency group (see Table 2). The benefits of initially learning in the low-transparency envi-
ronment seemed to extend to posttest (repeated problems) performance across both platforms,
and similarly extended further to posttest (new problems) that were inferential problems requir-
ing deeper understanding of basic concepts.

Table 2: Average percentage accuracy on repeated and new problems on posttest across computing platforms

Posttest (repeated problems)

Low-transparency environment
(syntactic programming)

High-transparency environment
(visual programming)

Virtual
platform

Physical
platform

Virtual
platform*

Physical
platform

M (SD) M (SD) M (SD) M (SD)

Initial transparency level:
low-transparency group

59% (0.27) 64% (0.24) 81% (0.11) 81% (0.26)

Initial transparency level:
high-transparency group

54% (0.30) 60% (0.32) 67% (0.24) 69% (0.32)

Posttest (new inferential problems)

Low-transparency environment
(syntactic programming)

High-transparency environment
(visual programming)

Virtual
platform

Physical
platform*

Virtual
platform

Physical
platform*

M (SD) M (SD) M (SD) M (SD)

Initial transparency level:
low-transparency group

72% (0.40) 63% (0.33) 69% (0.24) 40% (0.27)

Initial transparency level:
high-transparency group

45% (0.45) 38% (0.33) 59% (0.33) 18% (0.25)

*Significant at the p < 0.05 level.
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Discussion
Students who experienced initial knowledge building in low-transparency environments (syn-
tactic programming) seemed to yield better adaptability and preparedness to link their existing
knowledge to solving problems in high-transparency environments (visual programming). The
students who experienced initial knowledge building in high-transparency environments showed
less adaptability and lower performance on unfamiliar problems from low-transparency environ-
ments (syntactic programming). Performance on the new inferential problems in the posttest
revealed that benefits of initial knowledge building in low-transparency learning environments
extended further, even after learning in both high and low-transparency environments. A general
explanation may be that building initial knowledge in a less transparent learning environ-
ment enables students to figure out unfamiliar situations, develop insight and make interpreta-
tions that develop skills to adapt their knowledge in new learning environments. The study also
revealed that too much reliance on high-transparency environments might limit performance
to familiar situations, as the high-transparency group learned well when solving problems
with familiar materials, but not with unfamiliar materials. Another possibility is that a high-
transparency environment is rich in perceptual details and competes with underlying concepts
and abstract principles. McNeil and Jarvin (2007) mention how perceptual details may leave little
cognitive resources available for other processes to link activity to relevant concepts. For example,
Goldstone and Sakamoto (2003) found that students who learned scientific principles from
a computer display rich in perceptual details had more difficulty transferring their knowledge.
Students who learned from a display with fewer perceptual details had better performance and
transfer. Research with children suggests that highly transparent and familiar environments can
cause novices to reason intuitively rather than formally, which can block their appreciation of
formal reasoning (Wason & Johnson-Laird, 1972).

Another interesting question was why the results shared similar findings as traditional mani-
pulatives (eg, Martin & Schwartz, 2005; Gilmore, 1996 on pie wedges, tile pieces), when digital
manipulatives did not allow students to (1) immediately see the implications of their actions, (2)
have no direct control during the execution of the robot behavior or (3) observe any surface
resemblance between initial input and output behavior of the robot. Due to the relatively small
sample size causality will not be addressed, but one might entertain three possible mechanisms
that may have led to the similar findings: recursive feedback, tractable unpredictability and
motivation. Recursive feedback is often observed in a “learning-by-teaching” situation and refers
to information that flows back to the teacher when he or she is observing his or her pupil (or
artifact) independently use what has been taught (or programmed) in a relevant performance
context (Okita & Schwartz, 2013; Okita, Turkay, Kim & Murai, 2013). There are many situations
where people instantiate their ideas in an external form that then exhibits autonomy in
an independent interaction. For example, when people design a product, they put their ideas
into an artifact and see how other people engage their artifact. The same contingency applies to
robotics programming, where instead of teaching, students program by explicitly formalizing the
rules in a learning environment (eg, programming interface), and then observe an external
source (eg, robot) interpret and carry out the command in its entirety without direct programmer
control. This is different from traditional manipulatives (eg, tiles and pies), where feedback is with
respect to the students’ own performances. In robotics programming, there is a recursive loop
where programmers map their understanding to what they observe in their robot’s behavior, and
any discrepancies they notice maps back to the formalized rules they used for programming. In
order for students to see the implications of their actions (ie, each formalized rule), the student
must observe the output (eg, robot behavior) and then backtrack to ferret out the algorithms (ie,
formalized rules) that dictated the robot’s actions. In digital manipulatives using robotics, recur-
sive feedback involves students observing the output given by an external representation (ie, robot
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behavior) and then backtracking to ferret out the algorithms that dictated the robot’s behaviors.
The second mechanism consists of some degree of tractable unpredictability as to how things will
play out. The tractable unpredictability is what makes it possible for recursive feedback to be
informative. If people are absolutely sure of the subsequent behavior of the “fruits of their labor”
and they are right, the feedback is non-informative. On the other hand, if people are completely
unsure of the space of possible outcomes, they will have difficulty making sense of the feedback,
which makes it intractable. The presumption is that these two properties—recursive feedback
and tractable unpredictability –are mediated, or even constituted, by learner attributions and
knowledge where students who learned in an environment with materials that helped enhance
recursive feedback and tractable unpredictability would learn more in the environment. Another
possible reason for the difference may have to do with motivation. Students who start in the
high-transparency environment may have found moving the pieces around and seeing how
they fit together pleasurable, but when later experiencing the low-transparency environment,
may have found that doing the same things in a more abstract way less interesting. However,
research has shown that individuals value performance (and exert greater effort) on even the
most mundane tasks, provided they are able to personally evaluate their performance (Harkins &
Szymanski, 1988; Shepperd, 1993), so if motivation is a factor, the lower performance may not
be about the repetition (tediousness), but the fact that experience with high transparency may
not have helped them develop enough skill to self-evaluate (thus leading to less motivation and
performance). In either case, the motivation of the high-transparency environment may be more
intrinsic with its cognitive consequences involving ease of interpretation rather than extrinsic
motivation in the sense of points and rewards.

From a developmental perspective there may be concerns about whether our participants
(between the ages of 9 and 11 years old) were ready to engage in abstract thinking or computer
programming tasks. Abstract thinking has been perceived among educators as a difficult achieve-
ment for younger children, and that the ability is closely dependent on formal operational think-
ing that develops relatively late (Piaget, 1964). Nevertheless, school curriculums continue to
challenge students at the elementary level with formal mathematical operations and grammati-
cal parsing that are generally known to be abstract (van Oers & Poland, 2012). As a result, some
students struggle with formal mathematics, where knowledge and skills are taught using struc-
tured methods (Hughes, 1986; Poland, 2007). Young children, especially those around 6 years
of age, seem to struggle to bridge the gap between concrete practical thinking and abstract logi-
cal thinking (Dijk, van Oers & Terwel, 2004). One reason may be the way in which students
are introduced to formal mathematics, with little support in the process of abstraction. Numerous
studies have challenged Piaget’s theory by exploring ways to assist children in bridging this gap
using manipulatives, teaching in the context of play and applying different forms of representa-
tion. For example, Davydov (1990) demonstrated that children between the ages of 8 and 10
years were able to think abstractly if models and manipulatives were used as a way to “think.”
Egan (1986) found that children in elementary school were able to deal with abstractions from
an early age, as long as the abstractions were meaningful to them and represented some aspect
of the child’s real-life context (Carruthers & Worthington, 2003). More recently, van Oers
and Poland (2012) demonstrated that young children could actively participate in activities that
include abstract notions, if it is meaningfully embedded in their own playful activities. They used
schematizing activities as a possible way for children to deal with abstraction processes. The
activities involved children learning and representing thoughts and ideas as self-invented cultural
symbols and schemes.

In the context of computer programming, Papert created Logo programming based on Piaget’s
theory, but argued that the computer may have potential in providing a favorable learning
environment that allows young children to deal with abstract concepts before they reach the
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period of formal operations (Piaget, 1964). Some evidence supports this, as Clements and Gullo
(1984) examined whether Logo computer programming can allow 6-year-old children to master
ideas formerly thought to be abstract for their developmental level. Not only did the study
show that the programming experience helped students to learn abstract concepts and perform
metacognitive tasks, but it also showed that children as young as 6 years can learn and benefit
from computer programming. Similar research with third-grade students also found that the
longer students experience Logo programming, the better they performed on rule-learning tests
(Gorman & Bourne, 1983; Soloway, Lochhead & Clement, 1982). Although the current study
used different programming languages, all shared similar imperative traits like that of Logo
programming where explicit references could be made to the robot’s state in relation to the
environment. As such, the programming tasks assigned across the different languages were
so consistent that it only required simple programming organized in a step-by-step linear order
of execution with occasional loops. In conformity with other research on programming with
younger children (Syntactic programming with Logo: Clements & Gullo, 1984; Gorman &
Bourne, 1983; Visual programming with Mindstorms Next-G: Bers et al, 2002), with our specific
age group (ie, 9–11 years old) there was no specific developmental restriction or difficulties seen
during the 1-hour learning sessions. However, with younger children (Pre-K to second-grade
children), early childhood studies in robotics programming have extensively used visual program-
ming as being more beneficial, as many skills are taught in the context of play activities rather
than formal methods (Bers et al, 2002).

Though syntaxes may be found across formal grammars of computer science, linguistics, formal
semantics, mathematical logic and other areas, the usage often differs by definition. One concern
may involve how syntaxes (eg, algebraic expressions and symbols) are often used across both
visual and syntactic programming languages, and in actual practice each are rarely pure. Often-
times visual programming languages use arbitrary symbols or algebraic expressions, while the
written text in syntactical programming also uses indentation and spaces between words.
Syntaxes in programming language is often referred to as sets of rules that define the sequence of
symbols and characters (eg, source code and markup languages) that convey meaning when
combined in complex, rule-governed structures. The symbols and characters may use familiar
algebraic and alphabetical expressions, but can be syntactically invalid (eg, syntax error) if the
symbols and characters are ill defined or poorly sequenced. Text-based programming languages
are based on sequences of characters. Visual programming languages may help metaphorically
visualize connections between symbols (which may be textual or graphical/visual represen-
tations) and are based on spatial layouts that can also place constraints on syntaxes. Visual
programming uses iconic mediums and space more metaphorically (eg, pictures and icons that
represent real objects) to represent elements and relations among them (Tversky & Lee, 1999).

Learners’ ability to express their problem-solving strategies using multiple channels is important
as more technology-mediated learning environments have become available. The current study
introduced multiple channels (eg, computer-generated virtual and physical materials) within
each learning environment (high and low transparency) to prevent students from overly
contextualizing information so that the information was not tied too much to the original context
(Carraher, Carraher & Schliemann, 1985; Gick & Holyoak, 1983). This turned out to be success-
ful as the benefits of initial knowledge building in low-transparency environments extended
across both virtual and physical computing platforms. However, because both channels were
introduced at the same time, the current study could not tell whether one computing platform
had any benefits over another. In future studies, I would like to take a closer look at whether
computing platforms influence adaptability and performance. Another limitation is that the
current study lacks variation in the type of programming tasks. The current study focused only
on behavioral tasks that involved creating simple robot movements. It would be interesting to see
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whether less-visual nonbehavioral tasks (eg, calculations, making conversations) cause any
differences in outcome. The findings have some practical implications for teachers where initial
knowledge building in less transparent environments can better prepare students to apply their
knowledge to unfamiliar environments that require the students to solve problems using new
principles. The study also revealed the importance of incorporating recursive feedback and trac-
table unpredictability into students’ problem solving that may amplify learning conditions.
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