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ABSTRACT 
This study investigates how underserved children in the 
community develop Computational Thinking skills through 
learning physical computing with the support from older 
tutor volunteers. The children learned to construct physical 
computing projects by learning to code the micro:bit, and 
using various input sensors and controlling output devices. 
We observed the students and their interaction with the 
mentors to understand how they develop their 
Computational Thinking skills as they construct the 
projects. From our findings, learning with tutors can provide 
the support in developing Computational Thinking skills in 
the children. 
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1. INTRODUCTION
The wide-spread availability of devices like the micro:bit 
has brought physical computing into the mainstream of 
computing education. In Singapore, the micro:bit has gained 
popularity in schools buoyed by the Ministry of Education 
(MOE) initiative, for all primary school students to have 10 
hours of coding in school. An important imperative of such 
program is to develop students’ Computational Thinking 
(CT) skills as they participate in such activities. Students 
participate in coding activities which are run by external 
trainers engaged by the schools. From our previous study 
(Seow, Wadhwa, Lim & Looi, 2020), we found that such 
training programs may not help students to develop CT 
skills as students do not explicitly engage in using cognitive 
skills such as abstraction, or practice such algorithmic or 
system building. 

In this study, we investigate how students develop CT skills 
as they participate in activities in an informal context 
outside schools. They learn to code the micro:bit and build 
computing projects supported by mentors during one hour 
sessions spanning over 8 weekends. 

In our study, we were guided by the following questions: 

1. How do we design a physical computing program for
out-of-school context?

2. What are the roles of mentors in developing CT skills
for students?

3. What CT skills do students develop as they participate
in computing activities outside school?

2. RELATED WORK
2.1. Physical Computing and Computational Thinking 
Learning physical computing is an emerging approach to 
learn computing. It teaches students about coding and CT 
through hands-on activities with sensors using small 

computing boards like the micro:bit (Rogers et al., 2017). 
The project-approach to physical computing, an often-used 
pedagogy in schools, serves as an open-ended exploratory 
approach to examine the CT competencies that students 
should learn. We observed that among many other factors 
that inhibit the development of CT skills, the inherent 
complexity of problem and solution space could overwhelm 
students. Additionally, the cognitive load in designing and 
developing their solutions could also hinder them in the 
development of CT skills. 

Papert (1972) described CT  as  a  mental  skill  a  child can 
develop from practicing programming. Wing (2008) 
catalysed a ‘CT for all’ movement. However, CT definition 
has been debated, and it is often argued if CT makes better 
problem solvers or if practice of coding can help develop 
CT skills, with claims that everyone can benefit by CT not 
yet being fully substantiated by studies (Nardelli, 2019). In 
this study, we have adopted the CT definitions proposed by 
Digital Promise as it succinctly describes cognitive 
processes and computation practices (Digital Promise, 
2020). 

2.2. Learning Computing in School 
In 2020, Singapore has made it mandatory for all primary 
school children to undergo a 10-hour coding program. The 
initiative is to help students to develop an appreciation for 
CT and coding concepts. For the implementation of the 
program, schools often engage the services of external 
vendors to run workshops for students across the level. This 
is a pragmatic reason considering that schools do not have 
manpower resources to run the workshops for large numbers 
of students across the level. Furthermore, schools may not 
have teachers that have the knowledge or experience to 
conduct the workshops for a large group of students. The 
vendors can offer various programs to introduce coding 
such as Scratch and Micro:bit. Whilst the intent is to help 
students to learn about CT through coding, there is much 
more emphasis in getting the students to code than 
developing CT skills. Students are not involved in thought 
processes of formulating problems that can be solved 
computationally which is the essence of CT. From our prior 
study (Seow et al., 2020), such workshop program may not 
help students to develop CT skills as students do not 
explicitly engage in using cognitive skills such as 
abstraction, or practice such algorithmic or system building. 

2.3. Leveraging on Community resources 
Community resources, e.g., volunteers, can play the part of 
an informal educator. These educators come up with 
programs, choose and modify training material, as well as 
expedite learning tasks (Fritz, Karmazin, Barbuto Jr & 
Burrow, 2003). The pedagogies adopted by volunteer 
educators play a critical role in influencing how good the 
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learning program is and the kind of outcome they have on 
young students (Worker, 2017). Volunteer educators (or 
mentors) prominently affect the organisation of the learning 
environment (Borden, Schlomer & Wiggs, 2011; Evans, 
Ching & Ballard, 2012). They can also encourage children 
to participate willingly by making activities fun (Worker, 
2017). In a study by Worker (2017), volunteer educators 
used a range of pedagogies when students designed and 
constructed a device. These volunteers used targeted 
questions and gave precise design suggestions. In another 
study by Benander and Benander (2008), volunteers 
performed active demonstration to their students. This 
resulted in the students grasping a better understanding of 
the computing concept. The use of class time was 
productive as well. 

2.4. Informal Mentoring 
According to Hidi and Renninger (2006), mentors play a 
crucial part in coming up with learning experiences to spark 
and sustain interest in students. They push students to learn 
even more, link the process of learning to their individual 
identities, as well as transform a situational, fleeting interest 
into a personal one. Many youths have an informal mentor 
(Beam, Chen & Greenberger, 2002) who can be a major part 
of their own lives (Klaw, Rhodes & Fitzgerald, 2003). In 
informal mentoring, it is important for mentors to 
communicate effectively with their mentees and have a 
suitable character that matches that of their mentee 
(Norling, 1995; Pisimisi & Ioannides, 2005; Townsend, 
2002). 

3. DESCRIPTION OF STUDY
3.1 Participants (Students, mentors) 
In this study, students were part of a community student day 
care centre. The learning setting was outside of the 
classroom, instead of in a formal primary school or 
institution. Students consisted mainly of lower SES 
students, ranging from Primary 4 to 6 (10 to 12-year-olds). 
Our volunteer mentors, also known as tutors, were 18-year- 
old students from Junior Colleges. Although only a few of 
them had little experience in computing, not everyone was 
familiar with the micro:bit or had any form of computing 
experience. 

3.2 Data Collection (Methods) 
Observations of the students and their interaction with the 
tutors were made for all lessons. On the final weeks of the 
workshops, we selected 2 groups for more in-depth 
observation. For these groups, we observed the interaction 
between the students and tutors, and recorded their 
discussion and implementation of the project. For the group 
project, tutors wrote down field notes on how the students 
behaved in terms of 4 dimensions—say, write, do, and 
make. Lastly, photos, audio and video recordings of the 
students were collected. 
We analysed the CT skills of students in terms of (i) 
cognitive processes and (ii) practices based on the definition 
of CT by Digital Promise (2020). The 4 types of cognitive 
processes are essential CT skills: 

(i) Abstraction is finding out and illustrating the most
relevant portions of a complicated structure. It includes
forming a procedure or categorising concepts.
(ii) Decomposition is getting down to the basics and
disentangling the whole structure into small blocks,
enabling simplicity and clarity.
(iii) Pattern recognition is noticing the associations or
interconnections between pieces of information. It
sieves out interactions between a cause and effect,
enabling one to forsee or expect what would happen
next time.
(iv) Testing and debugging refers to making sure that
the newly created system is working. Testing is double- 
checking if the intended process runs smoothly.
Debugging is fixing the issues discovered through
testing that were deemed faulty or wrong.

The 4 types of computational practices are: 
(i) Creating algorithms refers to coding the program
or constructing a chart that depicts key ideas, and
procedures to solve a problem.
(ii) Working with data refers to collating, working with
figures, organising, making sense of the numbers and
presenting it meaningfully.
(iii) Understanding systems means simplifying and
comprehending complicated plans by applying the
practices of – abstraction, decomposition, pattern
recognition, and testing and debugging.
(iv) Creating computational models involves piecing
together the codes, application, information and
everything that depicts the comprehension of the
system.

3.3 Activity: The 8-week programme for students 
We started off with a basic training session for tutors, 
introducing them to the micro:bit. It was followed by the 8- 
week student programme. There was one other intermediate 
training session at the end of lesson 4, as seen in Table 1. 
The first 3 student sessions were on basic micro:bit projects. 
There was a 1 to 1 mentoring (or tutoring) approach. Tutors 
(or mentors) communicated with their students in an 
engaging way, prompting them using scaffolds. The 
student-tutor interaction enabled students to build rapport 
with their tutors and create a tiny community to learn 
programming with the micro:bit. Tutors were encouraged to 
modify or adjust the lesson content according to the 
student’s learning pace. They were not required to explicitly 
follow the lesson slides or guidelines in the given sequence. 
Most tutors were learning together hand in hand with the 
students. Students were leading the learning. Tutors 
followed the students’ learning patterns and attention spans. 
This has encouraged self-directed learning. 
Students were organized into 4 groups. In some lessons 
students moved around to different learning stations to learn 
how to use different micro:bit tools like sensors. 
In this program, the learning outcomes of the students 
were difficult to be assessed as compared to formal 
settings. Instead of being officially graded in exams, 
students completed a hands-on project—building a Smart 
Home. With this context, tutors provided an example by 
giving them a problem and a solution on how to improve a 
home, using the micro:bit. While in groups, they were told 
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to construct a smart home model, programming for any 
smart feature of their choice. The instructors probed 
students to think of an issue and generate alternative 
solutions. They then presented their model and idea on the 
last session. The approach was flexible and more open- 
ended, and the projects allowed students to freely explore 
programming in the real-world context. Students discussed 
in their groups, experimented with different codes and 
designs, as well as tinkered. 

Table 1. Programme Structure 
Session Activity Description 

T1 Training session for 
Tutors—Basic 

S1 Student Basic Training — 
Calming LEDs 

S2 Student Basic Training— 
Rock Paper Scissors 

S3 Student Basic Training— 
Pressure Switch Alarm 

- LED

S4 Student Basic Training— 
Pressure Switch Alarm 

- Buzzer, Radio

T2 Intermediate Training 
session for Tutors 

S5 Student Intermediate 
Training—Micro:bit 
Extensions and Tools 

- Breadboard
- Input Sensors:

Distance, Light, 
Water,
Temperature,
Sound, Motion

- Output: Rainbow
LED, Servo
Motor

S6 Student Intermediate 
Training 

S7 Student Group Project— 
Create a Smart Home 

S8 Student Group Project 

Introduction to 
the micro:bit 
Pair Work- One 
to one learning 
with the tutors 

Pair Work 

Pair Work 

Pair Work 

Learning 
Stations— 
Students move 
as a group in a 
rotation basis 

Learning 
Stations 
Group 1: 
Automatic 
Sliding Door 

Group 2: Anti- 
theft Phone 
Sensor 

Group 3: Card- 
Swiping System 
Group 4: Safe 
Distance Sensor 

4. OBSERVATIONS and ANALYSIS
There were 12 students observed for lessons and project. 
For training lessons, each student was paired with one 
dedicated tutor. For the project, students were put in 
groups. They worked in 4 groups. Each group had 2-4 
students and was mentored by 2-3 dedicated tutors. Tutor 
observations during training lessons were captured 
during the end of lesson debrief sessions. 

A structured observation approach was followed for 
the group project portion of the program to assess 
CT competence through their behaviour, verbal cues, 
visual cues and artefacts created. We tried to capture what 
students said, wrote, skills demonstrated, and artefacts 
created, with a focus on understanding their CT cognitive 
processes and practices. 

Typically, students brainstormed with tutors by 
throwing out suggestions. They then decided on the 
problem they want to solve. Next, they conceptualised 
the solution by drawing, listing out sensors and 
designing how the prototype should look like, in 
relation to the placement of other components. In this 
step, they brought in previous experiences and built on 
them gradually. Lastly, they built the prototype, coded and 
tested their solutions. 

Below, we present our observations and analysis on 
2 participant groups—Group 2 and Group 4, followed 
by examples of the tutor observations based on the 
above framework. 

4.1 Observations of Group 2 
Group 2, making an anti-theft phone sensor, used input from 
a light sensor and programmed it to output 
sound(buzzer) and light (LED). 

4.1.1 Cognitive Processes 
Abstraction 
Students demonstrated good abstraction skills by 
(i) choosing to focus on the light sensor, among all the 
sensors available to them, (ii) narrowing down the project 
scope by iteratively communicating the concept and 
illustrating the complex ideas of the alarm system. As 
seen in Figure 1, during brainstorming, a student briefly 
drew out the phone holder, placement of the light sensor, 
LEDs and buzzer. He explained it verbally through 
pointing out the placement to the tutor, instead of labelling 
parts of the model. 

Figure 1. Layout Drawn by a Student during Brainstorming. 

Decomposition 
Students also demonstrated decomposition skills by 
systematically breaking down the algorithmic tasks of 
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coding input from the light sensor and coding the part of 
after receiving the input. They could explicitly explain each 
step e.g., the first code step was articulated as “We would 
like to tell the micro:bit to register the amount of light.” The 
input transformation was further decomposed into the code 
for LED and the code for the buzzer. It was guided by tutors 
though. For example, prompts like “So now when there is a 
lot of light, what do you want the micro:bit to do? or “We 
want the micro:bit to make sound. What should we do?” 
resulted in students pondering through the next step. 

 
Pattern Recognition 
Students showed a good understanding of the pattern 
between the placement of the phone, light received, and 
input reading obtained. An interesting point was the group 
placing the light sensor underneath the phone. When the 
phone is placed on the phone holder, the light sensor is 
covered and does not receive any light. On the contrary, 
once the phone is lifted from the phone holder, the light 
sensor is exposed to light and receives light. This pattern 
recognition forms the basis of this project. Tutors’ 
scaffolding with questions e.g., “When the phone is on top 
of the light sensor, is there a lot of light or very little light?” 
helped students see the reason to link the concepts of input 
with multiple outputs. A student said “This is where you 
place the phone, then after that LED lights will be placed 
around it. When someone takes away the phone, there will 
be sound, and the lights will also light [up].” Pattern 
recognition was also reinforced through drawing students’ 
attention to making connection with the past lessons e.g., 
guidance like “Remember the last time when we tried using 
the light sensor, what was the threshold that you used in the 
code? Was it 700-800?” helped students to recall. They also 
tested with different values outside the threshold range. 

 
Testing and Debugging 
Students continuously tested and debugged in resolving the 
issues e.g., if the volume of the buzzer was too soft, they 
tested with various values to get the optimum. In one case, 
they isolated the problem to hardware and not code- 
software and switched to a different buzzer. Another 
instance of isolating the problem was when they tested the 
code using digital and analog blocks and concluded that the 
digital block was the correct one. They similarly tested for 
different light thresholds as well. 

 

Figure 2. Final Model of the Anti-theft Phone Sensor. 
 

4.1.2 Practices 
Students demonstrated their algorithmic thinking by 
handling multiple conditions in the logic, and appropriately 
using e.g., the “if-else” and “digital write pin” blocks. We 

also observed systemic thinking as the students 
demonstrated a good understanding of the problem and 
solution in a wider context of Smart home. Furthermore, as 
seen in Figure 2, for creating computational models, the 
group made use of Lego blocks to place and secure the light 
sensor in it. They also connected the light sensor, LED and 
buzzer to the correct pins to piece the whole smart home. 
4.2 Observations of Group 4 
Group 4 worked on a self-conceptualized project idea based 
on the ‘safe distancing’ concept, very relevant to the present 
COVID context. They made use of the concept of “On pin 
pressed”, which is similar to the pressure switch alarm, 
covered in the third lesson. If detected, triggered by 
someone violating the marked line in a human queue, it 
would send a warning sound message indicating a violation 
of safe distancing rule. 

4.2.1 Cognitive Processes 
Abstraction 
As seen in Figure 3, students demonstrated abstraction 
skills by (i) simplifying and illustrating their concept and 
plan by drawing out the complex idea, (ii) narrowing the 
project scope to a single objective of preventing people from 
being too close or cutting queues, and (iii) listing their needs 
for carrying out the project. A student aptly verbalized “So 
if anyone steps on the carpet, there is this light and 
something saying [a message], so he will go all the way to 
the back of the queue”. 

 

 
 

Figure 3. List of Materials and Layout of People in a Queue. 
 

Decomposition 
Students demonstrated decomposition skills by (i) 
systematically dividing the logic into 3 chunks—physically 
creating the distance sensor by placing the micro:bit 
underneath the carpet (i.e., in-between 2 people 1 meter 
apart), carrying out the appropriate action upon pin pressed, 
and resetting the state and (ii) dividing the output into 3 
parts—the warning message, LED, and alarm tone on the 
buzzer. These parts are seen in the code in Figure 4. 

 
Pattern Recognition 
The group demonstrated pattern recognition skills by 
applying the patterns they have seen, e.g., in real life human 
queues and in the example from an earlier lesson. 

 
Testing and Debugging 
Students in this group relied on tutors for coding though, and 
therefore did not demonstrate much of testing and 
debugging skills. 
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Figure 4. The Code of the Safe Distance Sensor. 
 

4.2.2 Practices 
The systemic skills were demonstrated, similar to that in 
Group 2, by seeing safe-distancing application in context of 
a smart environment. They also showed a good 
understanding of constraints and resources needed for a real 
application e.g., needing many micro:bits for a long queue. 
Lastly, students created computational models successfully. 
This was evident in their model in Figure 5 linking the pins 
to the extensions—buzzer or LED, or in piecing the whole 
setup of the safe distance sensor together. 

 

Figure 5. Final Model of the Safe Distance Sensor. 
 

4.3 Tutors’ Observations 
Our observations were based on the framework shown in 
Figure 6. The cognitive processes and practices were 
analysed based on the 4 behaviors—say, write, do, make. 

 
From the tutors’ observation framework, abstraction skills 
were more developed as (i) students summarised the 
concepts in their own words, and (ii) conceptualised the idea 
by drawing it. Students could successfully recognise the 
patterns of (i) the relationship between input and output, and 
(ii) labels on the sensor as corresponding to the pins on the 
micro:bit. Students were good in testing and debugging as 
(i) despite not being given any prompts, they could still 
distinguish when to use “If” and “On start”, correcting their 
mistakes automatically. Tutors observed that a student 
could create algorithms by (i) drawing diagrams, and (ii) 
using “if” code. Students could work well with data as they 
(i) experimented with different threshold numbers until they 
got their ideal value. Students could understand systems 
competently as they (i) adapted the code to the context of a 
theft case, (ii) linked past experiences of the light sensor to 
estimate the light sensor threshold, and (iii) linked the light 
sensor to a real world application. All students could create 
computational models by (i) building the structure together, 
and (ii) suggesting the positioning of LED lights. 

Figure 6. Tutors Observation Framework for CT 
 
5. FINDINGS AND DISCUSSION 
This study is a first-hand experience of designing a physical 
computing program for an underserved community in an 
out-of-school context. Here are a few things that made this 
volunteer run program work. First, the program was held at 
a place next to students’ homes making it easier for them to 
attend. Students and tutors knew each other through other 
programs and were familiar with the rules and regulations 
of the place. Secondly, we conducted a survey to know the 
experience students have with physical computing programs 
and device usage in general. This informed us what needs to 
be provided. We also checked whether students have access 
to internet and devices, school supplies, and in identifying 
the right content-area tutor. Thirdly, the program was 
designed to have collaboration opportunities among tutors 
as well among students to encourage attendance, facilitate 
interaction and peer learning. Lastly, observing the 
individual student needs and pace closely through 1 to 1 
student-tutor pairing helped monitor each student’s 
progress. Innovating the project concepts and providing for 
additional resources made the program meaningful and 
enjoyable to students. 

Mentors played a significant role in developing CT skills for 
students. Mentors not only helped provide a good 
foundation of problem-solving and decomposition by 
helping students through a design thinking process, but they 
also contributed to students’ learning by coming up with an 
example or adding a new concept. They built on the 
student’s interests, keeping them learning and engaged. 
They also helped develop an appreciation and confidence in 
student abilities by answering their questions, providing 
moral support, and learning together with them. They also 
taught them how to be responsible by helping them 
understand the importance of managing resources in a 
project. We find that a close relationship between mentor 
and student may be the key to the effectiveness of the 
program. Greater attention to the importance and building 
of a close relationship between students and mentors could 
help inform the design of such out-of-school programs. 

Students demonstrated sufficiently developed problem- 
solving and abstraction skills. They were new to sensors and 
related coding. Therefore, their pattern recognition and 
coding skills were not seen to be at the same level. They 
showed a keen interest in creating a project for a real-life 
context, and in testing and debugging code. Our experience 
shows that well designed, scaffolded physical computing 
activities have the potential to improve students’ CT skills. 
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It is true that some of the students do not engage 100% with 
the experience in such informal settings, but for the 
majority, it served as an opportunity to add CT skills to their 
set of skills. 

Although this exploratory study is susceptible to some 
limitations, it explored an opportunity in a non-formal 
education situation. In this study, we have been able to 
explore variables and factors to be addressed in future 
research works related to the acquisition of CT through 
physical computing. We believe that such studies are 
important in achieving broader goals of studying technology 
as means to reduce socio-economic gaps in educational 
achievement. 
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