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ABSTRACT

As block-based programming environments are increasingly used to introduce

students to computational thinking (CT), researchers have developed various tech-

niques and tools for assessing students’ CT skills using these visual programming lan-

guages. Most approaches focus on analyzing students’ final code products; however,

insights into how to improve teaching also can be gained from observing students’

programming processes as they code, beyond what is learned from their products.

Unfortunately, observing each individual student’s process firsthand and interviewing

students is time-intensive and non-scalable.

This thesis describes a logging and sequential pattern analysis methodology that

enables scalable data collection and analysis of students’ programming processes in the

Scratch visual programming environment. As students code, we record their interac-

tions with the constructs and the environment itself. Using this capability, we explore

the kinds of programming behaviors that can be learned from the mined patterns of

logs recorded as students performed the same coding task in two college courses in-

troducing programming (37 Education and Human Development majors taking an Ed

Tech course and 44 non-CS majors taking a general introductory CS course). Our

findings indicate that the logs and patterns can describe one’s demonstration of un-

certainty with a certain construct, attempted use of blocks that are not required in an

assigned programming task, and heavy focus on speech-based constructs that do not

involve CT skills, all of which can serve as starting points of discussion concerning how

CT teaching methodologies could be improved.

viii



Chapter 1

INTRODUCTION AND RELATED WORK

1.1 Introduction

As the field of Computer Science (CS) continues to drive technological advances

in all disciplines, the demand for all students to learn computational thinking (CT)

skills is greater than ever. CT, which involves problem solving through thought pro-

cesses such as abstraction, algorithmic thinking, decomposition, and evaluation [23], is

now widely viewed as an essential skill for all students to learn and practice starting

at young ages [13].

To provide students an opportunity to learn and practice CT in an engaging and

interactive manner, visual programming languages are commonly used in introductory

programming classes in both K-12 and university contexts [15]. For many programming

students today, their first coding experiences involve such coding languages. Scratch

is one of the most popular visual programming tools, enabling its users to create

their own fairly sophisticated programs with its graphical programming blocks [21].

The blocks are drag-and-dropped and then snapped together within the programming

environment, an approach that a novice programmer is most likely familiar with from

building with Lego bricks.

The broader use of such visual programming languages in K-16 educational set-

tings has led to increased interest among researchers in understanding how students

apply CT in coding and how their skills could be assessed within these environments.

Researchers have developed approaches to evaluating CT competence and program-

ming habits by analyzing users’ final codes [18, 1, 16, 22]. While this provides insights

into what a user was able to create for a given task, one can only hypothesize about
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how they came to that final code. Learning more about the process that the pro-

grammer used to create the code could help to better understand their CT process

and how common mistakes are made. Learning patterns of introductory programmers’

behaviors during coding in these environments can help to refine teaching methods.

Unfortunately, observing programmer behavior in-person or interviewing users after

they have completed a task is time-consuming and non-scalable.

The goal of this research is to better understand the patterns of novice pro-

gramming students while they are coding in the Scratch programming environment.

We present a logging methodology that captures students’ interactions with the Scratch

programming environment, as well as a sequential pattern mining approach that takes

a set of students’ logged interactions as input and extracts anomalous patterns of stu-

dents’ programming processes. By automatically collecting programming event logs

and identifying common programming processes among introductory programming stu-

dents for a given coding task, we can gain insights into interesting behaviors during

students’ first interactions with CT and Scratch that are not evidenced in their final

codes. The automated logging and pattern mining shows promise for large scalable

studies.

To explore the promise of this approach, we utilized the automatic logging and

mining system in a study of students in two college courses introducing programming

using Scratch: 37 Education and Human Development majors taking an Ed Tech course

and 44 non-CS majors taking a general introductory CS course. With this set of 81

novice programming students, we designed our study to answer the following research

questions:

• RQ1: What kinds of anomalous programming processes are we able to expose
from logging events from students during their first interactions with CT skills
such as abstraction and algorithmic thinking in Scratch?

• RQ2: What are the costs and effectiveness of the specific logging events and
pattern analysis in providing evidence of programming processes beyond what
can be learned from final code products?

2



Therefore, the contributions of this thesis are (1) the design and implementation

of a system to capture and analyze programming event sequences from Scratch coders,

as well as (2) the results of a study of novice Scratch programmers using the mined

sequences of programmer interactions with the Scratch programming environment and

(3) reflection on the data collection and analysis effectiveness.

1.2 Related Work

We recognize that the term ”Computational Thinking” has been used as an

umbrella term for numerous research pursuits in promoting CS education and explor-

ing students’ computational skill practices. Kafai et al. define three main theoretical

frameworks for the term—cognitive, situated, and critical—and the crucial roles they

play in helping to define learning goals and evaluate pedagogical designs [11]. Our

use of CT in this paper comes from a cognitive perspective to seek better understand-

ing of students’ use of computational practices. However, we believe that our proposed

logging approach could be leveraged to supplement research efforts addressing CT prac-

tices from situated and critical standpoints. Logs of students’ programming processes

can enhance observations of students’ interactions with the Scratch environment, which

could then be explored alongside students’ physical learning environments and cultural

contexts, which, in the past, have been introduced through varying mediums such as

music, textiles, and storytelling [3, 12, 10].

With an evident rise in the use of visual programming languages amongst in-

troductory programming students, a number of studies have been conducted to assess

students’ CT understandings and programming practices. Several studies focus on

their final code products. Maloney et al. investigated students’ use of programming

concepts such as abstraction by analyzing 536 Scratch projects [16]. After examining

the block programs for uses of blocks such as loops, variables, and conditional state-

ments, the authors found that students’ projects lacked usage of the first three block

types. Aivaloglou and Hermans performed similar analyses with a larger dataset of
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over 247,000 Scratch projects, which showed conflicting results; the final codes showed

increased uses of loops, conditionals, and especially variables [1].

There also exist automatic assessment tools that evaluate students’ proficiency

in CT using their Scratch projects. Dr. Scratch, for instance, extends Hairball, a

lint-based Scratch assessment plugin [2], to detect code smells and students’ uses of

important programming practices based on their final codes [18]. Moreno-León et

al.’s analysis of 100 Scratch projects with Dr. Scratch revealed bad programming

habits such as the lack of personalized object names and code repetition. However,

these analysis techniques focus only on students’ final code artifacts, and thus do not

consider the programming processes that led to them. This prevents assessment tools

from offering students a personalized learning experience [22].

In an attempt to capture the programming processes that describe how the final

code products in a novice programming environment came to be, various methods have

recently been proposed. The Blackbox project has been obtaining data of students’

programming actions in BlueJ, a novice-targeted Java programming environment [4].

iSnap [19] extends the Snap! visual programming environment [9] by logging students’

actions during a coding task and utilizes the obtained data to automatically generate

and offer personalized hints. However, to the best of the author’s knowledge, there are

still gaps to be filled in such efforts specific to Scratch.

Most closely related to our logging efforts is the work presented by Filvà et

al., which utilizes clickstream analytics to record students’ clicks in the Scratch envi-

ronment [7]. Unlike our web application-based logging infrastructure, the click-based

approach requires Flash, making it incompatible with mobile devices. In addition,

when analyzing the obtained mouse click data, the authors take a clustering approach

and identify which aspects of the interface the students interact with most frequently.

In contrast, our logging and sequential pattern analysis methodology considers the

order of each programming event in event sequences exhibited by students, providing

more complete information about students’ full programming processes.

A separate study has examined elementary students’ engagement with CT by
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screen recording students’ programming activities and analyzing each video’s content

[14]. However, this approach is just as time-consuming and non-scalable as an obser-

vational study. In this thesis, we propose an automated and scalable data collection

approach to collecting and analyzing data on sequences of programming events, which

can help support enhancements in automated assessment and personalized learning

experiences within the Scratch programming environment.
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Chapter 2

METHODOLOGY AND DATA COLLECTION

2.1 Logging Programming Events

Throughout this thesis, we utilize the term ’programming event’ to describe a

single action taken by a user in the Scratch environment, as well as the term ’pro-

gramming process’ to refer to a combination of two or more programming events. The

main goal of logging programming events is to gain insights into Scratch programmers’

processes, enabling us to confirm or debunk researchers’ expectations of novice pro-

grammers’ processes, in their natural setting and without observational bias. We are

interested in sequences of programmer interactions with the environment rather than

focusing on the usage of a single command or transition between pairs of commands.

To achieve this goal, we needed to address several challenges: (1) determine

how to best format and capture each of the programming events in the order that they

occur, (2) identify additional Scratch-specific environment events that could provide

insight into students’ interactions with the environment beyond the actual block usage,

and (3) establish an experimental environment that enables programming students to

work as naturally as they would in Scratch while logging the performed events with

anonymity and without interactive delay.

This section describes how we addressed each of these challenges. We first

describe the anatomy and kinds of Scratch-specific events that comprise an event log.

Then, we present the infrastructure we designed and implemented to gather the logs

with anonymity and without interactive delay.
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Figure 2.1: ProgSnap2-based model of programming process data in Scratch

2.1.1 The Anatomy of a Log Message

Each log message recording a student’s programming event follows version 6 of

ProgSnap2 specifications for datasets representing programming process data [20]. We

base our logging format on the ProgSnap2 standardized format to foster sharing and

collaboration among CS education researchers, which is the main goal of the ProgSnap2

creators. Figure 2.1 depicts a model of our ProgSnap2-based specification of logging

messages for Scratch programming environment events.

In particular, each log message is stored as a row in the Main Event Table,

which records the collection of events that occurred during the monitoring of the user’s
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Table 2.1: Anatomy of example log statements in the Main Event Table

EventID EventType SubjectID ToolInstances CodeStateID ServerTimestamp EditType EditedBlock

2946 File.Edit 0aeW8 lW Scratch 3.0, MySQL 1c0e1f00... 2020-02-25 11:24:34 Move control if
3048 File.Edit 0aeW8 lW Scratch 3.0, MySQL 1a8b4f90... 2020-02-25 11:23:06 Move operator random
3049 File.Edit 0aeW8 lW Scratch 3.0, MySQL 4f15c7e0... 2020-02-25 11:23:08 Move sensing askandwait

actions. For each log message, we record the unique event ID, type of event, randomly

generated ID for the user being monitored, details of the tools used for the logging

infrastructure, a pointer ID to the JSON representation of the current code state at

the time of the event, the timestamp of when the event occurred, the type of the edit,

and the edited block. Event types refer to programming environment events, while

edit types refer to Scratch blocks or components. Elements that must be present in

every log message in the Main Event Table are marked in bold in Figure 2.1. To

illustrate, Table 2.1 depicts the log messages for a student’s drag-and-drop of an If ()

block, a random operator, and an Ask () and Wait block in the Scratch programming

environment.

2.1.2 Scratch Edit Types

When a student performs an edit on their program, the ProgSnap2 standardized

form for logging programming process data suggests that the log message specify the

type of edit that was performed to provide as much detail as possible about the edit

event. Since the Scratch programming environment allows interactions beyond block

programming actions (e.g., sprite changes), we defined additional Scratch-specific edit

types to capture events beyond block drag-and-drop actions. Figure 2.1’s EditType

shows our current complete set of edit types recorded. This includes a student’s poten-

tial interaction with a sprite, costume, sound, backdrop, comment, and variable. In-

cluding such types of edits in the dataset allows us to explore if, for instance, students

spend more of their time on aspects of Scratch that do not involve actual programming.
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Figure 2.2: Infrastructure of our Scratch Logging Approach

2.1.2.1 Implementing the Logging Infrastructure

Figure 2 presents an overview of our infrastructure for implementing the logging

process with the challenges addressed. First, to extend Scratch with logging capabili-

ties, we modified the Scratch 3.0 programming environment, which is the latest version

in use. The web application is built from several repositories, each serving a unique

function. Although each repository can be installed and run on its own, the Scratch

developers recommend making changes in multiple repositories when modifying the

environment for development purposes. The main repositories include:

• The Graphical User Interface (GUI), which holds a set of React JavaScript-based
components that make up the front-end interface,

• The Virtual Machine (VM), a library for managing the states of users’ Scratch
programs and keeping the GUI informed of the states,

• Scratch Blocks, a library of Scratch visual programming blocks based on Google’s
Blockly project, and

• The Renderer, a WebGL-based rendering engine for the environment.

For this research, we modified the GUI and VM repositories, and deployed the modified

Scratch web application on a port of a university-owned machine protected by the

university’s firewall. This meant that the modified Scratch environment could only

be loaded and displayed inside users’ preferred browsers if they were connected to the

university’s wireless network. However, it maintained the security and anonymity of

the logged data.
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We also designed and deployed a separate application programming interface

(API) on a different port of the machine to translate logging requests sent from the

modified Scratch environment into SQL INSERT queries. These queries insert logs of a

user’s programming process into a MySQL-based database. The API adapts Express,

a web application framework for Node.js runtime environments, and also conforms to

the Representational State Transfer (REST) software architectural style, which defines

a set of guiding constraints used in Web services [6].

A logging request sent from the modified Scratch environment to the REST

API is in the form of an HTTP POST request with an array of JSON objects as the

body. Each JSON object holds properties of a programming event that a student

performed during a 90-second interval. We chose to take this approach rather than

communicating with the database after each performed programming event to reduce

the number of queries sent to the database storing the logs. The 90-second time interval

was determined to be the most optimal after experimentation; it does not overwhelm

the database, yet prevents the REST API’s connection to the database from being

revoked due to inactivity.

We also send a POST logging request when a student clicks on a green button

to run their program, with the assumption that it is one of the last programming

events that a programmer would perform towards the end of their interactions with

Scratch. This is to minimize the potential loss of their event logs if they close out of

their browser before the next timed POST request.

Our implementation achieves our goal of retaining the original order of events by

recording the time of event occurrence under the ServerTimestamp column. We also

maintain user anonymity in our logs by generating a non-sequential unique ID for each

student accessing the modified Scratch environment. Lastly, our proposed infrastruc-

ture does not introduce any interactive delay or performance slowdowns during users’

interactions with our altered Scratch application, allowing the collected programming

event logs to be representative of how students would have interacted with the original

website.
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2.2 Mining and Analyzing Programming Processes

The main goal of our data mining is to discover interesting sequential patterns

of novice Scratch programmers’ processes using Scratch event logs. Our data mining

approach is an adaptation of the approach of Damevski et al.’s work, which extracts

usage smells and patterns in an Integrated Development Environment (IDE) among

software developers [5]. Using time-ordered event logs of each student’s Scratch pro-

gramming events during a programming task as input, the workflow returns a list of

processes commonly exhibited by the group of monitored students during that task.

The output processes provide evidence on how students first approach CT coding tasks

in the block programming environment, and serve as points of discussion for how stu-

dents’ learning experiences in Scratch could be enhanced. In addition to the mining

approach, we also gain insight into how many students exhibited various anomalous

block usages that are not required to successfully complete a certain coding task by

extracting a set of all programming events that appeared in students’ programming

processes.

In this section, we first describe how we prepared the logs for mining interesting

patterns, followed by how we perform sequential pattern mining. We then demon-

strate the importance of identifying all programming events that were exhibited in a

programming task, as well as the number of students who performed each event.

2.2.1 Preparing Data for Mining

Our mining approach only requires the Main Event Table from a ProgSnap2-

based dataset. To prepare the dataset for identifying interesting programming patterns,

we perform three steps.

First, it is crucial to ensure that in each student’s programming process, the

programming events that comprise the process are in the order of their occurrences

when conducting sequential data mining. The logs in the original Main Event Table

are ordered according to when they were recorded in the database for all users being

monitored simultaneously during that time period. Thus, events logged for different
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users are intertwined. To generate properly ordered sequences of individual students’

programming events, we first separated the table by student, then ordered each stu-

dent’s programming process by its time order.

Second, we aggregated consecutive sets of logs that describe the identical pro-

gramming event (e.g., two or more successive logs that share the same EventType,

EditType, and EditedBlock values) into one single log message. As we are only per-

forming mining on the Main Event Table, which does not contain the students’ code

states at the time of logging, repetitive logs provide limited room for interpretation.

Combining such log messages helps to reduce the amount of noise in the data.

Third, we utilized the EventType, EditType, and EditedBlock values of each

log message to create a shortened version of the log message. This step eliminates

excessively detailed information that is not needed to understand each programming

event. We illustrate how each student’s ordered sequence of log messages is structured

with an example in Figure 2.3.

Figure 2.3: An example student’s sequence of programming events

2.2.2 Sequential Pattern Mining

Once the data preparation is complete, the data to be used as input to our

sequential pattern mining algorithm is in a format that holds a time-ordered sequence

of each student’s programming events from the Scratch programming task. Sequential

pattern mining seeks to identify a set of subsequences (patterns) that occur in some

percentage of the input sequences. Organizing our dataset by student (user) allows us

to use the percentage as a parameter to specify a meaningful support (or the minimum

number of times a pattern must be present in the dataset) for the mining algorithm.
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The algorithm then outputs a set of patterns (or subsequences of events) that meets

the predefined support requirement. For example, we used a support parameter of

10%, the same parameter utilized in Damevski et al.’s mining approach [5], to ensure

that the patterns generated are substantially exhibited and are of great relevance to

introductory programming students. This means that the patterns of programming

events found by the algorithm should be exhibited by at least 8 of roughly 80 students

to be considered commonly exhibited by the group of monitored students.

Because programming in Scratch revolves around a drag-and-drop approach, it

is plausible that noise still exists in the data due to frequent clicks in the programming

environment, even after preparing the original dataset for mining as described in the

previous subsection. Thus, we also declared a gap parameter of one programming event

to be used by our algorithm when establishing occurrence of potential patterns. For

instance, suppose that the algorithm is attempting to find potential patterns in a stu-

dent’s programming sequence x→ y → z. In order to consider the sub-sequence x→ z

as a potential pattern, the algorithm should allow for a gap of one programming event.

After experimenting with other gap sizes, we determined that a gap parameter of one

programming event best eliminates unrelated noise with the 10% support parameter

in our specific data.

When considering candidate sequential pattern mining algorithms to use with

our data, we not only took into account the two aforementioned requirements (ade-

quately low support, gap of one programming event), but also required that the algo-

rithm produce patterns that are maximal. A pattern can be deemed maximal if it does

not exist within other patterns. For example, in the case that the algorithm identified

the programming sequence x → y → z as a pattern, the sub-patterns x, y, z, x → y,

and y → z are not included in the produced set of identified patterns. This requirement

prevents the algorithm from producing an exhaustive number of sub-patterns.

Based on the requirements for our sequential pattern mining, We chose to use

the MG-FSM algorithm [17] as it fulfills all the requirements, and not many of the
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widely-used algorithms are capable of generating maximal patterns [8]. MG-FSM ex-

pands upon existing frequent sequence mining (FSM) algorithms by introducing gap

constraints to distributed algorithms without requiring post-processing of results across

partitions.

2.2.3 Manual Analysis of Mined Patterns

The primary investigators manually examined the patterns discovered by the

mining step to characterize each pattern or set of similar patterns in terms of the

programming process that it represents. While Damevski et al. [5] who were analyzing

software developer interactions in an IDE, chose to filter out patterns that are shorter

than eight events because they are less likely to offer unambiguous snapshots of a user’s

IDE interaction, we chose to consider patterns that are at least six events long as they

provided sufficient context of what the students were directing their focus to.

To illustrate programming process patterns and their representations of pro-

grammers’ potential behaviors, the sequential pattern in Figure 2.4 shows repetition of

Move and Delete events involving the Answer block, which stores a user’s answer when

asked a question, similar to storing a value in a variable. Several inferences can be

made from this specific pattern. For instance, students who exhibited this sequential

pattern in their programming processes may have used a trial-and-error approach while

experimenting with the Answer block. We could also deduce that the students lack a

full understanding of how the block could correctly be utilized in their programs.

Figure 2.4: An example sequential pattern demonstrating repetitive Move and Delete

events with the Answer block

In an iterative process of examining and characterizing mined patterns, we clus-

tered together the patterns that we believe display the same kinds of programming

behaviors. This analysis approach produced a set of programming process behaviors,
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some of which deviated from what was expected from the students. We highlight some

of the identified anomalous programming behaviors that were obtained in a study con-

ducted to explore the effectiveness of our presented methodology, in the next section.

2.2.4 Deriving All Programming Events Performed

We recognize that in the block programming environment, shorter patterns have

potential to reveal both common and anomalous programming behaviors, such as un-

expected usage of specific blocks that may or may not remain in the final code product.

For instance, a sequential pattern can be as short as two programming events, as de-

picted by the mined pattern in Figure 2.5. This pattern shows two drag-and-drop

movements of a Not operator consecutively. In general, a pattern this short may not

be adequate to provide context for a specific programming behavior. However, in the

case where the log dataset is obtained during a particular known programming task

that does not require the use of a Not operator, we can infer that students who demon-

strated the behavior of this pattern may misunderstand logical operators at some point

during their programming process.

Figure 2.5: An example sequential pattern demonstrating Move events with the Not

operator

Because our manual clustering procedure only considers mined patterns that are

made up of 6 or more programming events, patterns that demonstrate students’ use of

unneeded blocks such as Figure 2.5 are overlooked. In order to identify such behavior

in addition to those of the clusters, we gathered a list of all programming events that

were performed at least once by students at the time of logging, along with the count

of how many students exhibited each event. From this, we were able to gain a deeper,
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supplemental insight into what block students interacted with that a clustered pattern

may not have captured.

2.3 Applying Our Methodology to Study Students’ Programming Pro-

cesses

To explore the effectiveness of our approach to logging and mining of program-

ming processes, we designed a study to identify programming novices’ behaviors as

they performed the same programming activity in Scratch. We then evaluated the par-

ticipating students’ final code products to investigate their relations with the logged

processes and mined patterns. Our goal was to answer our two research questions

within the context of identifying anomalous programming behaviors with respect to a

given programming activity:

• RQ1: What kinds of anomalous programming processes are we able to expose
from logging events from students during their first interactions with CT skills
such as abstraction and algorithmic thinking in Scratch?

• RQ2: What are the costs and effectiveness of the specific logging events and
pattern analysis in providing evidence of programming processes beyond what
can be learned from final code products?

2.3.1 Programming Activity

We designed an in-class programming activity where students create a ”Guess

the Number” game. The activity consists of two subtasks, with the second subtask

completed by students after they feel confident they have completed the first task. A

successful program for the first subtask should choose a random number between 1

and 10, inclusive, and then repeatedly ask the player to guess the randomly generated

number until they are correct. If the player’s guess is too low or high, the program

should inform the player accordingly, and end the game when the guess matches the

random number. After students complete this first subtask, they are encouraged to

attempt extending their project so it allows the player to define how many rounds of

the game they would like to play and then continue generating a new random number

on each round until they have played the specified number of guessing games.
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The two-part activity was designed to require the use of two CT processes, ab-

straction and algorithmic thinking. Students’ engagement with CT can be captured

using programming event logs that involve constructs such as loops, variables, condi-

tionals, and random number operators. An example of a final code product that meets

all of the requirements of the activity is shown in Figure 2.7.

2.3.2 Materials

The instructions for the activity were provided orally by one of the authors

and also in a written document for reference during the activity (see Appendix A).

To support the students, we also created and distributed a guide that provides an

overview of the Scratch programming environment’s main features, along with carefully

composed descriptions of a select number of constructs that we believed students would

utilize the most throughout the activity (see Appendix B). Students were allowed to

refer to this document as they progressed through the study. To prevent the guide from

providing too much or too little background information for the activity, the document

was composed and revised several times by the primary investigator and advisor of

this thesis, both of whom have prior teaching experience with Scratch in introductory

courses.

We also distributed a post-survey to the students at the end of the programming

activity to collect their final code products, as well as information about their past

computing experiences. The survey asks students about how much programming they

have done prior to the study (e.g., have never programmed in any environment, tried

a single of session of less than a few hours such as the Hour of Code, ...). It also asks

students for a list of any Computer Science and/or Math courses that they have taken

during high school or at the university. Appendix C contains a copy of the survey to

illustrate its layout.
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Figure 2.6: CS non-majors completing Scratch Activity

2.3.3 Procedure

With the approval of our university’s Institutional Review Board (IRB), we re-

cruited students from two undergraduate courses, each from two different departments,

during the Spring 2020 semester. The Educational Technology course is designed to

introduce prospective K-12 teachers technological tools that could be utilized in class-

room settings, and is only offered to Education and Human Development majors. The

second course, Introduction to Computer Science, is a gentle introduce to computer sci-

ence primarily designed for CS non-majors. We recruited n = 37 students from the Ed

Tech course and n = 44 from the Introduction to CS course to participate in our study.

We chose this student population because they are students in a course intending to

introduce students to block-based coding as part of the regular curriculum, and we

were able to conduct our study with the participants before they reached that point in

the course. This timing provided a population of novice programmers with little to no

background in any kind of coding covering a variety of student majors, none of which
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are computer science. Our student participant population totaled 81 participants.

For both classes, the professor of the course allowed the primary investigator to

replace one of their formal lab sessions with the Scratch activity for this study. The

primary investigator gave the students a 5-10 minute mini-lecture introduction to the

Scratch programming environment followed by the instructions for the Scratch activity.

Students were also told that the quality of their work from the activity would not have

an impact on their grades. Students were then given approximately 90 minutes to

perform the Scratch activity and independently create the ”Guess the Number” game

to the best of their abilities. Each student was provided with a computer with the

modified Scratch environment ready to use, and told to work independently. When

a student asked for help during the activity, they were not given direct answers and

commands. Rather, they were encouraged to read the Scratch guide and try their best

to connect each construct to the given instructions. Once the students had developed

their own versions of the game, they were directed to submit their projects and complete

the post-survey.

2.3.4 Evaluating Final Codes

After the study, the students’ code submissions were assessed based on various

objectives derived from the instructions. Evaluating their final code products in ad-

dition to conducting our logging and mining analysis allowed us to better investigate

how the logs and mined patterns supplement the codes, as well as provide additional

context to students’ programming attempts. Figures 2.8 and 2.9 define the objectives

used to evaluate students’ submissions for the two subtasks of the programming activity

respectively. Each objective describes a requirement of the programming activity.
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Figure 2.7: Example solution for the programming activity
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Chapter 3

RESULTS

In this chapter, we highlight interesting logs and novice programming processes

mined using our sequential pattern mining approach, towards answering our two re-

search questions. We have made our dataset of the ProgSnap2-based programming

event logs collected from the study and mined sequential patterns obtained from our

sequential mining approach publicly available for other researchers to analyze1.

3.1 Students’ Programming Backgrounds

According to the students’ responses to the survey, 62 of 81 students from both

courses (77%) reported to have had no prior programming experience. Only about

7% of students reported to have tried a single programming session of less than a few

hours, such as the Hour of Code. The remaining students indicated that they had

tried creating a few projects (9%), programmed a considerable amount for a course or

on their own time (5%), or programmed a fair amount in text-based languages (2%).

Thus, out of the 81 students, none came into the study with a significant amount of

prior programming experience in block-based languages.

3.2 Final Code Performances

We received 79 readable Scratch projects from the 81 students, which, on aver-

age, achieved 42% of the objectives from the first subtask. 54 students attempted the

second subtask and achieved 43.52% of the second set of objectives on average. An

outline of how many students achieved each objective of the programming activity is

1 https://figshare.com/s/708f3707c3b2ab9e5192
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shown in Table 3.1. To specify an example, 19% of 79 students successfully utilized a

Repeat Until () loop in their game to check if the player’s guess matches the ran-

domly generated number (see Objective 1.6), and 15% of 54 students who attempted

the second subtask successfully generated a unique random number at each round of

the game (see Objective 2.4).

3.3 RQ1: Anomalous Programming Processes

RQ1 focuses on exploring the kinds of anomalous programming processes that we

are able to expose through our logging and pattern mining approach. Table 3.2 depicts

19 clusters of log patterns that we identified by manually categorizing and clustering the

generated patterns from our dataset of 81 students, following the procedure described in

Sub-subsection 2.2.3. For each pattern cluster, we show the percentage of all sequential

patterns obtained with our mining approach that are (1) 6 events long or longer to

ensure that they sufficient context of what the students were directing their focus to,

and (2) exhibit the programming process associated with the cluster. Specifically, the

MG-FSM algorithm generated 2688 sequential patterns, of which 120 patterns held 6

or more programming events. For instance, the patterns comprising Cluster 3 made

up 5.83% of the 120 sequential patterns that are each 6 events long or longer.

The clustered patterns in Table 3.2 are further categorized according to hypothe-

sized representative behavior types of programming processes: (1) students’ undirected

approaches when working with a construct, (2) focusing on two blocks of the same type,

(3) shifting focus from one block to another, (4) focusing on two blocks of different

types, and (5) predominantly focusing on a block but switching focus to another block

briefly.

Tables 3.3 and 3.4 highlight some of the programming events that involve blocks

not required to successfully complete the activity. Events under Table 3.3 were present

in the generated 2688 sequential patterns, but were not considered in the manual

clustering procedure as patterns associated with the events did not meet the minimum

pattern length requirement. Events in Table 3.4, on the other hand, were not present
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in the mined patterns, but were exhibited at least once by a substantial number (more

than 10%) of the students at some point during the programming activity.
From the obtained programming logs and behaviors represented by mined pat-

terns, as well as the final code product outcomes, we identified three key anomalous
behavior types:

• Undirected programming

• Misuse of blocks

• Communication-driven focus

In this subsection, we further describe the logs, mined patterns, and characteristics of

the final code products that we believe exhibit each of these anomalous behaviors.

Table 3.3: Exhibited programming events that appeared in mined patterns but were
not considered during clustering

# of students who exhibited EditType
Block Type Move Delete

Wait () Secs 44 33
Think 44 31
Think for () Secs 29 16
Add () () 27 26
Not () 24 21
() and () 19 19
Wait Until () 19 18
When Broadcast Received 15 15
When Key Pressed 12 11
Forever 10 9

3.3.1 Undirected Programming

Each pattern in some of the clusters that fall under this behavior type (clusters

1, 2, 4, and 6 in Table 3.2) involve several Move and Delete events of a particular

construct type. When students display such patterns at any time in their programming

process, we suspect that they were not fully certain about how the construct type could

be best utilized.
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Table 3.4: Exhibited programming events that were neither in the mined patterns
nor the clusters

# of students who exhibited EditType
Block Type Move Delete

Stop 11 7
Contains () 9 8
Move () Steps 9 8
Hide Sprite 8 7
Show Variable () 8 7

Based on the block constructs involved in the anomalous behavior and the con-

text of the assigned programming activity, we can make inferences about the students’

proficiency in abstraction and algorithmic thinking. For instance, if a student exhibits

the sequential pattern shown in Figure 3.1 in their programming process, it is plausi-

ble that the student was undirected about how the If () block could successfully be

utilized and therefore, lacked full understanding of conditional constructs.

Figure 3.1: An example sequential pattern exhibiting an undirected move-and-delete
approach

Figure 3.2: An example sequential pattern exhibiting a trial-and-error approach

Patterns in other clusters (clusters 3 and 5) were characterized to demonstrate

students’ trial-and-error strategy during their programming processes and involve at

least 2 Run.Program events, which is logged when students run their Scratch pro-

grams. Figure 3.2 illustrates an example sequential pattern involving repetition of
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the Run.Program event and the Move event with the Ask and Wait block. Such se-

quences suggest that students exhibiting this behavior were experimenting with the

Ask and Wait construct and running their Scratch program after every drag-and-drop

of the construct to check their codes.

3.3.2 Misuse of Blocks

Cluster 7 indicates that students at some time during their programming process

used the Say () command and possibly later recognized that the phrase they were

trying to display to the screen did not stay on the screen long enough for the user,

and some students later fixed their program to use the proper block for displaying text

on the screen. This anomalous behavior was exhibited by 13% of the 120 patterns

considered for clustering.

Figure 3.3: An example sequential pattern exhibiting the () and () block, which is
not needed in the designed programming activity

In addition, by extracting a complete list of programming events that were

performed by the students during the study, some of which are highlighted in Tables

3.3 and 3.4, we were able to reveal events involving programming blocks that were

neither expected nor required in our study’s programming activity. For instance, the

fifth block listed in Table 3.3, () and (), was utilized at some time by 19 of 81 students

during their programming process. Events exhibiting script edits using this block also

made an appearance in mined patterns that were not manually clustered as they did

not meet the minimum pattern length requirement of 6 events the clustering procedure.

Figure 3.3 illustrates is an example of such pattern.

This block was not required to create the ”Guess the Number” game, leading us

to theorize that the students who exhibited this behavior were confusing the () and ()
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block construct with other operators and conditionals that were required to complete

the activity, such as the () = () or Join () () blocks. Similar hypotheses can be

made about other unneeded blocks that made an appearance in students’ programming

processes, including the Wait () Secs and Think blocks from Table 3.3, and Stop and

Move () Steps blocks from Table 3.4.

3.3.3 Communication-driven Focus

As evident by the block types that were heavily involved in the clusters of

mined patterns (e.g., Answer, Say (), Ask () and Wait), the students interacted the

most with blocks that do not require CT skills, such as abstraction and algorithms, but

rather, allow the sprite of their games to converse with the players through speech bub-

bles and questions. This was also demonstrated in the programming logs themselves;

although they were unneeded during the activity, a substantial number of students

utilized blocks that were named using speech and communication-based terms such as

Think and When Broadcast Received.

This hypothesized anomalous behavior could be confirmed with the final code

products. Objectives involving solely a speech bubble or a question-asking interaction

were achieved by a substantial number of students (e.g., 91% for Objective 1.2; see

Table 3.1) in comparison to those of CT-driven requirements (e.g., 19% for Objective

1.6). From this behavior, we can infer that students found it the easiest to understand

how the communication-based blocks worked. It is also plausible that there was a

greater variability in how students approached programming tasks that involved CT

skills, based on the low presence of CT-involved blocks in the pattern clusters.

3.4 RQ2: Costs and Benefits Beyond Final Code Products

We first examine how the logging and pattern mining provide information about

programming processes beyond what can be gained from analyzing only final code

products. Then, we look at the costs associated with providing this capability.
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3.4.1 Benefits Beyond Final Code Products

Indeed through our logging and pattern analysis, we were able to identify stu-

dents’ programming processes that were not evident in their final codes. The collected

logs of programming events include details of how students approached the given pro-

gramming activity and what blocks they interacted with in Scratch. This information

allowed us to make inferences about whether students were detained from the main

objectives of the given programming activity at any point in the study.

For instance, in the obtained logs, we noticed several programming events

that represented students’ drag-and-drops of motion blocks (e.g., Move () Steps,

Turn Left, Set X to ()), which alter the positions of a sprite in the Scratch environ-

ment and were not required to create a successful ”Guess the Number” game. Same

could be said with regard to sensing blocks (e.g., Key () Pressed?, Touching ()?,

Color () is Touching ()?), sound blocks (e.g., Change Volume by (), Play Sound

() Until Done), and blocks that alter a sprite’s appearance (e.g., Show, Switch

Costume to ()). Although none of the final projects included these blocks, we can ob-

serve that students experimented with them at a certain point during their involvement

in the study.

3.4.2 Costs

The costs of a logging and sequential pattern mining technique are derived

from several sources: the space needed to store the event logs, the time to monitor

events which could cause noticeable lag in the interactivity during the programmers’

coding session, and the time to automatically run the sequential pattern miner and to

manually analyze the generated patterns. We provide insights into these costs based

on our study of 81 programmers using this methodology.

For the 90 minutes of Scratch programming by 81 students, our Main Event

Table containing the log message data reached a size of 34K log messages. In a MySQL-

based database, the ProgSnap2-based dataset used 130 megabytes of storage. This

small size shows promise for the potential for scaling to larger studies.
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None of the student participants complained of any lag in the modified Scratch

programming environment. We believe this is due to the small overhead in capturing

the events and how our logging infrastructure does not require gigabytes of queries

that approaches such as clickstream analytics may require. The MG-FSM algorithm

took less than 5 seconds to generate approximately 2700 sequential patterns using the

34K logs of programming events, which we manually analyzed over the course of 1 to

2 days.

In summary, the most time consuming part of this approach is the manual

analysis of the generated patterns to examine and reflect on what behaviors the patterns

might be representing. The logging and pattern generation are scalable. Some of the

manual analysis can be aided by automation but some requires human interpretation.

3.5 Threats to Validity

Our programming process logging and sequential pattern mining and manual

analysis are susceptible to several internal and external threats. One internal threat

could be in the set of events that we decided to record. We chose to follow the

ProgSnap2 standard specification with adaptations for the Scratch programming envi-

ronment to enable consistency with and sharing with other researchers.

We could potentially see different patterns by using a different sequential pattern

mining algorithm. We chose the MG-FSM algorithm as it fulfills all of our requirements

and many other sequential mining algorithms do not meet all of our requirements (See

sub-subsection 2.2.2).

The manual analysis phase could lead to different conclusions as it is a human-

based analysis; however, after the primary investigator performed the analysis, we

mitigated the threat by both the investigator and the advisor discussing the interpre-

tations, iterating and refining.

With regard to our data collection from students in a lab setting, although

collaboration was not encouraged, some students were in close proximity to one another
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and chose to discuss the activity. This may affect the individual programming behavior

of those students.

With regard to external threats to validity, the results of our study of 81 novice

programmers may not be generalizable to novice programmers with different back-

grounds. We mitigated this threat by recruiting student from two different courses with

many CS non-majors and mostly all with no experience in coding. Our study results

are specific to students working in the Scratch programming environment. This may

not generalize to other block-based programming environments. We utilized Scratch

as it is widely used in classroom settings and many block-programming environments

are similarly designed, especially considering the constructs needed to complete the

programming activity we used in our study.
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Chapter 4

DISCUSSION AND CONCLUSION

4.1 Discussion and Implications

With only one small programming activity that involved loops, conditionals,

variables, and an interactive question-and-answer element with the user, we were able

to identify clusters of patterns that could be interpreted as specific anomalous behaviors

exhibited during students’ attempt at the activity. The identified behaviors could

also be further confirmed through a post survey designed to delve more deeply into

programming processes or concepts revealed by the results of pattern analysis.

With these kinds of data, a teacher is given a window into seeing how students

are approaching a given programming activity or programming in general over several

activities. The patterns of anomalous behaviors could be used as points of discussions

or assessment of an individual student’s understanding of constructs, abstraction or

algorithm development. The data for a whole class helps them gain insights into how

class discussions could be directed toward concepts and programming processes with

which many students in the class are struggling.

Based on what we were able to learn from our study, we believe that this logging

and mining methodology has significant promise as an educational research tool. Even

smaller programming activities could be designed and introduced to a larger group of

student participants to collect logs of performed programming events that are carefully

targeted toward learning about how novice programmers are using specific CT skills in

specific contexts. We also see a potential for the methodology to be adapted to other

visual programming languages. This adaptation could be leveraged to study potential

similarities and/or differences among programmers learning in different programming

environments.
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4.2 Conclusions

In this thesis, we described how we extended the Scratch 3.0 web-based visual

programming environment with logging capabilities, which record ProgSnap2-based

logs of programming processes that users exhibit as they interact with Scratch. Our

logging infrastructure provides detailed insight into what programming events are in-

volved behind-the-scenes of a final code product, which fails to capture such interactions

of a user. We also introduced a sequential mining approach that can derive patterns

of programming processes that a substantial number of users performed, which we can

manually analyze to make inferences about potential anomalous programming behav-

iors that the patterns may be representing. We demonstrated our approach with a

study involving 81 undergraduate students enrolled in two separate courses that are

introducing novice programmers to Scratch.

Based on the results from our study, our automated logging methodology suc-

cessfully collected logs of students’ programming events in Scratch without any notice-

able delays that interfered with their interactions with the environment, showing great

potential for large scalable studies in the future. The sequential pattern mining of the

logs disclosed information about students’ exploration of blocks that would not have

been revealed from their final codes. The mined patterns also revealed the following

potential programming behaviors that students may have performed during their in-

volvement in the study: (1) programming with uncertainty in their direction or path

towards a specific goal, (2) utilizing a construct that is not required in the specific

programming activity, and (3) predominantly interacting with communication-based

blocks that do not involve CT. We provide the dataset of programming event logs

obtained from this study as contributions in addition to the approach and findings

presented in this work.

4.3 Enhancing and Implementing Approach in Future Works

In future works, we plan to design smaller programming activities to assess

more specific aspects of CT skills using our logging approach and explore approaches to
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collecting logs of novice programmers’ programming events over a longer term. Studies

with such activities could be conducted with both introductory programming students

and CS educators learning about the Scratch environment. Exploring the programming

processes of both the students and the instructors can allow us to understand how

novice programmers first interact with CT from multiple perspectives.

With a larger dataset, we will also be investigating automated clustering proce-

dures to enhance our analysis methodology. This could be utilized to train a machine

learning model, and potentially lead to developments of Intelligent Tutoring Systems

(ITSs) and other forms of automatically personalized learning tools specific to the

Scratch environment.

In addition, our approach may be of great help to qualitative efforts that study

the physical learning environments themselves, such as classrooms and after-school

programming clubs in K-12 schools, and how identity, social, and cultural contexts

play a role when delving into the CS field for the first time. Logs of participants’

programming processes can supplement practices such as interviews and observations.

To allow the methodology to be utilized beyond a university setting while maintaining

the security of the logged data, however, the current infrastructure would need to be

modified and improved upon.

Results obtained from our exploratory study serves as a crucial discussion point

as to how novice programmers’ learning experiences, as well as their learning and

retention of CT skills, can be enhanced. Efforts toward doing so could be in the form

of introducing tools or curricula to supplement novice programming specific to Scratch,

improving the design and structures of block-based programming environments, and

developing an alternative visual programming language for introductory CS students

that may not necessarily revolve around the idea of blocks.
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five years on: An evaluation of a large-scale programming data collection project.
In ICER 2018 - Proceedings of the 2018 ACM Conference on International Com-
puting Education Research, pages 196–204. ACM, 2018.

[5] Kostadin Damevski, David C. Shepherd, Johannes Schneider, and Lori Pollock.
Mining Sequences of Developer Interactions in Visual Studio for Usage Smells.
IEEE Transactions on Software Engineering, 43(4):359–371, 2017.

[6] Roy Thomas Fielding. Architectural Styles and the Design of Network-based Soft-
ware Architectures. Doctoral dissertation, University of California, Irvine, 2000.
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seca Escudero, and Maŕıa José Casañ. Clickstream for learning analytics to assess
students’ behavior with Scratch. Future Generation Computer Systems, 93:673–
686, 2019.

[8] Philippe Fournier-Viger, Antonio Gomariz, Ted Gueniche, Azadeh Soltani,
Cheng Wei Wu, and Vincent S. Tseng. SPMF: A java open-source pattern mining
library. Journal of Machine Learning Research, 15:3389–3393, 2015.

[9] Dan Garcia, Brian Harvey, and Tiffany Barnes. The beauty and joy of computing.
ACM Inroads, 6(4):71–79, Dec 2015.

37



[10] Fatemeh Jamshidi and Daniela Marghitu. Using music to foster engagement in
introductory computing courses. In Proceedings of the 50th ACM Technical Sym-
posium on Computer Science Education, SIGCSE ’19, page 1278, New York, NY,
USA, 2019. Association for Computing Machinery.

[11] Yasmin Kafai, Chris Proctor, and Debora Lui. From theory bias to theory di-
alogue: Embracing cognitive, situated, and critical framings of computational
thinking in K-12 Cs education. In ICER 2019 - Proceedings of the 2019 ACM
Conference on International Computing Education Research, pages 101–109, New
York, New York, USA, jul 2019. Association for Computing Machinery, Inc.

[12] Yasmin B Kafai, Deborah A Fields, Debora A Lui, Justice T Walker, Mia S
Shaw, Gayithri Jayathirtha, Tomoko M Nakajima, Joanna Goode, and Michael T
Giang. Stitching the loop with electronic textiles: Promoting equity in high school
students’ competencies and perceptions of computer science. In Proceedings of the
50th ACM Technical Symposium on Computer Science Education, pages 1176–
1182, 2019.

[13] Sze Yee Lye and Joyce Hwee Ling Koh. Review on Teaching and Learning of Com-
putational Thinking Through Programming. Comput. Hum. Behav., 41(C):51–61,
Dec 2014.

[14] Sze Yee Lye and Joyce Hwee Ling Koh. Case studies of elementary children’s
engagement in computational thinking through scratch programming. In Compu-
tational Thinking in the STEM Disciplines: Foundations and Research Highlights,
pages 227–251. Springer International Publishing, Jan 2018.

[15] David J Malan and Henry H Leitner. Scratch for Budding Computer Scientists.
SIGCSE Bull., 39(1):223–227, Mar 2007.

[16] John H Maloney, Kylie Peppler, Yasmin Kafai, Mitchel Resnick, and Natalie Rusk.
Programming by Choice: Urban Youth Learning Programming with Scratch.
SIGCSE Bull., 40(1):367–371, Mar 2008.

[17] Iris Miliaraki, Klaus Berberich, Rainer Gemulla, and Spyros Zoupanos. Mind the
gap: Large-scale frequent sequence mining. In Proceedings of the ACM SIGMOD
International Conference on Management of Data, pages 797–808, 2013.
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Scratch Programming Activity [Students’ Copy] 

Your challenge 
In this programming task, you will be creating a ‘guessing game’ with Scratch. At the beginning 
of the game, your program should choose any random number from 1 to 10. Then, your 
program should repeatedly ask the player to guess the number until they are correct, informing 
them if the guessed number is too high or too low. The game ends when the player guesses the 
random number correctly.  

Instructions — Part I 
Click on the following link to access the website that will be used for this activity: 
http://128.4.31.241:8601/ 
 
Once you have made your way to the website we will be using for this programming 
activity, click on the ‘Session Code’ button on the top menu, which will give you your very 
own session code. Copy and paste your session code into the Google Form, then return 
to the website to begin the Scratch programming task.  

A.  Greet the player 
When your guessing game starts, the Scratch Cat sprite should first ask the 
player for their name by saying “What is your name?”. When the player provides 
a name, instruct the Scratch Cat to say “Hello [insert name here]” for 3 seconds 
to greet the player with the given name. 

B. Pick a random number 
After greeting your player, your program should randomly choose any number 
between 1 and 10. This is the number that the player will attempt to guess. 

C. Tell the player to guess the number 
Program the Scratch Cat so that it prompts the player to guess the randomly 
generated number by saying ‘Guess a number between 1 and 10’ for 3 seconds. 
The Cat should then ask ‘What’s your guess?’ and allow the user to answer the 
question. If the player’s guess is correct, instruct the Cat to say “Correct! You 
won!” for 3 seconds. Otherwise, the Cat should repeatedly ask the player to 
guess again and inform the player that they have guessed too high or too low by 
saying “Too low. Try again!” and “Too high. Try again!” accordingly for 3 seconds.  

D. Submit your project 
Please save your Scratch project to your computer and attach it to the Google 
Form. 

Appendix A

STUDENTS’ COPY OF THE INSTRUCTIONS FOR THE
PROGRAMMING ACTIVITY



Using the ‘File’ menu found at the top of the window, click on ‘Save to your 
computer’ to save the project to your computer. 

Before moving on from Part I to Part II 
Does the project you created so far satisfy all of the instructions above?  

Yes: 
Answer accordingly on the Google Form and move onto Part II.  

No: 
Answer accordingly and download the example Scratch project provided 
on Google Form.  
To load the example Scratch project into the Scratch programming 
environment, click on the ‘File’ menu found at the top of your window. 
Then click on ‘Load from your computer’ to load the project into the 
environment.  

Instructions — Part II 
Extend your project so that it accomplishes the following: 

A. Ask the player how many times they would like to play the guessing game 
In the first section of part I, your program controlled the Scratch Cat sprite to 
greet the player with the given name, then generated a random number from 1 to 
10. For part II, modify your program so that after the player is greeted with their 
name, the Scratch Cat asks, “How many times would you like to play the game?”. 
The player should provide a number in response to the sprite’s question. 

B. Tell the player that they can stop the game anytime 
Before generating a random number, program your Scratch cat to say “You can 
stop playing the game anytime by clicking the stop button” for 3 seconds.  

C. Pick a random number and repeat the guessing game ___ times 
Using the number that the player has given, your program should repeat the 
guessing game that many times. The random number should also be 
regenerated each round.  
 

D. Submit your project 
 
Please save your Scratch project to your computer and attach it to the Google 
Form. 
Using the ‘File’ menu found at the top of the window, click on ‘Save to your 
computer’ to save the project to your computer. 



Getting Started with Scratch 

Overview of the Scratch programming environment 
For the programming challenge, you’ll be working with three main areas in the Scratch 
programming environment: the block palette, the scripts area, and the stage. 

 
The ​block palette​ contains every block that can be used in a Scratch project. Click and 
drag blocks into the scripts area to run them in your project. Blocks can also be stacked 
together to create a ​script​, which is a sequence of instructions that your project will 
follow.  
 
The ​scripts area​ stores your project’s scripts. This is where you will be writing your 
script with the blocks in the block palette.  
 
The ​stage​ is a visual representation of your project. What is shown on the stage is what 
a user will see when they interact with your work. When Scratch creates a new project, 
its stage will come with the Scratch Cat sprite by default (see above screenshot).You will 
be working with this Scratch Cat sprite for this guessing game.   

Appendix B

AN OVERVIEW GUIDE TO THE SCRATCH PROGRAMMING
ENVIRONMENT



Blocks 

Looks 

: Give your sprite a speech bubble and make it say something by 
using the ​Say ()​ block.  

Events 

: ​When the Green Flag is clicked​, all block codes that are 
attached to this Event block will run. 

Controls 

: Blocks held inside this ​Repeat ()​ block will repeat a given 
number of times, before allowing the script to continue past that section of the 
script. 

: Blocks held inside this ​Repeat Until ()​ block will repeat until the 
condition described in the hexagon becomes true. 

E.g. : A sprite will move 10 steps 
repeatedly until its horizontal (x) position equals 100. 

: Blocks held inside this ​Forever​ block will repeat an infinite 
number of times (the loop never ends). You can end the ​Forever​ block using the 
Stop ()​ block.  

: The ​Stop ()​ block is used to stop the script it is attached to, all 
scripts in the project, or other scripts in a sprite.  



: The ​If () Then​ block checks the condition described in the 
hexagon.. If the condition is true, the blocks held inside it will run. If the condition 
is false, the blocks held inside will be ignored, unlike the ​if () Then, Else​ block. 

: The ​If () Then, Else​ block checks the condition described in 
the hexagon. If the condition is true, blocks held under ​If () then​ will run. 
However, if the condition is false, blocks held under ​Else​ will run.  

Sensing 

: With the ​Ask () and Wait​ block, you can ask your players 
questions and receive answers. Specify the question that you would like to ask 
into this block. When this block runs, it will display the question and an empty text 
box, in which your players can type in their answers.  

 

: Once the players submit their answers, they are stored in the 
Answer ​block.  

Operators 

: The ​() + ()​ block adds the two values.  



: The ​() - ()​ subtracts the second value from the first value. 

: The ​() * ()​ multiplies the two values. 

: The ​() / () ​block divides the second value from the first value. 

: The ​Pick Random () to () ​block picks a random 
number “ranging from the first number to the second, including both endpoints.”  

: The ​() is greater than ()​ ​boolean ​block checks if the first 
value is greater than the second value. If the first value is greater, the block 
returns ​true​. If the second value is greater, the block returns ​false​.  

: The ​() is less than ()​ ​boolean ​block checks if the first value 
is less than the second value. If the first value is greater, the block returns ​false​. 
If the second value is greater, the block returns ​true​.  

: The ​() = ()​ ​boolean ​block checks if the first and second 
values are equivalent to one another. If the values are equal, the block returns 
true​. Else, the block returns ​false​.  

: The ​() and ()​ ​boolean​ block “joins two boolean blocks so they 
both have to be true to return ​true​.” If both boolean blocks are ​true​, the block 
returns ​true​. If only one or none of the boolean blocks are true, the block returns 
false​.  

: The ​() or ()​ ​boolean​ ​block “joins two boolean blocks so any 
one of them can be true to return ​true​.” If at least one of the two boolean blocks 
are ​true​, the block returns ​true​. If none of the two boolean blocks are true, the 
block returns ​false​.  

: The ​Not ()​ ​boolean​ block returns ​true​ if the boolean inside it is 
false; if the boolean inside it is true, it returns ​false​. 

: The ​Join ()()​ block “links” the two specified values together. 
For example, if “hello” and “world” were put in the block, the ​Join()()​ block would 



return “helloworld”. To form a coherent sentence, insert a space in one of the two 
values (e.g. “hello “ and “world”, “hello” and “ world”).  

 

Variables 

: Sometimes you may need to store information that would be 
useful later in your Scratch project. In programming, a ​variable ​is like a box that 
can store different values like numbers and words.  

 
To create a variable, look for the ‘Make a Variable’ button in the block 
palette.  

 
A ‘New Variable’ window such as the following should appear in your 
Scratch programming environment: 

 
Give your variable a name and specify whether you would like this 
variable to be used for all sprites or this sprite only. Click ‘OK’ when 
complete. You should now be able to store values in your new variable. 
 

: The ​Set () to ()​ block sets the specified variable to 
store the given value. The value can be in the form of numbers or words. For 
example, you can store number 0 in a variable named ‘score.’  
 

: The ​Change () by ()​ block changes the value stored 
in the specified variable by the given number. If the variable was storing word(s) 
before this block is called, the ​Change () by () ​block changes the value stored in 
the variable to the given number. In this screenshot, the value stored in the 
‘score’ variable changes by 1.  



 

: The ​Show Variable ()​ block shows what value the 
specified variable is holding in the stage of your Scratch programming 
environment.  

E.g. When this block is called in your script and it specifies a variable 
named ‘score’ storing the number 0, the stage displays the value of 
‘score’ on the top left corner as such: 

 
 

: The ​Hide Variable ()​ block hides the value of the 
specified variable from the stage of your Scratch programming environment. 

 



WelcRPe WR Whe ScUaWch SURgUaPPiQg acWiYiW\!
NRWe WhaW WhiV acWiYiW\ iV deVigQed fRU eYeU\RQe, UegaUdleVV Rf RQe'V SURgUammiQg backgURXQd.

* ReTXiUed

TeUPV aQd AgUeePeQWV: CRQVeQW FRUP
YRX aUe beiQg aVked WR SaUWiciSaWe iQ a UeVeaUch VWXd\. ThiV fRUm WellV \RX abRXW Whe VWXd\ iQclXdiQg iWV 
SXUSRVe, ZhaW \RX Zill be aVked WR dR if \RX decide WR SaUWiciSaWe, aQd aQ\ UiVkV aQd beQefiWV Rf beiQg iQ 
Whe VWXd\. PleaVe Uead Whe iQfRUmaWiRQ belRZ aQd aVk Whe UeVeaUch Weam TXeVWiRQV abRXW aQ\WhiQg Ze 
haYe QRW made cleaU befRUe \RX decide ZheWheU WR SaUWiciSaWe. YRXU SaUWiciSaWiRQ iV YRlXQWaU\ aQd \RX caQ 
UefXVe WR SaUWiciSaWe RU ZiWhdUaZ aW aQ\ Wime ZiWhRXW SeQalW\ RU lRVV Rf beQefiWV WR Zhich \RX aUe RWheUZiVe 
eQWiWled.  If \RX decide WR SaUWiciSaWe, \RX Zill be aVked WR VigQ WhiV fRUm aQd a cRS\ Zill be giYeQ WR \RX WR 
keeS fRU \RXU UefeUeQce.  
 
WHAT IS THE PURPOSE OF THIS STUDY? 
The SXUSRVe Rf WhiV VWXd\ iV WR RbVeUYe ScUaWch XVeUV¶ XVe Rf cRmSXWaWiRQal WhiQkiQg VkillV, VXch aV 
abVWUacWiRQ aQd algRUiWhmic WhiQkiQg. We Qeed begiQQiQg SURgUammiQg VWXdeQWV VXch aV \RX WR helS XV 
gaiQ a deWailed XQdeUVWaQdiQg Rf XVeUV¶ cRmmRQ SURgUammiQg behaYiRUV iQ Whe ScUaWch blRck-cRdiQg 
eQYiURQmeQW. 
YRX aUe beiQg aVked WR Wake SaUW iQ WhiV VWXd\ becaXVe ScUaWch iV deVigQed WR addUeVV begiQQiQg 
SURgUammeUV.  We dR QRW UeTXiUe, RU ZaQW \RX WR haYe VigQificaQW SURgUammiQg e[SeUieQce. A lRg Rf \RXU 
acWiRQV iQ Whe ScUaWch SURgUammiQg eQYiURQmeQW Zill be UecRUded, bXW QR iQfRUmaWiRQ UegaUdiQg \RXU 
ideQWiW\ Zill be cRllecWed. ThiV aQRQ\mRXV lRg, alRQg ZiWh maQ\ RWheUV, Zill be aQal\]ed WR leaUQ abRXW Whe 
acWiRQV WhaW begiQQiQg SURgUammeUV Wake ZheQ blRck-cRdiQg iQ ScUaWch. The aggUegaWe UeVXlWV fURm maQ\ 
XVeUV Zill be UeSRUWed iQ UeVeaUch SaSeUV. We SlaQ WR  haYe abRXW 30-60 SaUWiciSaQWV iQ WhiV VWXd\. 
 
WHAT WILL YOU BE ASKED TO DO? 
YRX Zill fiUVW be giYeQ aQ RYeUYieZ Rf Whe ScUaWch SURgUammiQg eQYiURQmeQW.  
TheQ, \RX Zill be giYeQ aQ iQWURdXcWRU\ SURgUammiQg acWiYiW\ WR cRmSleWe iQ ScUaWch. YRX Zill be aVked WR 
fRllRZ Whe SURcedXUeV belRZ: 
1. CRmSleWe aQd VXbmiW a GRRgle fRUm SURYided b\ XV, ZheUe \RX Zill be aVked WR SURYide iQfRUmaWiRQ 
VXch aV \RXU leYel Rf SURficieQc\ iQ SURgUammiQg. 
2. CRmSleWe Whe µGeWWiQg SWaUWed ZiWh ScUaWch¶ gXide. 
3. CUeaWe, WR Whe beVW Rf \RXU abiliWieV, a ScUaWch SURgUam WhaW fRllRZV Whe iQVWUXcWiRQV giYeQ WR \RX. 
 
PaUWiciSaWiRQ iQ Whe VWXd\ Zill Wake aSSUR[imaWel\ 20-45 miQXWeV.  
 
WHAT ARE THE POSSIBLE RISKS AND DISCOMFORTS? 
TheUe aUe QR kQRZQ UiVkV WR \RX if \RX SaUWiciSaWe iQ WhiV e[SeUimeQW. If \RX UefXVe WR SaUWiciSaWe, \RX Zill 
QRW be SeQali]ed.   
 
WHAT ARE THE POTENTIAL BENEFITS? 
PaUWiciSaQWV Zill gaiQ blRck-SURgUammiQg e[SeUieQce aQd kQRZledge WhaW Whe\ ma\ QRW haYe had SUiRU WR 
SaUWakiQg iQ Whe VWXd\, aQd cRXld make XVe Rf iQ fXWXUe SURgUammiQg acWiYiWieV.  YRX Zill be helSiQg 
UeVeaUcheUV iQ cRmSXWeU VcieQce edXcaWiRQ WR beWWeU XQdeUVWaQd hRZ begiQQeUV gR abRXW SURgUammiQg, 
Zhich caQ lead WR QeZ Za\V Rf WeachiQg begiQQiQg SURgUammeUV. 
 
HOW WILL CONFIDENTIALITY BE MAINTAINED? 
We Zill make eYeU\ effRUW WR keeS all UeVeaUch UecRUdV WhaW ideQWif\ \RX cRQfideQWial WR Whe e[WeQW SeUmiWWed 
b\ laZ. IQ Whe eYeQW Rf aQ\ SXblicaWiRQ RU SUeVeQWaWiRQ UeVXlWiQg fURm Whe UeVeaUch, QR SeUVRQall\ 
ideQWifiable iQfRUmaWiRQ Zill be VhaUed RXWVide Whe lab. 
YRXU UeVeaUch UecRUdV ma\ be YieZed b\ Whe UQiYeUViW\ Rf DelaZaUe IQVWiWXWiRQal ReYieZ BRaUd, bXW Whe 
cRQfideQWialiW\ Rf \RXU UecRUdV Zill be SURWecWed WR Whe e[WeQW SeUmiWWed b\ laZ.  
 
WILL THERE BE ANY COSTS RELATED TO THE RESEARCH? 
TheUe aUe QR cRVWV iQYRlYed iQ SaUWiciSaWiRQ. 
 
DO YOU HAVE TO TAKE PART IN THIS STUDY? 

Appendix C

SURVEY UTILIZED IN EXPLORATORY STUDY



PaUWiciSaWiRQ iQ WhiV VWXd\ iV YRlXQWaU\. IW iV \RXU deciViRQ aV WR ZheWheU \RX ZaQW WR SaUWiciSaWe. If \RX 
UefXVe WR SaUWiciSaWe, \RX Zill QRW be SeQali]ed. If aW aQ\ SRiQW dXUiQg Whe e[SeUimeQW, \RX chaQge \RXU 
miQd aQd ZiVh WR ZiWhdUaZ, \RX ma\ dR VR. If \RX UeTXeVW WR haYe Whe daWa cRllecWed fURm \RX deVWUR\ed, 
Ze Zill dR VR. 
AV a VWXdeQW, if \RX decide QRW WR Wake SaUW iQ WhiV UeVeaUch, \RXU chRice Zill haYe QR effecW RQ \RXU 
academic VWaWXV RU \RXU gUade iQ a claVV. 
 
WHO SHOULD YOU CALL IF YOU HAVE QUESTIONS OR CONCERNS? 
If \RX haYe aQ\ TXeVWiRQV abRXW WhiV VWXd\, SleaVe cRQWacW Whe PUiQciSal IQYeVWigaWRU, LRUi PRllRck aW 302-
831-1953 RU email SRllRck@Xdel.edX. 
If \RX haYe aQ\ TXeVWiRQV RU cRQceUQV abRXW \RXU UighWV aV a UeVeaUch SaUWiciSaQW, \RX ma\ cRQWacW Whe 
UQiYeUViW\ Rf DelaZaUe IQVWiWXWiRQal ReYieZ BRaUd aW 302-831-2137. 
____________________________________________________________________________________
________ 
 
YRXU VigQaWXUe belRZ iQdicaWeV WhaW \RX aUe YRlXQWaUil\ agUeeiQg WR Wake SaUW iQ WhiV UeVeaUch VWXd\. YRX 
haYe beeQ iQfRUmed abRXW Whe VWXd\¶V SXUSRVe, SURcedXUeV, SRVVible UiVkV aQd beQefiWV. YRX haYe beeQ 
giYeQ Whe RSSRUWXQiW\ WR aVk TXeVWiRQV abRXW Whe UeVeaUch aQd WhRVe TXeVWiRQV haYe beeQ aQVZeUed. YRX 
Zill be giYeQ a cRS\ Rf WhiV cRQVeQW fRUm WR keeS. 

1. SigQaWXUe Rf SaUWiciSaQW *

2. DaWe VigQed *
 
E[ample: December 15, 2012

Take a TXick lRRk aW ZhaW \RX caQ dR iQ ScUaWch
Make \RXU Za\ WhURXgh Whe 'GeWWiQg SWaUWed ZiWh ScUaWch' gXide. The gXide SURYideV aQ RYeUYieZ Rf Whe 
ScUaWch SURgUammiQg eQYiURQmeQW aQd Whe YaUiRXV blRck cRdeV WhaW \RX ma\ be XViQg WhURXghRXW Whe 
VWXd\. Click RQ Whe fRllRZiQg liQk WR acceVV Whe 'GeWWiQg SWaUWed ZiWh ScUaWch' gXide: 
hWWSV://dRcV.gRRgle.cRm/dRcXmeQW/d/1De4V5FdlbS69YXDZYkkb7PJ\DBQQQDbi16FQEOVU4Vc/ediW?
XVS=VhaUiQg

3. *
Check all that appl\.

 Click WhiV checkbR[ afWeU \RX haYe Uead WhURXgh Whe 'GeWWiQg SWaUWed ZiWh ScUaWch' gXide.

PURgUaPPiQg AcWiYiW\: PaUW I
FRllRZ Whe iQVWUXcWiRQV fRU SaUW I Rf Whe SURgUammiQg acWiYiW\ iQ Whe fRllRZiQg dRcXmeQW: 
hWWSV://dRcV.gRRgle.cRm/dRcXmeQW/d/10MW1VXVUMPTPYMkZZgNd07TECQPY0gI8m1YTY9VPeHA/ediW?
XVS=VhaUiQg

4. CRS\ aQd SaVWe \RXU VeVViRQ cRde heUe: *

5. USlRad \RXU ScUaWch SURjecW heUe afWeU cRPSleWiQg SaUW I Rf Whe SURgUaPPiQg acWiYiW\. *
FileV VXbmiWWed:

BefRUe PRYiQg RQ



6. DReV Whe SURjecW \RX cUeaWed VR faU VaWiVf\ all Rf Whe iQVWUXcWiRQV abRYe? *
Mark onl\ one oYal.

 YeV Skip to question 8.

 NR Skip to question 7.

AQVZeUed 'NR' WR 'DReV Whe SURjecW \RX cUeaWed VR faU VaWiVf\ all
Rf Whe iQVWUXcWiRQV abRYe?' fURP PaUW I?'
PaUW II UeTXiUeV \RX WR haYe a VXcceVVfXll\ ZRUkiQg cRde fURm PaUW I.  
DRZQlRad Whe e[amSle VRlXWiRQ ScUaWch SURjecW b\ clickiQg RQ Whe fRllRZiQg liQk: 
hWWSV://dUiYe.gRRgle.cRm/file/d/1dIkTU76UMPaSh55i[ZEk3R[UM4SkcWRT/YieZ?XVS=VhaUiQg 
 
OQce \RX haYe dRZQlRaded Whe e[amSle SURjecW, lRad Whe .Vb3 file iQWR \RXU ScUaWch SURgUammiQg 
eQYiURQmeQW. 

7. *
Check all that appl\.

 Click WhiV checkbR[ afWeU \RX haYe VXcceVVfXll\ lRaded Whe e[amSle [VRlXWiRQ] SURjecW iQWR \RXU
ScUaWch SURgUammiQg eQYiURQmeQW.

Skip to question 8.

PURgUaPPiQg AcWiYiW\: PaUW II
FRllRZ Whe iQVWUXcWiRQV fRU SaUW II Rf Whe SURgUammiQg acWiYiW\ iQ Whe fRllRZiQg dRcXmeQW: 
hWWSV://dRcV.gRRgle.cRm/dRcXmeQW/d/10MW1VXVUMPTPYMkZZgNd07TECQPY0gI8m1YTY9VPeHA/ediW?
XVS=VhaUiQg

8. USlRad \RXU ScUaWch SURjecW heUe afWeU cRPSleWiQg SaUW II Rf Whe SURgUaPPiQg acWiYiW\. *
FileV VXbmiWWed:

SRPe TXeVWiRQV abRXW \RX

9. HRZ PXch SURgUaPPiQg e[SeUieQce dR \RX haYe? *
Mark onl\ one oYal.

 HaYe QeYeU SURgUammed iQ aQ\ eQYiURQmeQW

 TUied a ViQgle VeVViRQ Rf leVV WhaQ a feZ hRXUV (e.g. HRXU Rf CRde)

 CUeaWed a feZ SURjecWV

 HaYe SURgUammed a faiU amRXQW iQ blRck-baVed laQgXageV

 HaYe SURgUammed a faiU amRXQW iQ We[W-baVed laQgXageV

 HaYe SURgUammed a cRQVideUable amRXQW (e.g. aV SaUW Rf a cRXUVe, dXUiQg m\ RZQ fUee Wime)

10. WhaW CRPSXWeU ScieQce cRXUVeV haYe \RX WakeQ iQ high VchRRl aQd UD? *
 

 

 

 

 



PRZeUed b\

11. WhaW PaWh cRXUVeV haYe \RX WakeQ iQ high
VchRRl aQd UD? *
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