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ABSTRACT

Agent-based modeling (ABM) has become a major approach to
promote computational thinking and complex systems thinking
in K-12 education. However, agent-based programming (ABP), the
computational foundation of ABM, is less defined and discussed
in previous literature. Summarizing previous studies around ABP
from computer science and education, we argued for the potential
benefits of introducing ABP to youth. Rooted in the interest devel-
opment theory, we presented the design of a scaffolded agent-based
programming space, the Pocketworld Playground (POP), that aims
to engage out-of-school online young learners through develop-
ing their interest in ABP. The POP was built in Turtle Universe
(TU), the mobile incarnation of NetLogo. Using a mixed-methods
approach to analyze log data and artifacts created by learners, we
found that POP successfully engaged learners with ABP practices;
helped develop situational and individual interest; and contributed
to TU’s emerging online community. Finally, we discussed design
lessons that could benefit other online learning designers.
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1 INTRODUCTION

Computational thinking is a critical form of literacy that supports a
widening list of social and productive activities (e.g., [61, 72]). There
have been significant efforts to promote computational thinking and
participation in K-12 education (e.g. [36]). One popular approach
is Agent-based modeling (ABM), which promotes computational
thinking and complex systems perspectives [1, 55, 65]. Originating
from complex systems theory, ABM is a powerful methodology that
leverages individual autonomous agents and simple computational
rules to study complex emergent phenomena in natural and social
science [24, 31, 64]. ABM promotes a decentralized, probabilistic
mindset [66] and opens up opportunities to bring a new representa-
tional infrastructure that can be used as a restructuration [61-63]
of scientific knowledge.

Agent-based programming (ABP) is the technical foundation of
Agent-based Models (ABMs). Inspired by literature in computer
science (e.g. [4, 14, 56, 75]) and learning sciences [55], we define
ABP as a programming paradigm that focuses on the behaviors of
individual agents to produce emergent macro-level patterns. Simi-
lar to ABM, ABP is decentralized and often probabilistic in nature.
While ABM encompasses multiple activities ranging from creation,
validation, and analysis, it relies on ABP to produce desired refer-
ence phenomena [64]. When the goal is to have learners change,
critique, or create models, the syntactic and semantic ABP skills
are particularly essential to create sets of agents, make rules of
their individual behaviors, and engage them in interactions with
the world and each other [64].

However, integrating ABM in K12 science and math curricula
still poses a significant challenge. One reason is that computational
modeling and programming involve a higher overhead for teaching
and learning in classrooms where teachers and students could be
less prepared for CS-related content [55]. Adding to the challenge,
ABP brings a different paradigm than most programming taught in
schools and involves a decentralized, probabilistic mindset (see the
definition in [66]). As a result, many implementations of ABM in
K-12 classrooms have been limited to exploration, where students
play with models built by others and have limited opportunities
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or support to construct their own (e.g. [28, 32, 41]). Without fur-
ther support for the learning of ABP, it becomes challenging to
materialize the full learning potential of ABM.

To address the challenge, one possible solution is to explicitly
support the learning of ABP. Over the past decade, several studies
have explored ways to support learners’ deeper engagement with
ABM. Both [34, 55, 71] leveraged block-based visual programming
to lower the threshold of ABP in ABM learning activities. In ad-
dition, studies have introduced ABP in other creativity-oriented
learning activities, such as creative art, games, or expressive pro-
gramming (e.g. [8, 9, 25]). By creating more inclusive opportunities
for learners to engage in relatable agent-based computational ac-
tivities, these studies have the potential to reach out to a wider
audience with ABP and prepare learners for deeper engagement
with ABM.

Existing studies on computational thinking education have pri-
marily focused on classroom settings [58], and only a few ABM &
P learning activities were implemented outside schools (e.g. [9, 34]).
Given that 85% of children’s awake time is spent outside classrooms
[44], youth’s out-of-school computational practices are receiving
more attention (e.g., [39]). The growing use of mobile technology
among youth [3] brings further opportunities for researchers and
practitioners to engage out-of-school learners with computational
activities.

To take advantage of this opportunity, Turtle Universe (TU)
builds on NetLogo [69], the most widely used “low ceiling, high
threshold” ABM environment, and extends the access of ABM & P
to smartphones and tablets. The availability of TU on smartphones
and tablets makes it possible to invite online, out-of-school learners
to voluntarily participate in ABM & P [15, 16]. Whereas, without
proper design to bolster learners’ short-term and long-term inter-
ests, increased opportunities do not naturally lead to increased
participation [46].

In this paper, we introduce and investigate the first learning
design, the Pocketworld Playground (POP), that seeks to broaden
the participation of ABP by developing learners’ situational and in-
dividual learning interests. Designed for and implemented in Turtle
Universe, POP is an agent-based programming environment with
guided pathways that specifically target online, out-of-school learn-
ers at K-12 age level. Using the Integrated Interest Development for
Computing Education Framework (IIDCEF, [46]), we discuss our
design decisions that aim to support learners’ interests. Specifically,
we are interested in the design-based research questions:

e RQ1. Did our learning design support learners’ engagement
with the ABP paradigm?

e RQ2. Did our learning design support learners’ situational
(or short-term) interests in ABP?

e RQ3. Did our learning design support learners’ individual
and collective interests in ABP?

Using log data collected from 14,710 online, out-of-school learn-
ers and 934 POP projects shared in the online community, we
adopted behavioral metrics proposed by the IIDCEF to answer the
RQs. We will then discuss the implications for learning designers
to 1) design activities that engage learners with ABP; 2) design en-
vironments that support online, out-of-school learners’ short-term
and long-term interests in computational activities.
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2 RELATED WORK

2.1 Arguing for Agent-based Programming
(ABP)

In the previous section, we defined Agent-based Programming
(ABP) as a programming paradigm that focuses on the behaviors
of individual agents to produce emergent macro-level patterns.
Reviewing the previous studies from computer science and edu-
cation, we further found that ABP has the potential to promote
decentralized and probabilistic thinking in learning contexts.

In computer science, the definition of ABP focuses on a decentral-
ized paradigm of programming. [56] first proposes the framework
of Agent-Oriented Programming in Al, strictly defining agents as
entities with “mental components”, such as beliefs, capabilities,
choices, and commitments. Later work from [4, 49] focuses on
agents’ centrality and their “behavior, motivations, and relation-
ships” in natural and social science modeling. The definition was
further broadened to include general-purpose software, as [75] char-
acterized: 1) Autonomy, that an agent is not passively subject to a
global, external flow of control; 2) Situatedness, that an agent per-
forms its actions in a particular environment; and 3) Sociality, that
agents may communicate or coordinate with each other to achieve
local or global objectives. Recently, [14] starts to distinguish ABP as
a distinct construct, with ABM as a type of its application. Instead
of writing a program that directly produces the desired macro-level
pattern, ABP focuses on the micro-level, operating on the behaviors
of individual agents.

In education, the definition of ABP is less clear and often asso-
ciated with the programming aspect of ABM. However, the prob-
abilistic way of programming is more often foregrounded. Both
[23, 45, 55, 74] used the term “Agent-based Programming” to dis-
tinguish their ABM activities with programming elements from
studies that only involve the usage of agent-based models (ABMs).
In cases where ABP was used in educational scenarios other than
supporting ABM, most of them involve probabilistic programming
as well. For example, ABP is used to 1) produce generative art or
“expressive coding” (e.g. [6, 9, 29]); or 2) design serious games (e.g.
[48]); or 3) control multi-agent systems, such as swarm robot sys-
tems (e.g. [20, 22]). In these examples, probabilistic thinking is often
implied (e.g. in swarm robot systems, where sensors and motors are
not 100% accurate) or foregrounded (e.g. in generative art, where
probabilistic programming could lead to diverse effects).

In learning contexts, it seems that ABP has the potential to pro-
mote a decentralized and probabilistic mindset [66]. It prepares
learners for future engagement with ABM not only through famil-
iarizing them with programming, but also by helping them develop
the necessary mindset for ABM. ABP also provides a wider array of
computational activities for learners to identify with and become
interested in.

2.2 Engaging Online, Out-of-school Learners
with ABP

With the advent of widespread mobile adoption, engaging online,
out-of-school learners has become increasingly important. Studies
have shown that weaving in-school and out-of-school learning ex-
periences together could maximize learning gains [12]. In addition,
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as equity issues in computing education partially originate from
unequal access to learning technologies [26, 60], making computa-
tional learning activities publicly available becomes an alternative
and supplementary pathway to address them. Online communities
bring further opportunities for engaging diverse audiences and
cultural practices (e.g. [52, 53]).

However, only a few studies try to engage out-of-school learners
with ABP (e.g. [9, 34]), and none have focused on online learners.
One reason for this is that no ABM or P environments have provided
sufficient features for designing and distributing such learning ex-
periences. While Turtle Universe solves both issues by providing a
technical infrastructure to design, implement, and distribute interac-
tive learning experiences [18], it poses new challenges for learning
designers. How can we design an interactive learning experience
for online, out-of-school learners in ABP?

Informed by the Integrated Interest Development for Computing
Education Framework (IIDCEF, [46]), we recognize that a good
design should not only provide new opportunities for learners
to engage with ABP, but also support their interests. Following
[50]’s theory, we differentiate interest into two constructs: situ-
ational interest, which refers to a short-term, localized interest
that could be triggered by a particular learning activity; and in-
dividual interest, which refers to a long-term and slowly shifting
relationship between learners and the learning activity. Both frame-
works emphasize the interaction between short-term situational
interest and long-term individual interest. They also underscore
the impact of support (or lack thereof) from the learning space on
the development of interests and focus on the notion of voluntary
re-engagement [46] or continued engagement [50] as the manifesta-
tion and potential measurement of interests. Additionally, interests
are also highly personal: a learning space may simultaneously boost
some learners’ interests and decrease others.

Below, we briefly review prior studies around developing inter-
ests in computational activities that inspired or informed our design.
We organize them around the three key dimensions proposed by
the IIDCEF [46]: Knowledge; Value; and Belonging.

2.2.1 Knowledge. The IIDCEF distinguishes three key factors that
contribute to meaningful knowledge building that could be recip-
rocally beneficial for interest development: 1) Appropriate levels of
challenge; 2) Personally relevant learning contexts; and 3) Authen-
tic computational learning activities. Started by Papert [47], many
studies following the constructionist tradition have addressed these
factors. Papert’s own Mathland metaphor is a great example: The
design of computers should ensure that communicating with them
can be a natural process, so that “talking mathematics” could be
similar to “learning French while living in France” [47]. NetLogo is
designed with the same principles: its grammar is centered around
manipulating multiple agents at the individual level [59]. It can be
used for multiple purposes, focused mostly on scientific modeling
but also enabling expressive arts and gaming, thus supporting many
culturally relevant learning activities (e.g. [10, 43]).

However, it is still challenging to implement learning activities
with ABP elements within a short period of time, even in classrooms
(e.g. [55]). Recently, many block-based programming environments
were introduced for ABM & P to further lower the threshold of
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participation, especially in introductory or informal settings. We cat-
egorize them by degrees of generalization (Fig. 1). Domain-specific
block-based programming environments are characterized by their
small number of blocks and low threshold to learn. For example,
young learners in a museum were found to start programming with
the Frog Pond [34] within 1-2 minutes. The few blocks in those envi-
ronments are often designed to represent domain-specific behavior,
such as “hop”, “chirp” for frogs. Domain-general block-based pro-
gramming environments provide more expression power through
content-agnostic blocks: instead of “hop”, learners would use a
“forward” block with a “distance” parameter to achieve the same
behavior. They are much more powerful, but also come with far
more blocks and a higher threshold of learning. For example, StarL-
ogo TNG’s teacher guide [2] suggests 10 lessons for learning the
foundation of the environment.

Domain-Specific Domain-General
Less Blocks, Less Expression Power More Blocks, More Expression Power

I I ? |

Frog Pond Much. Matter. in. Motion StarLogo TNG Scratch
(Hornetal,2014)  (Saba, Hel-Or & Levy, 2021) (Begel &Klopfer, 2007)  (Resnick et al,, 2009)
DeltaTick pencil.cc
(Wilkerson & Wilensky, 2010) (Weintrop & Wilensky, 2017)
Building Blocks MakeCode
(Martin, et al., 2020) (Ball, et al, 2019)

Figure 1: Conceptualization of Block-based Programming
Environments

While existing scaffolding efforts for ABM & P usually focus
on conceptual learning (e.g. [5]), another direction to support the
learning is through interactive scaffolds. Here, we adopt Collins’
definition [21] of scaffolding which revolves around experts’ sup-
port for novices to carry out tasks. Successful scaffolding leads
to its own removal: when the scaffolds are faded, learners could
still carry out the same tasks [21]. [35] further discussed two de-
sign strategies of technology-enabled scaffolds: learner-adaptive,
where the technical design will automatically change to respond to
learners’ needs; and learner-adaptable, where the technical design
enables learners to initiate the fading of scaffolds. Since then, the
two strategies have been used to support various learning activi-
ties and verified for their efficacy (e.g. [57] for adaptive; and [38]
for adaptable). The introduction of interactive technologies also
presents new opportunities for designing scaffolds with personal
relevance (e.g. [42]), with a potential to support value and belonging
in learning experiences.

2.2.2  Value and Belonging. The IIDCEF nominates value and be-
longing as two other critical dimensions for interest development,
both highly personal. Value comes from learners’ personal per-
ception of usefulness, importance, and feasibility of the learning
activity, while the sense of belonging emerges as learners connect
with the learning activity they are interested in [46]. To support the
development of interest, the IIDCEF also identifies several strate-
gies: 1) provide spaces for learners to create personally meaningful
projects and help learners create visions of their work’s utility; 2)
foreground instruction that aligns with learners’ goals; 3) facilitate
learner-driven exploration; 4) broaden the scope of computing be-
yond formal curricula; 5) provide alternative accounts for “who
does computing”. Many of those strategies could be found in studies
that involve online learning communities for youth. For example,
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the MOOSE Crossing community engaged thousands of learners
with gamified computational activities [13]. Since learners need to
type in commands for every move in the game world, they easily
found usefulness and importance in programming. The open-ended
world design also facilitates learner-center exploration and prompts
learners to seek more knowledge of the programming language
[13]. Similarly, the Scratch community [51] is full of online, out-of-
school learners working on their diverse projects. The connected
learners in Scratch formed their collective identities and cultures
[11, 27], manifesting a high degree of value and belonging.

3 LEARNING DESIGN

We present the technology-enabled learning design of the Pock-
etworld Playground (POP, Fig. 2) that focuses on engaging and
developing interest for online, out-of-school young learners in ABP.
Through the name “Pocketworld Playground”, we tried to commu-
nicate two layers of meanings: First, the environment is designed
as a playground, instead of a playpen [7], for learners to explore
and tinker on their own; Second, it is aimed for learners to create a
“pocket world” of their own. Since 2021, POP was implemented as
a publicly available online learning activity in Turtle Universe.

o Ce )

1 > ©Clear Everything @
L] © Clear Everything
© Wrapping the World?

 Teleport Randomly

= Find a Random Goal

= Find a Random Goal

Ed=naa

globals [ max-sheep ] ; don't let the sheep population
grow too large

5 Sheep and wolves are both breeds of turtles
breed [ sheep a-sheep ] ; sheep is its own plural, so w
use "a-sheep” as the singular

5 breed [ wolves wolf ]

turtles-own [ energy ]
energy

; both wolves and sheep have

patches-own [ countdown ]
wolves-grass model version

; this is for the sheep-

to setup
clear-all
ifelse netlogo-web? [ set max-sheep 10000 ] [ set max-
sheep 30600 ]

Welcome to the Wolf Sheep Predation Model! #®
{ Imagine you are standing in a green pasture | ona
{ beautiful, day. Afew hundred feet away, you
f observe a flock of sheep 4 meandering in the fields,
i feasting on the plentiful grass . Suddenly, a pack of
# wolves # appear and begin chasing the sheep @ that

5 Check model-version switch
; if we're not modeling grass, then the sheep don't need
to eat to survive
; otherwise each grass' state of growth and growing logi
need to be set up
ifelse model-version = "sheep-wolves-grass” [
ask patches [
set pcolor one-of [ green brown ]
ifelse pcolor = green
[ set countdoun srass-regrowth-time 1

Figure 3: The Wolf Sheep Predation Model in TU
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3.1 Turtle Universe

Fig. 3 illustrates the classical Wolf Sheep Predation model [68]
presented in Turtle Universe (TU) on a smartphone. On the left
are the viewport, plots, and controls of the agent-based model; on
the right, a series of tabs allows learners to switch between the
widgets, NetLogo code, the introduction, and other actions (e.g.
saving, loading, remixing, or leaving the model). With the ability
to run natively on tablets and smartphones, TU’s mobile-oriented
interface brings new opportunities to engage online, out-of-school
learners with ABM & P learning activities.

Serving online, out-of-school K-12-aged learners, TU’s learning
context is inherently different from school contexts. Instead of re-
cruiting students from school or afterschool settings, TU invites
participation through App Store and Google Play. TU was also
introduced in the Physics Lab AR community [19], another con-
structionist learning app for youth that focuses on physics-related
activities. However, this presents several challenges for learning
design. Challenge 1: While many learners might already have par-
ticipated in constructionist learning experiences (e.g. building their
own physics experiment), most of them did not have prior exposure
to any ABM & P learning activities. Also, the remote-only informal
setting makes it difficult to implement rigid task structures. Chal-
lenge 2: The early engagement statistics of the platform show the
highly interest-driven nature of learners’ participation: for each
visit to a model, a learner would only spend 86s on average and
the median was 40s. Comparable to museum settings, most visitors
have the agency to decide whether, when, and to what extent to
engage in learning activities. Depriving users of their agency could
easily lead to frustration. Challenge 3: TU was originally designed
as a learning environment for ABM. Yet, learners’ interests tend
to be more diverse, as popular projects in the app often included
generative arts and games. Learners also expressed a deep interest
in creating new projects. However, as text-based coding poses a
higher threshold, only a few learners started to share remixes of
models typically with minimal changes.

To engage and develop interests in online, out-of-school young
learners in ABP, we designed the POP as a scaffolded agent-based
programming space presented in TU that incorporates: 1) An im-
mersive ABP environment, where learners program toward their
own goals naturally in a decentralized and probabilistic approach;
2) A set of learner-adaptable and learner-adaptive scaffolds to sup-
port learners’ emergent needs; and 3) A network of open-ended
learning pathways that relates to individuals and the community
of learners. The three parts of our design are linked to our research
questions and will be examined by our empirical study.

3.2 An Immersive ABP Environment

The POP environment has two main layers: the block-based envi-
ronment (Fig. 3), where learners leverage programming blocks to
create their own projects; and the interactive scaffolds and pathways
to support them. Our first goal is to design an ABP environment
that lowers the threshold for first-time learners while still provid-
ing the potential for “high-ceiling” projects. Here, our definition
of "immersion" is different from its typical usage: inspired by Pa-
pert’s MathLand metaphor [47], we aim to create an immersive
"ABP-land" where the native way of programming is agent-based.
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Design Decision 1. We designed the programming
environment of the POP to be domain-plural, where
the natural way of programming is decentralized and
non-deterministic.

To achieve our design goal, previous efforts have often pointed
to domain-specific block-based programming environments (Fig.
1). While the technological infrastructure is content-neutral (e.g.
DeltaTick, [71]; NetTango Web, [33], their implementations are
often dedicated to singular topics: a frog pond in the Frog Pond
[34], flu-like disease spread [73], etc. While learners could program
to achieve a multitude of end results, they are often bound to a
fixed context that is pre-designed according to pedagogical needs.
Domain-general environments, on the contrary, provide high flexi-
bility at the cost of learning thresholds.

Reflecting on existing types of programming environments, our
design aims to support a variety of ABP opportunities while staying
simple: easy to start with, easy to understand, and easy to operate on
smaller screens. Inspired by the Much. Matter. In. Motion. (MMM)
modeling space [54], which supports the modeling of many physics
or chemical phenomena in a single block-based space, our domain-
plural programming space supports multiple possible programming
goals while refraining from exposing too many blocks or technical
details to learners. We also focus more on the programming part:
learners are not asked to exactly replicate a reference phenomenon.
Rather, they are encouraged to use ABP for expressing themselves.

% in All Authors

Number of Authors

Month of Date

Figure 4: A subset of programming blocks in the Pocketworld
Playground.

Fig. 4 presents a subset of programming blocks available in the
POP. To determine the blocks to start with, we re-implemented 5
classical agent-based programs from NetLogo’s models library. The
Sunflower [70], Slime [67], and Paths [30] programs were chosen
due to 1) their popularity among TU’s learners; 2) they are repre-
sentative of what ABP could achieve in generative arts, science,
and social science; and 3) they are relatively easy to program in an
agent-based way. The Circle and Random Walk programs were cho-
sen from a widely-used ABM textbook [63] to introduce the basic
ideas of ABP. While most blocks correspond with a single NetLogo
command, a number of them were designed as micro-behaviors
[37]: for example, “Find a Goal” block is designed so that the agent
could store a random location. Then, the agent could pick up the
information by using the “Turn towards a Goal” block. We also
added blocks that would complete the expression space. For exam-
ple, the “Teleport” block was introduced to complete the “Teleport
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Randomly” block. Finally, during the open beta, we accepted several
proposals from learners that would increase the expression power.
For instance, “With Shape” is introduced to allow conditional op-
eration on agents with a given shape. For those micro-behavior
blocks, the corresponding NetLogo code is available through TU’s
built-in code editor, and it is also possible for learners to change
their implementation.

Overall, to promote a decentralized, probabilistic mindset rather
than a deterministic one [66], our block design ensures that: 1) there
should be no direct approach to operate on any single agent; and 2)
randomness should be implicitly and explicitly represented across
blocks. Randomness is explicitly designed when the “Randomly”
suffix is present: “Turn Randomly”, “Forward Randomly”, etc. It
could also be implicit: following NetLogo’s own design decision,
“Create Turtles” by default spawns a group of movable agents with
random colors and directions.

3.3 Learner-Adaptable & Adaptive Scaffolds

While our block design only focused on the most necessary blocks,
around 40 blocks remained in the design. Our second design goal is
to present these blocks, together with the basic concepts of ABP, to
learners that have no prior knowledge of ABP or programming at
all. Meanwhile, some learners may have experience with Python or
Scratch and might not be interested in another introductory tutorial.
The wide and unknown levels of pre-implementation knowledge,
as manifested in TU’s learner discussion group, motivated us to
make the second design decision:

Design Decision 2. Our interactive scaffolds should
recognize learners’ agency in engagement, and sup-
port learners whenever they need or might be in need.

.ﬁ, o= Intro_ Comment(5) ~Remix(11)
John Chen
Embrace modeling

Description of Model
The POCKETWORLD Playground of Turtle Universe.
Explore t, play with it, and create your own
pocketworld with the help of our... Mechanical
Assistant. Please share your pocketworlds when you
finish!

Pocketworld Rlaygroupd

% ol
Social Science | Guided

P.S.If you encounter any issue, please comment on
this model, and tell me what's the problem and how
did you get it. If you think any building block is needed
for your microworld, please also leave your idea. 1 am
more than happy to realize your wildest dream for
you.

***Version 1.0"**
The initial release.
Count:89

Figure 5: The interface before entering the POP.

The POP’s interactive scaffolds are roughly designed in two parts:
1) Based on the 5 sample programs, we designed 2 guided path-
ways that introduce the foundational ideas of ABP; and 3 guided
pathways that aim to help learners to design their first ABP project
(see the next section); 2) Responsive scaffolds. For example, when a
learner clicks on the “help” icon of each block, a short prompt will
be displayed (learner-adaptable); when a learner spawns too many
turtles, another prompt will be shown to guide the learner to revise
the program (learner-adaptive).
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0 How can | serve you, Curious One? X

Ask the questions in your mind. See how | can do my best to help you!

© Would you mind saying it again: what is our goal now?
© Well, | have some questions for you...
@ Can you show me some more tools?

« Ijust changed my mind. | would like to create a different microworld.

Figure 6: A possible version of the "Help" screen.

Through an integrated learner-adaptable and learner-adaptive
design, we further develop [35]s conceptualization. In the POP,
learners decide whether, how, and when to use scaffolds (or not).
When entering the POP (Fig. 5), learners can choose from “Guided
Intro”, where both parts of the scaffolds will be activated; or “Free
Exploration”, where no guiding prompts will be shown. In either
case, learners have the option to ask for additional support through
the “Help” screen (Fig. 6), which adapts itself based on where learn-
ers are in (or out of) guided pathways. Here, the “Help” screen is
both adaptive and adaptable: learners could either find new “tools”
(blocks) for their projects, ask for hints, or switch to another path-
way. Like all other prompts, learners could hide the screen at any
moment without interrupting their current goals.

3.4 Personal and Communal Relevance

A key difference between Turtle Universe and previous ABM &
P learning spaces is that it integrates more tightly with an online
learning community. Different from the Modeling Commons [40],
which is designated as a computational modeling community, TU
focuses on a younger audience with more diverse interests. Learners
who come to TU might have no idea what computational or agent-
based modeling is. The different situation, therefore, asks for a
different design decision.

Design Decision 3. Multiple guided pathways should
be personally relatable to individual learners and the
learning community as a whole, while representative
of what ABP could achieve.

The 5 classical agent-based programs, chosen as examples for
our immersive ABP environment (see the previous section), served
as the foundation of our guided pathways. The first divergence
happens when we probe learners’ prior knowledge (Fig. 7): if learn-
ers appear to have no prior knowledge (options 1, 2), they could
choose the Circle and Random Walk pathways; otherwise, they
could choose from the 3 pathways designed to help them build
their own projects (Fig. 8). We intentionally chose generative arts
(with Sunflower as the example), scientific modeling (with Slime),
and social science modeling (with Path) to cover the most common
applications of ABP. Games were excluded from the initial design to
reduce the complexity of additional input blocks, but may come into
the next design iteration as learners have started to request them.
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0 Sure, Curious One! v
Before we start, | have some basic microworlds that might help our journey. In
the good old days, | used them to demonstrate how phenomena emerges 7
from individual agents (7. Are you familiar with turties 7 and patches Il (37

© Enlighten me please?
@ lt seems that they are agents. What are they doing with our journey?
> I know them quite well. Let's go!

« Wait, | think | still have some more questions...

Figure 7: The “Intro” and “Create Your Own” pathways.

0 What kind of microworlds do you want to create? v

There are so many options! For now, let's pick one route and start working on
your microworld. Later, you will have chances to go back and do another one.
Whatis on your mind, then?

* Ascience microworld!
= Amicroworld for modeling people!
2 lwould like to create some artwork!

« Can | ask some more questions?

Figure 8: Three “Create Your Own” pathways.

Finally, a “Freestyle” option was added to each pathway: if learners
are uninterested in the example, they have an explicit option to
start their own project with less support.

Through the tone of our prompts, we seek to create the im-
pression: that scaffolds are intended to assist learners in working
towards their own goals and are subordinate to their will. Our de-
sign encourages learners to share their projects once they finished
any “Create Own Project” pathway. The list of shared remixes (Fig.
5) further set up examples for learners to help develop the Turtle
Universe’s Online Community (TUOC).

4 EMPIRICAL STUDY

In 2021-2022, we conducted an empirical study of the Pocketworld
Playground (POP) in a 14-month period. We collected and ana-
lyzed two datasets: 1) A log dataset from learners who explicitly
consented to anonymized log data collection and could opt out at
any point. As we only focus on learners who started engaging TU
after the data collection began and used POP at least once, 14,442
learners’ 30,390 sessions were included in our dataset. We did not
collect personally identifiable data from learners. The timing of
user interaction suggests that most learners were K-12 age learners
in out-of-school contexts: most of them used Turtle Universe in
school holidays, lunch breaks, or early nights. 2) A publicly shared
artifact dataset from Turtle Universe’s Online Community (TUOC)
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that comprises all learners’ shared projects created by the POP.
By comparing each project with its remixing parent project, we
used a previously reported cutoff [17] to only include projects with
sufficient changes (20%), as the POP contains pieces of supporting
code that typically stays unchanged. As a result, 744 shared projects
were included.

We analyzed our log dataset quantitatively. The design of TU
and the POP (Fig 5) creates two natural (or quasi) experimental
conditions: Opted Out (quasi-control group), with learners who
opted out of guided pathways during their visit; and Engaged (quasi-
experimental group), learners who engaged with guided pathways
during their first visit to the POP. The Opted Out condition includes
two groups: 1) learners who chose “Free Exploration” and thus
disable the guided pathways, 6,363 learners (44.1%); 2) learners
who chose “Guided Intro” but did not go deep enough to engage
with the guided pathways, 1,658 learners (11.5%). The Engaged
condition, with learners who chose “Guided Intro” and engaged
with the guided pathways, includes 6,421 learners (44.5%).

To measure the impact of our guided pathways on learners’
situational and individual interests (RQ2 & 3), we used behav-
ioral measures suggested by [46], namely meaningful engagement
for measuring situational, short-term interest, and voluntary re-
engagement for individual, long-term interest. Specifically, we used
the following measures on learners’ first engagement with the POP
to understand our design’s short-term impact on engagement and
situational interest:

o First-Time Time of Engagement, to measure learners’
short-term engagement with the activity;

e First-Time Time of Engagement, Excluding Prompts,
to understand if learners’ engagement increased with the
POP, instead of only reading the prompts;

e Meaningful Engagement Events, calculated by the num-
ber of unique blocks learners added, plus if the learner re-
ordered blocks (+1), removed blocks (+1), or shared with the
community (+1).

To understand the impact of the “Help” screen, we went through
each learner’s logs. For each condition, we measure the effect on the
time of engagement by separating learners who engaged with the
screen from learners who did not. To measure learners’ individual
interests with the POP, we used their numbers of voluntary re-
engagement. For learners who re-engaged at least once, we also
measured their engagement time after the first engagement. Based
on the distribution of re-engagement, we used 5 as the threshold
for frequent learners (6.7% of the population).

Finally, we leveraged the shared artifact dataset. To understand
if learners engaged in ABP practices or not (RQ1), we used a previ-
ously reported methodology to programmatically measure open-
ended ABP practices learners’ shared projects [17]. To understand
the goals and patterns of learners’ projects (RQ1), we qualitatively
coded 60 randomly sampled projects (8.1%) and manually verified
the automatic method with those projects. 15 projects (25%) were ex-
cluded since they are intended for non-project purposes: in TUOC,
a learner may share a project to make an announcement, write
about a piece of scientific knowledge, or start a discussion. Table 1
presents parts of our codebook used in this study. In addition, we
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Table 1: Parts of our qualitative codebook used in this study

Category The category of the project.

Drawing The project is created as a (mostly) static
drawing.

Animation The project is created as an animation.

Proto-Model | The project has characteristics of an agent-
based model.
How the project deals with randomness.

(Except for the randomness of colors)

Random

Deterministic | The project has a (mostly) deterministic se-

quencing.

Implicit The randomness of the project is implicit
(e.g. in create-turtles or in the encapsulated
functions like ‘find-a-goal’).

Explicit The randomness of the project is explicit (e.g.

the usage of ‘random-float).

coded projects to understand if they are graphically symmetric or
clearly derived from one of the five guided pathway examples.

5 FINDINGS

Figure 9: Screenshot of 6 projects made by learners. 1: “A
Strange Shape”. 2: “Real 3D Ball”. 3: “Snowflake Everywhere”.
4: “Explosion 1.0” 5: “Tree Simulation” 6: “Sheep Eat Wolves”.

5.1 An Immersive ABP Environment

Did our learning design support learners’ engagement with the
ABP paradigm? (RQ1) We found learners engaged with decentral-
ized and probabilistic programming and leveraged ABP for diverse
personal goals.

Learners’ shared projects revealed their widespread adop-
tion of ABP paradigms. Our automatic analysis shows that most
of the projects involve different levels of decentralized program-
ming. 44% operate on multiple agents with the same computational
rules; 34% also apply computational rules conditionally; 14% involve
direct communication between agents. Only 8% come without de-
centralized practices: most of them operate on a single agent at a
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Table 2: Effectiveness of Guided Pathways on Learners’ First
Engagement

Duration Excluding Meaningful
(Sec) Prompts Events
(Sec)
Engaged | 2224 1205 2.44
Opted Out | 87.2 78.4 1.12
(Prob>F) | 0.000 0.000 0.000

time or are essentially empty. 93% of authors shared at least one
project with decentralized programming, while 20% of them shared
at least one without.

Our qualitative coding supports this trend. Only 3 out of 45
projects (6.7%) did not engage in decentralized practices (e.g. Fig.
9-1). 5 out of 45 projects (11.1%) did not engage with randomness:
except for one project, they were based on the Sunflower example
(e.g. Fig. 9-2), which does not involve randomness as well. Most
projects (26, 57.8%) explicitly conduct probabilistic programming,
while most of the rest implicitly leverage it (14, 31.1%). Learners
were surprisingly capable of leveraging randomness to create di-
verse types of symmetry. We identified 60% (24) of projects with
randomness to be circular, square, horizontal, or diagonal symmet-
rical.

Learners leveraged ABP for diverse personal goals. We
found that most projects were created as Animation (32, 77.1%),
followed by Proto-Models (11, 24.4%) and Drawings (2, 4.4%). Differ-
ent from the impression created by Fig. 9, most shared projects are
actually animated. Leveraging emergence, Animation projects (e.g.
Fig. 9-2,3,4) often create dazzling visual effects that are difficult to re-
produce with non-ABP programming paradigms. Proto-Models (e.g.
Fig. 9-5,6) are also animations, but with different stated purposes
given by learners through project titles and descriptions. While they
are often not scientific “models” in a strict sense, we found learners
utilize computational rules beyond purely aesthetic reasons. Some
learners even wrote descriptions that mimic the format of the “Info
Tab” of ABMs in NetLogo’s models library. Static drawings (e.g. Fig.
9-1) are rare and similar to Logo Geometry. Finally, while a few
projects (9, 20%) are likely direct remixes of the five examples, most
authors give their projects a new meaning (e.g. Fig. 9, a likely remix
of Random Walk).

5.2 Learner-Adaptable & Adaptive Scaffolds

Did our learning design support learners’ situational (or short-term)
interests in ABP? (RQ2) We found both our guided pathways and
the “Help” screen supported learners’ situational interests in ABP.

The guided pathways effectively supported learners’ situ-
ational interests in the POP during their first engagement.
Table 2 shows the result of a one-way ANOVA analysis of our log
dataset. Compared with learners who opted out, learners who en-
gaged with the guided pathways have significant increases in the
time of engagement, time of engagement with prompts excluded,
and the number of meaningful engagement events.
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Table 3: The Fading Effect of Guided Pathways on Learners’
Meaningful Events

Meaningful | 1st 2nd 3rd 4th 5th
Events
Engaged 2.44 3.26 3.94 3.96 4.17
Opted Out 1.12 2.19 291 3.44 3.51
(Cohen’s d) | 0.45 0.27 0.23 0.11 0.10
(Prob > F) 0.000 0.000 0.000 0.035 0.115
(% Engaged) | 44.46% | 45.36% | 47.49% | 44.76% | 43.95%

Table 4: The Impact of the “Help” Screen on Learners’ First-
Time Engagement with the POP

Engagement (Sec- | Engaged Opted Out
onds)

Used "Help" 422.7 215.9

Not Used "Help" 149.3 78.4

(Prob > F) 0.000 0.000

(% Used) 23.1 9.4

(Time after "Help") 227.7 119

Table 5: Effectiveness of Guided Pathways on Learners’ Vol-
untary Re-engagement

% Learners Re-engaged | Frequently Re-engaged
Engaged 40.2 8.5

Opted Out 30 5.2

(Prob > Chi%) | 0.000 0.000

The effects of our guided pathways gradually faded as
learners engaged more with the POP. Additional ANOVA anal-
yses indicate that in later engagement, while the number of mean-
ingful events increased in both conditions, the effect sizes of the
guided pathways gradually diminished (Table 3. The proportions of
learners who engaged with guided pathways remained relatively
unchanged. A possible explanation is that a higher percentage of
learners who opted out of the guided pathways during the first
engagement engaged with them later (54% among learners who
engaged again) compared to those in the opposite situation (35%).

The learner-adaptable and adaptive “Help” screen signifi-
cantly helped learners’ short-term engagement with the POP.
Our ANOVA analysis (4) shows similar significant results for both
conditions. A more nuanced analysis shows that the engagement
gains mostly come after the learners’ usage of the “Help” screen.
However, particularly in the “Opted Out” condition, only a limited
portion of learners found and used the “Help” screen.

5.3 Personal and Communal Relevance

Did our learning design support learners’ individual and collective
interests in ABP? (RQ3) We found our guided pathways supported
first-time learners’ individual interests in the learning environment
and supported the online ABP community’s development.
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Table 6: Effectiveness of Guided Pathways on Re-engaged
Learners’ Future Engagement

Duration Excluding Meaningful
(Sec) Prompts (Sec) | Events
First-time 824.7 668.2 13.83
Engaged
First-time 597.3 476.2 9.29
Opted Out
(Prob > F) 0.000 0.000 0.000

Our guided pathways supported first-time learners’ indi-
vidual interests in the POP. (Table 5 A logistic regression anal-
ysis shows that engagement with guided pathways significantly
increased the likelihood of voluntary (frequent) re-engagement
with the POP in the 14-month period. Even within the Opted Out
condition, learners who first chose “Guided Intro” and thus saw the
guided pathways were slightly more likely to re-engage (32.4%; 6.0%
frequently), compared to learners who chose “Free Exploration”
and did not see them (29.4%; 4.7% frequently). Additionally, among
learners who re-engaged with the POP, we saw first-time engage-
ment with guided pathways led to improved future engagement
metrics (Table 6).

The Pocketworld Playground played a crucial and unique

role in bootstrapping TU’s Online Community (TUOC). Through-

out the 14-month period after the POP’s release, most original
shared projects in TU were created using the POP, and most authors
shared original projects created using the POP (Fig. 10). Overall,
75% (207) of authors who shared original projects in TU shared at
least once using the POP. Of the 135 authors who shared more than
one POP project in the community, 43.0% (58) shared original text-
based NetLogo projects. The log dataset further shows that most
authors (81.5%) engaged with guided pathways at least once and
most (91.4%) shared projects after engaging with guided pathways.

Month of Date

%in All Authors

Mumber of Authors

Figure 10: Authors of Original Projects in TU (Green); % of
Original Authors Shared with the POP (Orange)

6 DISCUSSION

In this study, we presented the novel design of the Pocketworld
Playground (POP) that aims to engage online, out-of-school learners
with Agent-based Programming (ABP) in Turtle Universe (TU), the
mobile version of NetLogo. Our answers to the three RQs that aim
to evaluate the effectiveness of the design were positive. While our
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datasets, primarily focused on learners’ behaviors and outputs, are
not sufficient to provide an account of how the learning happened,
in the following section, we discuss three design lessons that could
help both our future design, and other learning designers that are
interested in designing for learning ABM & P; or designing in online,
out-of-school learning contexts.

Our first lesson was learned from the Proto-Models created by
learners. The difference between what we coded as Proto-Model
and a (strictly speaking) agent-based model (ABM) could be summa-
rized as 1) an ABM usually accepts different parameters as inputs
explicitly, and 2) an ABM often leverages graphs to visualize the
macro-level patterns of the model. However, both were almost im-
possible to implement with the block-based environment of the POP.
It was not that learners were not willing or not advanced enough
to make ABMs; there was simply no support for them. In other
words, we underestimated how far learners advanced on their own.
Therefore, when designing constructionist learning environments,
it is important for future designs to recognize learners’ potential
and be responsive to their emergent needs in the long run.

Our second lesson was related to the “Help” screen. While it was
successful in supporting learners who engaged with the screen, not
many learners found it: less than a quarter in the “Engaged” condi-
tion, and less than 1/10 in the “Opted Out” condition. One reason
could be the screen hides deep at the corner of the interface. Unless
the learner intentionally clicks on the "Help" button, the screen
would not pop out. Considering that the “Help” screen sustained so
many essential design features of the learning environment - where
learners could switch to another pathway, and where learners could
ask for more blocks - a future design would need to raise learners’
awareness of the feature and more proactively suggest the usage of
it, whenever learners are identified as possibly stuck.

Our final lesson came as a surprise. While we assumed that first-
time learners would more likely choose “Guided Intro” over “Free
Exploration”, in reality, the portion of learners who chose “Guided
Intro” peaked at the third visit and only started to decline thereafter.
Our current understanding is that in online, out-of-school learning
contexts, first-time learners could be more interested in self-driven
exploration. Unfortunately, when they realized that more support
is needed, our design did not provide a pathway from “Free Explo-
ration” to guided pathways. While they could exit the environment
and choose again, a better design should recognize their needs and
encourage them to use scaffolds when needed. It is also possible that
the names we chose for the options tilted toward “Free Exploration”
and need revision.

Finally, we recognize the limitations of our research methodology
which was partially the result of a world ravaged by COVID and
school shutdown. An extended study would need to focus more on
individual trajectories of learners’ engagement with the learning
environment through interviews, observations, and also analyzing
log datasets of learners. It also needs to evaluate the proposed design
changes based on our findings. While log data analysis generated
much statistical power for this study, interviews and observations
could generate much more meaningful hypotheses about how the
design worked beyond our initial design ideas.
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7 SELECTION AND PARTICIPATION OF
CHILDREN

We informally co-designed with online youth (approx. 13-18 year-
olds) in Turtle Universe, an app that is publicly available in mobile
app stores. We informally discussed design ideas and decisions
through public online chat groups (children as informants). Youth
also posted feedback or feature requests on the first author’s mes-
sage board (children as designers). Their ideas are iteratively inte-
grated into the learning design, and the data collection starts after
the version is finalized. Youth voluntarily participate in our learning
activity through the online software, and there was no selection
process. Following a protocol approved by the authors’ University
IRB, we anonymously collected log data from all assented users in
Turtle Universe, as well as shared projects that are publicly available
on the app.
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