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CHAPTER 1

I ntroduction

Recent advances in computing are transforming our lives at an astonishing pace by unleashing the
potential of technology to solve various pressing global problems. This has allowed researchers in
all disciplines to envision new and innovative probleolving strategies, which can be
systematically tested and evaluated virtually before actual deployment. This influence of
computing naturally gives an upper hand to those who learn to utilize computational methods and
tools to understand, formulate, and sgbreblems in different disciplines over those who lack
such skills. Computational Thinking (CT) is a term used to describe a broad range of mental
processes fundamental to computer science that help people find effective methods to solve
problems, design syems, understand human behavior, and engage the power of computing to
automate a wide range of intellectual processes (Wing, 2006; NRC, Boi@n by the needs of
a 21st century workforce, CT now routinely features as an essential elemerit2afukricula
worldwide (ISTE, 2007 UKEd13), and there is a great emphasis on teaching students to think
computationally from an early age

In order to make CT accessible to all students and to successfully embed CT intb2he K
curricula, it needs to be integealt with existing K12 curricula or introduced as new curricular
material. Science, Technology, Engineering, and Mathematics (STEM) disciplines lend
themselves particularly well to integration with GJT is considerec vital ingredient oSTEM
learning (Wng, 2006; Barr & Stephenson, 2011; Grover & Pea, 28&8gupta et. al., 2013pna
et. al., 2014)and hadveen included as a key featureirl2 science education framewarkNRC,
2011). However, efforts to integrate CT with science learning or learningther STEM
disciplines have been limited, especially at the elementary and middle school level. Also,
curricular integration of CT requires development of systematic CT assessments, an area that is
underinvestigated despite its importance being wedagnized ACM and CSTA report, 2011;
Grover & Pea, 2013) Simi |l arl vy, there is dearth of res
developmental processes while learning CT skills and usingaS&d learning environments, and

developing scaffolds for CT leming.



It is within this context that the present dissertation research is situated. In particsilar,
researclprovides a novel approadbr the systematic design and implementation of ab@3ed
science learning environment for middle school studeviigsh can be integrated into the middle
school curricula by teachers wilittle prior programming experiencé/e also develop a set of
assessments to measure studentsd | earning of
last phase of our workye use some of the assessment metrics online to interpret and analyze
student behavior and performance, and then adaptively scaffold students to help them become
better learners.

1.1 Problem overview: Integrating CTinto middle schoolsciencecurricula

Wing (2006) promotednte t er m 6 Co mp u taadivioo rcaeld T tian k iOhTg 6Ar e
universally applicable attitude and skill set everyone, not just computer scientists, would be eager

to learn and useCT skills include reformulating seemingly diftilt problems into solvabli®rms

using reduction, transforrtian, recursion, and simulatioohoosing appropriate representations

for problemsand modeling relevant aspects (and ignoring irrelevant aspects) of problems to make
them tractableThese skillsalso provide features that supposingdifferent levels of abstraction

for problem solvinganddecomposing large complex tasks into manageabltiularsubtaskshat

supports parallel execution and multiple problem sol(afisg, 2008.

WingarguedthetCTs houl d be i ncluded as a deter minan
along with reading, writingand arithmetic by the middle of the 21st century. Just like young
students initially learn to read so that they can later read to learn, they alsio hegrn to think
computationally so they might later ugeto learn complex concepts, represent solutions as
computational steps, arsblve problemaising computational models and methaddsveloping
CT skills is also believed ttead toincreased abiies to deal with opeendedand complex
problems, antlo communicate and collabordteachieve common goals (CSTA, 201W)ith the
proliferation of computing concepts and computational deyités no longer sufficient to wait
until students are in dege to introduce them to CT concedsudentanust begin to work with
algorithmic problem solving and otgutational methods and tools during thEwl2 years

preferably startingit the middle school levéBarr & Stephenson, 2011).



An approach t@addressing the absence of CT concepts in standard middle school curricula
can be seamlessly integrating CT with existing components of the middle school curricula. CT
skills lend themselves particularly well to STEM learnismce several of the epistemiand
representational practices central to the development of expertise in STEM disciplines (e.g.,
characterizingproblems and designing solutions, developing and using models, analyzing and
interpreting data) are also primary components of CT (NRC, 20¥ith decadesof use of
computational modeling and simulaticcmdt oday 6s wuse of data mining
algorithmsto analyze massive amounts of data, computation is recognized as the third pillar of
science, along with theory and experimentaiBITAC, 2005. Computational modeling and
abstractiomot only parallel core practices of science education, but can also serve as effective
vehicles for learning challenging science concegsl modeling and analyzing complex, multi
dimensional scierfic models(Guzdial, 1995; Sherin, 2001; Kynigos, 2007; Hambrusch et al.,
2009; Blikstein & Wilensky, 2009).

While the synergy between CT and science learning is well recognized, leveraging the
synergy successfully in middle school classrooms is a clgatigriask.Leveraging the synergy
involves choosing topics in the existing science curriculum, and then developing newer approaches
to learning and problem solving that seamlessly incorporate the use of CT skills, while ensuring
minimal overhead for studenand teachers in terms of time, effort, training and other resources.
Further, the introduction of CT into the curriculum drives the need for developing systematic
assessments for CT. Such assessments can pr (
difficulties in using computational methods and tools, which can then lead to the development of
systematic scaffolds to support student sé de

currently undeiinvestigated and undeleveloped, especially at theddie school level.

Therefore, it is not surprising thefforts to integrate CT skills with science learning have
been limited, especiallgt theelementary and middle scholevels Today, severalCT-based
learning environments used by middle school sittsl (graphical programming environments
such as Scratch, Alicame Maker, Kodu and Greenfpand robotic kits and tangible media
such as Arduino and Gogo Board$rover and Pea, 2013) do little to leverage the synergy
between CT and sciencéhey emage students through motivating contexts like gdesgn,

story-telling, and apglesign, andenerally find use in afteschool workshops, summer camps, or



as part of other extreurricular activitiesvh er e t he pri mary focess i s i
in and engagement with computational tools, but not on learning of science or other STEM
concepts.There are some exceptions likgentSheet{Repenning, 2000)EcoSciencaVorks

(Allan et. al., 201Q)CT-STEM (Jona et. al., 2014pnd Project GUT $http://projectguts.org/

which focus on integrating CT with middle school curricular topics through computational

modeling of science topics. Budyen in theeenvironments, assessments for measueaging

of CT concepts and skills adacking as are scaffolds for helping students with their modeling
tasks Someefforts havealsobeen made for integrating CT with STEM learning in high school
andundergraduate classroonadthey have generally involved exposintudents to a general
purpose high level programming language like Python or Scheme for a few weeksgbefaye
students assignmentto model scientific phenomenasing the programming language
(Hambrusch, et. al, 2009, 6GngwebsgehUnsumnsipdlyor i ng
such approaches have not been adopted-i2 Klassrooms with younger childrénlearning
languages like Python creates a large overhead for both young students and their insttuztors

have had no prior programming exieeice,and spending substantigthunks oftime onlearning

these languages not feasible given curriculum constraints.

Integrating CT with middle school STEM curriculg tkerefore an important but non
trivial task. Promoting CT in extraurricular adwities or elective classes cannot be a eign
solution since it makes CT accessible to only a selected few. While curricular integration with
science topics may be a particularly effective way to introduce CT concepts and practices into
middle schoolcurricula, we also need to ensure that the approach is manageable and adds
pedagogical value for teachers and students by creating a framework for synergistic and
simultaneous science and CT learning. In addition, to support teachers and demonstrate
pedagagical value,standardized CT assessmeméed to be developed, and teachers need to be
made aware of the potential challenges facestingentsn the combined T and science learning
curriculum In this dissertation research, we address these limitdiipdsvelopinga sequence of
curricular units that demonstrate the synergistic learning of science and CT concepts as part of
middle school science curricula. To facilitate learnin@®fand scienceontent and to support
the classroonscienceteaches, we have developed computeibased learning environment that
combine avisualprogrammindanguage for computational modeling of science phenonvéha

simulation and visualization tool$dt help studentsstudy science processes through model

4
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building, testing, analysis and verification. Furthermore, we have develsp@odardized,
objective, and holistic assessmeiatstudy student competency@T concepts and practices that

are supported in this learning environment, and developed adaptive scaffolelthgnisms to

help students overcome difficulties they have with their learning and problem solving tasks in this

environment

1.2 Research Aproach and Contributions

This dissertatiomesearctevolvedin two primaryphases of work, each of which ha®duced a
number of research contrilors.

The first phase of research involvée: design, development, and evaluation of an initial
version of the computdrased Computational Thinking using Simulation and modeling (CTSiM)
learning environment focomkined CT and science learninigg middle schooklassrooms. The
initial design and implementation of CTSiM, and the design and execution of a research study
using the initial version of CTSiM were both performed collaboratively by a research team that
included Computer Science and Peabody College of Education researchers at Vanderbilt
University Basu et. al., 2012; Sengupta et. al., 2013; Basu et. aB).Z8tlidentsisedCTSiM to
learnby constructing, evaluating, and revising computational models ofcajeacesses two
domainsi Kinematics and Ecology.

Building computational models of science phenomena is, however, a complex and
challenging &sk for middle school students whay not be wellversed in the science topic and
have little experiencén applying the abstract thinkingrocessesssociated witttonstructing
computational modelsin addition, studentsmay be unaware of practices that encompass
debuggingand verification of modelsThe primary goal of the first research study wias
understandhe difficulties students faced when simultaneously learning science and CT concepts,
and how to support these learning processes and help students develop effective learning
behaviorsThe study was conducted as a thalkud study, where researchers vaatloneon-one
with students building simulation models in CTSiM. The researchers provided verbal scaffolds to
help students overcome difficulties that impeded their learning processes. Results from the study

revealed that the intervention involving comgiaaal modeling using CTSIiM helped students



learn science concepts, but students faced a number of diffigolteslerstanding and applying
domain knowledge and CT constructs as well as systematically debugging their, naodels

required various scaffogdto help overcome their difficulties (Basu et. al., 2013).

Lessons leamdfrom the first phase motivated the second phase of our research, where we
made nodifications and improvementstoeCTSiMenvi r onment based on st
that we docmented in the first phase of the research. We developed a new version of CTSiM that
involved the design and implementation of new CTSiM interfaces, and modifications to improve
some developed in Phase 1. Additional tools and functionalities were develgoeadfold student
learning (Basu et. al., 2015; Basu, Biswas & Kinnebrew, 2016). Some of the scaffolds were made
available to students at all times, while ot h:
in the CTSIM environment. The effectivess of our adaptive scaffolding framework was
evaluated through a controlled classroom study with nieigfiyt 6" grade students from a
Tennesseeni ddl e school . We defined a set of onlin
science and CT learningnd characterize their learning behaviors and use of CT practices, and

used these measures to establish the effectiveness of our adaptive scaffolding framework.

In summary the proposed research contrilsuie advancing research in the field of CT

based larning environments in the following ways:

1. A theoretical understanding of the different facets involved in desigyngrgisticCT
and scienc&arning environmestandsupporting curriculaalong with a novel framework
for analyzing Ctbased environmesin terms of these facets.

2. A theoretically grounded justification for the design and implementation of a computer
based learning environment that promotes simultaneous learning of CT and middle school
science.

3. The use of empirical thinkloud studies tdiscover challenges faced by students working
in CT-based science learning environments. Understanding these challengdsifigim
development of supporting tools, adaptive scaffolds, and assessments for such learning
environments.

4. The developmentad nov el approach for quantifying a

CT learningand use of CT skillsy CT-based science learning eronments using multiple



assessment modes, some external to the system and some based on measures derived from
st u d etionssndhe system
5. The development and evaluation af adaptivescaffolding strategy for Gbased science

learning environments.

1.3 Organization of the rest of the dissertation

The remainder of thiglissertationis organized as followsChapter2 reviews the field of
Computational Thinking@ndrelated literature oexisting CFbased learning environments and
curricula. It highlights undeiinvestigated areas in the field, which, in turn, motivates this
dissertation researclifChapter3 presents a thedreal grounding for the initial design and
architecture of the CTSIM learning environment, along with a progression of learning activities
designed to align with middle school curricular requirements in science. Chapter 4 details a
research study conductedth the initial version of CTSiM, and identifies and analyzes the
different categories of difficulties students faced in the different learning activities, and the types
of scaffolds which helped overcome the difficulties. Based on observed studecultiti
described in Chapter 4, Chapter 5 discusses the changes made to the CTSIM architecture and
interfaces, while Chapter 6 presents the generalized adaptive scaffolding framework adopted in
CTSiM, the process of modeling learners based on their mgdeérformances and learning
behaviors, and the principles governing delivery of feedback via a pedagogical agent in the system.
Chapter 7 describes the classroom study we conducted with a version of the system that included
adaptive scaffolding. The ressistablish the effectiveness of the adaptive scaffolding framework.
This is demonstrated through different forms of science and CT assessments, some external to the
system and some based on an anal ys ChapteBf stud

summarizes theontributions of this research, and discusses future research directions



CHAPTER 2

Background review: Computational Thinking in K-12 Curricula

This chaptepresent®peaational definitions of CT and describe the advantages of integi@iing
and science learning in theX curricula We also present a novel framework for describing and
analyzing CFbased learning environments amge this framework toeview existing efforts to
introduce CTto K-12 students

2.1 Computational Thinking: Definition and role

When thetem 6 Comput at iwas ecined Thh2006 kit wag Bsed to represent a
universally applicable set of mental processes fundamental to computer science that involve
leveraging the power of computing to solve problems, desygtems, and understand human
behavior (Wing, 2006)According to Wing(2008) t he A n uof €T isvolve deffining t s 0
multiple layers of abstraction, understanding the relationships between the layers, and deciding
which details need to be highlightéehd complementarily, which details can be ignored) in each
layerwhen trying to understand, explain, and solve problems in a particular ddoanputing
processes, whether executed by humans or by machines or by a combination of humans and
machines, h@l automate these abstractions and the relationships between the abstraction layers
(Wing, 2008).Recently, Aho (2012) simplified the original definition of @Ithought processes
invol ved i n f or mu ltreir solatigns pan bebrépeesestad somputatiorat A
steps and algorithnds.

Whil e most existing definitions of CT desc
(2010) suggested t hat A w e thinkirey| and fbcessmore @ o u t
computationaldoings 0 . SengpRrtod 3t al a bCT pecaned evident oriyant f
particular forms of epistemic and representational practices that involve the generation and use
of external representations (i.e., representations that are external to the mind) by computational
scientst® . his pedagogical perspective important since it means that engaging students in the
process of developing abstractions and engaging in other computational representational practices
is required in order to support the development of their CTssKillisperspective alsaligns with
t he Oltbgedie nnii g pvendhasgggesty hat students learn best when they engage in



the design and consequential use of external representations for modeling and reasoning (Papert,
1991; Kolodner et al., 2008Blikstein and Wilensky, 2009).

Currently, there are a number of operational definitions of CT used by researchers to
describe or analyze their woirkthis areaFor example, several researchers refer to the definition
of CT offered by the Carnegie Mett Center for Computational Thinking which identifies the 3
important aspects of CT a&) thinking algorithmically, (2) making effective use of abstraction
and modeling, and 3) considering and understanding scale
(http://www.cs.cmu.edu/~CompThink/In 2009, he Computer Science Teachers Association
(CSTA) and the International Society for Teclogy in Education (ISTE)developed an

operational definition of CT for KL2, identifying the core CT conceptsdacapabilities as data

collection, data analysis, data representation, problem decomposition, abstraction, algorithms and
procedures, automation, parallelization, and simulation (Barr & Stephenson, 2011). Grover and
Pea (2013) expanded this list of core &ements by adding algorithmic notions of flow of control;
iterative and recursive thinking; conditional logic; efficiency and performance constraints; and
debugging ad systematic error detection.

Recently, Brennan and Resnick (2012) described CTtheeadimensional framework
comprising computational concepts, practices, and perspectives. Computational concepts refer to
elementssuch as sequences, loops, parallelism, events, conditionals, operators, and data structures
that are present in many pragmming languages. Computational practices refer to actisties
as being incremental, reusing and remixing, testing and debugging, and modularizing and
abstracting that designers use to create programs. Computational perspratives expressing,
connecting, questioning, potential study and career path in computing, and personal relevancy of
computing refer to worldviews that designers develop as they engage with digital media, and how
they see themselves within the field and the realm of futueersrin this dissertation research,
we adopt the thredimensional CT framework (Brennan and Resnick, 2012) to deseTitskills
fostered byur learning environment and comp#remagainsthose promoted in other G3ased
environments.

It is notewortly that thoughCT is defined todraw on concepts fundamental to computer
scienceit is distinct from computer science in thatitly involves seeking algorithmic approaches
to problem solvingThere is an important distinction between CT and traditioragramming in

that CT focuses on conceptualization and developing ideas on how to solve a problem rather than
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dealing with the rigid syntax of programming languages for producing artifacts that represent the
solution to the problem. Another questibiatinevitably arises while describing what CT involves

is: How and to what extent are computers essential for developing and working wskill€T

Since CTskills involve representing, simplifying and solving problems, can CT be taught divorced
from the useof computers? Though some CT concepts and principles can be introduced and
explored without the use of computers, as is done in programs like CS Unplugged

(http://csunplugged.orly/such an approach deprives learredrrucial computational experiences

(NRC, 2010). In other words, computers and other computational devices may not be synonymous
with CT, but they are enablers of CT.

Also, several CT skills might be synonymous with concéptslamental to computer
scierce,butthey are definitely not exclusive to the field. Hemmendinger (2010) points out that the
elements of CT like constructing models, finding and correcting errors, and creating
representations are shared across multiple disciplines. For examplegtedrstrare used in all
disciplines where modeling is a key enabler for conceptualization and problem solving, such as in
science, engineering, mathematics, and economics. Furthermore, reformulating hard problems and
separation of concerns are typical dfd@mains of problem solving. Also, CT is often compared
with other forms of thinkingsince it shares common features with many of them. For example,
algorithmic thinking involves a detailriented way of thinking about how to accomplish a
particular taslor solve a particular problem. CT surely involves algorithmic thinking, but CT also
encompasses the representation and interpretation of data, with algorithms providing the tools for
analysis and interpretation (Guzdial, 2010). Similarly, CT is cleathte® to, but not identical
with, mathematical thinking. Bot€T and mathematical thinkingave an underlying linguistic
structure for precisely describing how to do things (algorithms), and both use abstraction and
reasoning with simplified models to solve problems. But, mathematical thinking is more about
abstract structure than abstract noelilogy (NRC, 2010). In CT, the layers of abstractions are
tightly coupled such that their generation and analysis can be automated. CT also parallels
engineering problem solving in several ways since they both deal with design, constraints,
modifiability, scalability, cost, performance, and efficiency. However, engineering thinking
requires accounting for errors and computing tolerance levels, whereas CT allows building virtual
worlds that can be unconstrained by physical reality (Wing, 2006). Procediniahg is also

emphasized in CT, though CT further involves declarative models. Procedural thinking includes
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developing, representing, testing, and debugging procedures, and an effective procedure is a
detailed stefby-step set of instructions that canrbechanically interpreted and carried out by a
specified agent, such as angauter or automated equipment.

Today, the wide spectrum of CT applications encompasses disciplines as diverse as
science, mathematics, music, poetry, archaeology, an(NB®, 2a.1). CT skills are believed to
support inquiry and working with complex opended problems (CSTA, 2011), and most
disciplines involve problem solving, information retrieval and representation, modeling,
debugging, testing, and efficiency considerationsoime form or the other. Further, CT provides
a basis for developing powerful representational practices and can help create representational
shifts, producing better modelers among students, and enabling wider access to models across
several domains (NRQ011). In summary, we see that the glbahind CT hae existed for
several years and shares elements with several existing forms of thinking discussed in the
literature. However, features like abstractiantomationalgorithm development, modelirand
simul ati on, and making sense of data are so0me
types of thinking (NRC, 2010). The ultimate goal of CT should, therefore, not be to teach everyone
to think like a computer scientist, but rather to teach tlwesppply the common set of core elements
to solve problems within and across a wide variety of disciplines (Hemmendinger, [20tH@).
next section, we discuss the synergy between CT and science learning and the pedagogical benefits

and implications of irggrating the two.

2.2 Integrating CT and science learning

CT is considered to be at the core of all STEM disciplines (Henderson, Cortina, & Wing, 2007),
and severatesearchers have shown that programnaing computational modeling can serve as
effective vehicles for learning challengingcience concepts(Guzdial, 1995; Sherin, 2001;
Kynigos, 2007; Hambrusch et al., 2009; Blikstein & Wilensky, 20@®@mplementarily, Harel

and Papert (1991argued that programming is reflexive with other domains, i.arnieg
programmingin concert with concepts from another domain can be easier than learning each
separatelyAlong similar lines, the ACM K12 Taskforce (2003) also recommenuegrating
programmingand computational methodgth curriculardomains suchas sciencerather than

teaching programming as a separate topic at the kKevels.This notion ofusing computing as a
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medium for teahing other subjects is not new eitherthe contextof K1 2 educati on, 0cc¢
as a medium for exploring STEMdomas 6 was popul arized by Papert
the idea of children developing procedural thinking and learning about fractions through LOGO
programming (Papert, 1980, 1998imilarly, Guzdial (1994) developed Emilea scaffolded
graphical prognaming interface to help students learn Physiesid stated that its goal was not
to make students learn about programming, but to have students learn through programming since
fiprogramming is a good lever for understanding many dontains
Leveraging the synergy between CT andlX science requires engaging students in
scientific inquiry that involves computational representational practices like defining abstractions,
decomposing complex problems, and debugging or systematic error deté¢ttibe broadest
level, the process of scientific inquiry involves the generalizable practice of generating models,
which are abstractions ogeneralizable mathematical and formal representatiorscientific
phenomengSengupta et. al., 2013%imilarly, evidence based explanations of any scientific
phenomenon involvéhe generalizable practices of development of hypotheses from theories or
models andesting these against evidence derived from obsenrsaimhexperimest(Lehrer and
Schauble 2006 Modeling - i.e., the collective action of developingsting and refining models
(NRC, 2008 - involves carefullyselecting aspects of the phenomenon to be modeled, identifying
relevant variablesdeveloping formal representations, and verifying and validatihese
representationwith the putative phenomenon (Penner et al. 1998; Lehrer and Schauble 2006;
Sengupta and Farris 2012peveloping a computational model of pnysical phenomenen
therefore,involves key aspects ofT: identifying appropriate abstthons (e.g., underlying
mathematicakules or computational methods that govern the behavior of relevant entities or
objects) making iterative comparisorsf the generated representations and explanations with
observations of the targgphenomenon, andebugging the abstractions to generate progressively
sophisticated explanations of theenomenon to be modeled
Therefore, mtegrating CT and scientific modeling can be beneficial in a nuraber
important waysas listed below (Sengupta et al., 2013)
A. Loweiling the learning threshold for science concepts by reorganizing them around
intuitive computational mechanisms: Sherin (2001) and diSessa (2000) argued that
particular forms of programming could enable novice learners to reason with their

intuitions abouthe physical world. Redish and Wilson (1993) argued that computational
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representations enable us to introduce discrete and qualitative forms of the fundamental

laws, which can be much simpler to explain, understand, and apply, compared to the

continuous foms traditionally presented in equatibased instruction. Furthermore,
studies also suggest that in the domains of physics and biology, rather than organizing
scientific phenomena in terms of abstract mathematical principles, the phenomena can be
organizel in a more intuitive fashion around computational mechanisms and principles

(Redish and Wilson 1993; Sengupta and Wilensky 2011; Wilensky and Reisman 2006).

B. Programming and computational modeling as representations of core scientific practices:
Soloway (P93) argued that learning to program amounts to learning how to construct
mechanisms and explanations. Therefore, the ability to build computational models by
programming matches core scientific practices that include model building and
verification, as pmted out earlier.

C. Contextualized representations make it easier to learn programming: When computational
mechanisms are anchored in rearld problem contexts, programming and
computational modeling become easier to learn. Hambrusch et al. (2009) faind t
introducing computer programming to undergraduate students who we@Sorajors,
in the context of modeling phenomena in their respective domains (physics and chemistry)
resulted in higher learning gains (in programming), as well as a higher l@rejajement
in the task domain.

However, ntegrating computational modelling ammogranming with K-12 science
curricula can be challengirfgr a number of reason3.he integration requiredevelopment of a
sustained and systematic learning progressitich encompasses CT concepts and practices of
varying complexities across different science disciplines. Also, it can leacighdeaching
overheadfor existing science teachers with no programming experience. Complementarily,
learning a programminghguage and then using it to model a science topic can be challenging
and time consuming for student3herefore, the design of programmirdgased learning
environments needs be rethought foseamlesstegration with science education (Guzdial 1995
diSessa 2000; Sengupta 2011ptegrating CT with sciencein a manner that supports the
devel opment of st udent heédesgo of eahdrantfcurreculagmwhiehr t i s e
CT, programming, anchodeling are not taught as separate topics, buhsevoven with learning

in thescience domaingSengupta et. al., 2013)Vith the recent resurgence in CT based research
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and the policy attention to STEM learning, there has been an escalated interest in finding ways to
tap into the synergy between CT aswlenceeducation starting at the-K2 level. In the next
section, we review efforts to introducel® students to CT concepts and practieesl contrast
environments that leverage the synergy between CT and science learning against others that do

not

2.3 CT-based learning environments for k12 students

With the recognition of the importance of teaching students to think computationally from an early
age, strategies for embedding CT across tHE2 Kurriculum have been proposed, and methods
for building CT tools that can be embedded in thdXcurricula are being recommended by a
number of researchers. For example, Repenning, et. al. (2010) present a list of conditions which
any CT tool needs to fulfil in order to be successfully integrated int@ Klassroomsi) has low
thresholdor allows students to produce simple working models quicJyhas high ceilingor
allows students to build highly sophisticated mog8)sscaffolds flow of learningr includes a
curriculumthat gradually increases compigxto manage skills and challenges associated with
the too| 4) enables transfeto subsequent computer science applicatidsjssupports equitypr
ensures accessibility and motivation across gender and ethnicity boundade3) is systemic
and sustainable for all teachers and studené&aning the tool should support teacher training and
align with curricular standards. Also, the Computer Science Teachers Association (CSTA) and the
International Society for Technology Education (ISTE) identify strategic areas to be addressed
for integrating CT with K12 STEM subject areas. &be areascludes helping policy makers
connect CT to existing learning goals and standards, providing professional developmégt to K
teachers ad encouraging them to change courses and curricula by providing them with models
and simulations, modeling activities and web sites to support such changes (Barr & Stephenson,
2011). However, in reality, the process of embedding CT in ti& Kurricula las not progressed
much, and it leaves a lot to be desired in terms of construction of learning environments which
combine CT with STEM learning and existing curricular standards, and development of
standardized formative asgimmative assessments for CT.

In the following sections, weeview existing efforts to introduce-kK2 students to CT

concepts, practices and perspectives. Our literature review shows that only a few of the currently
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implemented environments attempt to leverage the synergy betweendCSciance learning.
There is also a dearth of systematic CT assessments. To continue our revipreserg a
comprehensive frameworkomprising the primary factors that need to be considereen
designing a CIbased learning environment or curricula. ten apply this framework to review
and analyze existingnvironmentghat foster CT skills at the-K2 level. We look at systems that

have been developed for formal and informal settings

2.3.1 CoLPACT i A framework for designing and analyzing CT-based learning

environments

Fox (NRC, 2010) proposed that building a -8dsed learning environment was a three
dimensional problem with (1) aspects of CT, (2) the disciplines CT is connected with, and (3)
pedagogy constiting the three dimensiongn this disertation research, we extend the Fox
framework, and argue that building a ®&sed learning environment is a figenensional
problem with the two added dimensions being (4) the computational language used, and (5) the
CT assessments employed in the emuiment.Taking all five dimensions into account we have
developed a novel framework (CoLPAGTContext, Computational anguagePedagogy, and
Assessments fa€omputationalThinking) that represents the primary dimensions one has to
consider when designingnd developing CIbased systems for-K2 education, and for analyzing
existing CFbased environments for pedagogical applications.

CT is at the heart of the CoLPACT framewor
threedimensional framework comprising comtptional concepts, practices, and perspec{ses
Section2.1) to capture and analyze the different aspects of CT fostered in different learning
environments. Along with identifying the target CT skills, deciding the context or the domain in
which the O skills will be taught is fundamental to designing a-liaked system. Generating
contextsthat are personally relevant and meaningful to learners and/or prbvidges to real
world applications help motivate learners and broaden their participatiochrsgstems. At the
K-12 level, robotics (Martin et. al2013), game design (Kafai, 1998epenning et.al., 2010
storytelling (Kelleher, 2008), designing mobile apps (Wolber et. al.,, 2011), programming
multimedia applications (Forte & Guzdial, 2004nd integration of CT with different school
subjectssuch as science (Basu et. al., 2(&penning et.al., 2010; Allan et.al., 2036naet. al.,

2014, language arts (Buechley et. al., 2013), as well as music and art (Disalvo & Bruckman, 2011)
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areexapl es of contexts that have been employed
perceptions of programming. The context employed is likely to be guided by the target audience
andthe goals othe learning environment, and may in turn influence thecehof language and
pedagogy used in fostering CT skills.

The computational language used is an important aspect of -ba§€d learning
environment and is likely to be influenced by the context in which CT skills are fostered in the
environmenincludingthetarget audience for the environmenie languagés used to point out
CT concepts to students and studeumds it toapply CT concepts and practices to generate
computational artifacts like games, digital stories, models and simulations. For exdrtiyde,
context is a curricular disciplindike science or mathematics, a domapecific programming
language (Sengupta et. al., 2088t emphasizes the domain concepts along with highlighting the
generality of CT concepts across domainsild bemore appropriateas opposed to a general
purposeprogramming languageAlso, systems could employ visual programming languages
versus texbased or graphical ones, or agbased modeling languages versus obpeignted or
systembased ones based on the ageugrof the target audience or the goal of the learning
environment. Visual dragnddrop languages are believed to alleviate syntax proiesingoung
students facevhenassembling programs @omputational modeléSoloway, Guzdial, & Hay,
1994). Some resmrch has also claimed that visual programming languages can theke
understandingf computational processes more accessible by makmdogic associated with
complex elements of flow of control, such as loops and conditiogadser to grasfParsons
Haden, 2007). Similarly, agebfased modeling languages are considered more intuitive for
younger children and serve as powerful representations when CT is promoted in the context of
complex systems. We use the ageased modeling paradigm in buildiogr CT-based learning
environment and review important resdmairt this area irsection3.2.

Like the computational language used, the pedagogy guiding the design ebas&I
learning environment is also likelg be influenced by th&arget users andkpected setting for the
environment. Several Ghased environments follow the learningdesign pedagogy, where
students design and build their own computational models for cunmendlatedtopics games
andstories. Examples of other pedagogies fo#tdvinclude learning by remixing and reusing code,
learning by debugging, and collaborative learning. For example, simple remixing of given code

might require just a few moussicks to copy programs and not involve thinking computationally,
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but selectiveemixing and deciding what to modify in selected code segments versus what to keep
and where to add or delete procedures or variables within a program require a deep understanding
of CT skills (Kafai &Burke, 2010). Learning by debugging involves a thoraugtherstanding of
computational processésiow the control flows and how variables are updatedrder to detect
bugs in the given code and correct them generating a computational artifact with the desired
behavior. Collaborative learning or computatb participation (Kafai &Burke, 2010) generally
associates Gbased environments with open source sites in the style of communities where
| earners can share, comment on, a mhes learmng t r i b ut
paradigmbuilds on ingjhts from educational research that fruitful learning is not done in isolation
but in conjunction with others. Also, learning how to program collaboratively involves other CT
elementssuch as decomposing complex tasks between collaborators and coogdaustirol
flow between different components.

Assessments for measuring studentsd CT sKki
framework, are believed to be quintessential for @b@3ed environment to be integrated into the
K-12 curriculum (NRC, 2011),us standardized CT assessment are lsttking (Grover & Pea,
2013 Basu, Kinnebrew, & Biswas, 20LAssessments in several environments focus on studying
the frequency of different computational concepts students use in their computational models and
how the frequencies vary with time. More frequent use of CT concepts like loops and conditionals
is favored, irrespective of the correctness of the final computational artifacts designed. Assessment
of artifacts and computational practices employed durimgtcaction of the artifacts is generally
performed using researcher sé obs dasedanteiviews not e
(Brennan & Resnick, 2012\hich are logged and analyzed. Some environments also include pre
and postassessment®ff testing algorithmic thinking and use of abstractions by making students
perform small modeling and debugging tasks. Some of these assessments are dependent on the
specifics of the system and anence not administered before the intervention, makiey thon
generalizable, and, thus making{p@st comparisons impossible. Very few environments include
generalizable prpost tests for assessing computational concepts and problem solving skills,
especially in the context of STEM problems (Basu et. all420ona et. al., 2034 Some
environments also only include assessments of computational perspectives, which are generally
conducted throughpieost surveys focusing on measuring ¢

and awareness about the term CT, withmeasting proficiency in CT skills.
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We believe that the CoLPACT framework acts a suitable platform for characterizing and
comparingifferent CT-based learning environments and provides valuable pointers for the design
of new CT learning environments. The five dimensions of the frameworkaireompletely
independentchoices made with respect to one dimension can influenciees mde in other
dimensionsFor example, the choice of modeling language and pedagogy can vary bibivgsen
used withyounger children anthe ones employed withigh schoobktudentsor based on whether
the learningcontext is operended or constrained. Sikmly, curricular contexts tend to have a
stronger emphasis on assessments, though it has been seen that when the curricular context is
something other than CS, assessments tend to focus more on the curriculaattugrichan CT
concepts and practiceln the next section, we review some watlown CT-based learning

environments and their use in-k2 using the CoLPACT framework.
2.3.2 Using the CoLPACT framework to review CT-based learning environments

In this section, we use the CoLPACT frameworlatalyze some of the widely used -Gystems.
We limit our reviews to CIbased learning environmentghich have been and are used primarily
in K-12 settings We study both curricular and extaurricular use of these environmergsice a
majority of the wé-known CT-based environments are still uspdmarily as part 6 extra
curricular activities.

Scratch (Resnick, 2007) is one of the most popular and widely usetha@&d systems
today.Scratchusers are primarily KL.2 students between the ages of 8 Edhough Scratch has
been used in some introductdeywel college courses as well. Scratch uses a geperpbse,
visual blockbased language where students snap together different blocks to generate their own
computational models or programs. Sincea8r is inspired by how students build with Lego
blocks, its blocks have connectors like Lego bricks, suggesting how the blocks fit together to
describe a larger system. The blocks are shaped to fit together only in ways that make syntactic
sense. Scratclso allows users to personalize their programs by importing photos and music clips,
recording voices, and creating graphics (Resnick et. al., 200@ugh Scratch itself uses a
generalpurpose language, extensions are being currently devetbpedill enable anyone to
extend the vocabulary of th&cratch programming language through custom programming blocks

including domairspecific programming primitivesritten in JavaScriptDasgupta et. al., 2015)
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Scratch is an opeended system and not tied toydearning domain (context) in particular.
Studentsd working with the system have gener :
stories, interactive newsletters, science simulations, virtual tours, birthday cards, and animated
dance contests. Curtgn Scratch has primarily been used in akehool computer clubs and
summer camps as an opemded CTbased environment not tied to any specific curricular topic
in order to introduce students to programming and foster their creative thinking skikm Wh
Scratch is used inlass, i primary use has been in elective computer clad&msous context
independent curricula have been developed revolving around the use of Scratch by different
researchers. Leading the effort is the ScratchEd,tednmseScratch curriculum guide provides
an introduction to creative computing with Scratch, using a ddmged learning approach

(http://scratched.gse.harvard.edu/resourcesifsdecurriculumqguidg. The guide is organized as

a series of twenty 6fhinute sessions, and includes session plans, handouts, projects, and videos.
Each session isrganized into 5 topicsntroduction arts stories games andfinal project The
guideis both subjecheutral and gradeeutral to accommodate different settings for any teacher
who wants to suppor tCTthroughderplorators with&aratcch.o p ment of
Irrespective of the context, programs involve use of some subset of the fgllsguen
computational conceptssequences, loops, parallelism, events, conditionals, operatwidata
Scratch claims to foster four main sets of computational practieg®y incremental and iteratiye
testing and debuggingeusing and remixingandabstracting and modularizingnd three primary
computational perspectivelseing expressive, questioning, and connecting with offB#esnan
& Resnick, 2012). Along with the learnisiy-design pedagogy, Scratch is also largely based on
the collaborativé e ar ni ng pedagogy all owing students to
developed a vibrant online community, where Scratchers worldwide share their programs and
comment on and remix existing programs.
Scratch itself does not ihmle assessmerarf CT skills.Assessments with Scratch tend to
vary based on the setting in which it is usa&then used in curricular contexsssessments tend
to include preand post est s on computational definitions
CT concepts ke loops, sequences and conditionals (Grover, Cooper & Pea, 2014). Other forms
of assessments involve interviewing students about their programs and computational

perspectives, studying use of CT concepts 1in
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Resnick, 2012), and measuring studentlmsed abil i
languages (@ver, Pea& Cooper,2014).

Alice is another wetknown CTbased learning environmetiat uses the context of
creating animations and storytaty using 3D models to promote CT skills (Pausch et. al., 1995).
Alice also uses a visual dragpddrop language, but follows an objdmsed, evendriven
programming paradigm. Learners place objects from Alice's gallery into the virtual world that they
have I magined, and then pr ogr anbassdbehaviossfAlicehe ob
also targets the same computational concepts, practices and perspectives as Scratch. Though the
initial versions of Alice (Alice 1.0 and Alice 2.0) were deveddgor and used by high school and
first-year college studentStorytelling Alice (SA) was later developed and tested with middle
school students to tap into storytellingds mc
Pausch, 2007). SA containsgallery of 3D characters and scenery with custom animations,
allowing users to program social interactions between characters usintgVeganimations.
Using a context like storytelling has been reported to be particularly beneficial in increasing
interest in programming among girls and women. Alice 3.0 is again geared towards elder students,
allowing them to switch between Java programming and cbjemtted draganddrop
programming.

In general, Alice adopts a learnibg-design pedagogy with somtdies following a use
modify-create cycle (Werner, Denner & Campe, 2012) where learners first undeyssaiced
Alice programs and modify them as needed before creating their own programs. Alice also has its
own online communitylike Scratch where learners can share and collaborate on their Alice
animations and stories. Also, similar to Scratch, Alice is used predominantly irsctitmol
settingswith K-12 students andless often in curricular settings. But, instructional matey
tutorials videos, and textbooks have been developed as part of a CS curriculum using Alice, and
are readily available for educators who choose to use Alice to teach CT concepts.

TheFairy Assessmeif¥Werner, Denner & Campe, 2012) has been develfipetlice and
requires students to modify or add methods to existing code to accomplish given tasks, thus
displaying their understanding of abstraction, conditional logic, algorithmic thinking, and other
CT concepts to solve problentsowever, his assessant is Alicebased and requires subjective
and timeconsuming grading (Grover, Cooper & Pea, 2014). Other multipbéce assessments

have been used for measuring learning of Alice programming concepts (Moskal, Lurie, & Cooper,
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2004), but not in K12 setthgs. Recently, Cooper, Nam, & Si (2012) incorporated an Intelligent
Tutoring System (ITS) into the Alice environment using stencils (Kelleher & Pausch, 2005), a
graphical overlay system, to detect student s
provide instruction. The ITS tries to help students master a set of CT skills by providing tutorials

for each, where tutorials are built as a series of missteps, forcing students to make common errors
associated with the use of the skills, and observetgomes. For each CT skill, a tutorial is

followed by an alternate activity assessing the same skill. The alternate assessment activities
involve showing students a YouTube vidbatrepresents the correct desired solution askbs
studentdo write codecorresponthgt o t he desired sol uti on. Stude
stencils, which Cooper, Nam, & Si (2012) point out is somewhat problersatae it requires
studentsd code to be an exact matesultsintcarect he s o
student code sometimes being flagged as incorrect.

AgentSheets (Repenning, 2000) is another @ased system that teaches students
programming and CT skills through game design and creation of simulations. It also adopts a
visual dragand-drop language, but the language is based on an-bgeatl modeling paradigm
(Wilensky & Resnick, 1999; Chi, 2005%imilar to a spreadsheet, an agentsheet is a computational
grid, but the grid comprises agents in this case. Users create the diffpecoit &gents and specify
how each agent looks and behaves in different situations. All agent behaviors are implemented
usinghémd conditional statements ( Kusdof ¥t . al
different conditions and 23 different aci® in combination, to create behaviors for any given
agent. It allows up to tens of thousands of agents, thus making it suitable for modeling and
exploring complex scientific phenomena like ecological systespread of diseases, €tis
ability to supprt games as well as computational science applications distinguishes AgentSheets
from Scratch and Alice, and makes it suitable for use in both CS and STEM education.

AgentSheetsupportsa middle and high school curriculycalled Scalable Game Design
(Repenning, Webb & loannidaou, 2010) aligned with the ISTE National Educational Technology
Standards (NETS). This project aims to motivate all students including women and
underrepresented communities to learn about computer science through game desigrastarti
the middle school levelThe projectconsists of two modules. Ii"@rade a oneveek module is
integrated into an existing required course. thgfade a fouweek module in elective courses

allows students to move on to more complex games or datignal science simulations.
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Assessments using Agentsheletsenot beensufficiently documented in the literature.
Metrics like Program Behavior Similarity (PBS) and tool&e the Computational Thinking
Patten (CTP) graph have been developedpimvide students witinstant semantic evaluation
feedback after submitting their model$hese metricshelp detect transfer of CT skills between
Agentsheet activities and across activiti@s related disciplineskoh et. al., 2010)In addition,
Retenton o f FIlow is used as an evalwuation measu
Scal abl e Game Design act i v ideésigreastivities (Repeénniigletar 06 H
al., 2016). 8udent retentionn an activity is calculatebased on the progralength or lines of
codea student has creatéd the activity, where lines of code correspondntethods, rules,
conditions, and actiorspecified for agents described in the activity.

Agentsheetslso differsfrom most existing systems in that it atteémo scaffold students
as they work in the environment, though the scaffoldirgpisewhakelementaryFor example,
students receive feedback about the computational models or games they throiddh
representations like the CTP graph (Koh et. al., 2048ich help them realize CT patterns missing
in their models. Besides students, AgentSheets also provides reahie as s es s ment of
models to scaffold teachers and provide them with information about individual student progress
so they can help stient who are struggling with their AgentSheets activities. A cyberlearning
system titled REACT (Redlme Evaluation and Assessment of Computational Thinkingyides
teachers with a sortable dashboard, consistinigtaf from each student, that showe ¢tharacters
students creatednd used to populate their game or simulation world as well asethantic
meaning behind what students have programifiBabsawapatna, Repenning, & Koh, 2015)
Further, AgentSheets 3 provides conversational programming to stafents understand the
meaningand semanticsf the progranthey are working on

Other attempts to integrate CT and STEM include EcoScienceWorks (Allan, et.al., 2010),
the Computational Thinking in STEM projectlopa et. al., 2034 and Project GUTS
(http://projectguts.ord/ EcoScienceWorks (ESW) is an ecology curriculum built f8rgrade

students across the state of Maine that includes targeted simulations for concepts like succession,
habitat fragmentation, species interactions, and invasive species, along with a code block
programming module calld@rogram a BunnySince the goadf the project is to increase student
interest in CT and computer programming within the constraints of the middle school curriculum

(where computer programming is not taught), the projeetleséggned existing computer
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simulations in ecology and added ttepability for students to program their own simulations.
Student assessments in ESW meas uadf@sesdtionsad@ nt s o6
student behavior, student interviewasid online surveys. The Computational Thinking in STEM
(CT-STEM) poject, on the other hand, emphasizes learning CT concepts and practices along with
i ncreasing st u.dsemthastbey later theaseGT tand IC& co@skes, and perhaps a
future CT career trajectory. CT activities are embedded in the contexistihg high school
STEM courses in Physics (projectile motion, C
exponential functions, fitting real data), Chemistry (radioactivity, rusting, gas laws), and Biology
(predatorprey relations, DNA sequencingenetics, cell structures). €E3TEM relies heavily on
NetLogoi an agent based modeling and simulation platform with a textual language (Wilensky,
1999). Students work with existing PhET (Wieman et. al., 2008) and NetLogo models, and also
create their owncomputational models from scratch. The project emphasizes learning data
analysis, computational problem solving, and systems thinking in the context of modeling and
simulations, and includes assessments encompassing each of th&3&KaTskills. Project
GUTS (Growing Up Thinking Scientifically) is another example of an attempt to integrate CT and
STEM. It is a summer and aftschool STEM program for middle school students. Recently,
Project GUTShas partnered with Code.org to develop a middle school scigragramthat
consists of curricular units to introduce CT in the context of life, physical and earth sciences, while
addressing course standards. Students go through-magsB-create cycle to learn about
curricular science topics like the global climaystem, ecosystems and chemical reagtemsh
are modeled as complex systems using Starliogiw agenbased modeling language. The goal
of the program is to prepare students to pursue formal CS courses during high school. Hence,
assessments focus student interest in CT, besides curricular assessments for science.

Efforts have also been made to introdueéXstudents to CT skills in more authentic and
tangible contexts. For example, IPRO (I d&RQgranm) is an iOS application designed to teach
high school students how to program in a mobile, social programming environment (Martin et. al.,
2013). Students program virtual robots to play soccer on their iPod Touch and are also provided a
full size physicalreplica of the agent environment in the classroom. They work in teams to
program, test and debtigeir virtual robots,anée ngage i n matches between
and ot her teams 6 -basddprRdgammisgdanguage cdresiktiagré a libodiry

sensors and actions, connected by conditional statements. Conditional statements can be endlessly
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nested and all possible programs are executable (i.e., no syntax errors are possible). Studies with
high school students using IPRO have used attitudunaley questions, learning questions and
transfer questions as assessments. The learning questions are specific to programming in IPRO,
while the transfer questions test predicate calculus skills which are important for understanding
programming. Results dve shown improved performance on programming content and
computational content transfer, and improved attitudes towards programming and CS. Electronic
textiles or etextiles (Kafai et. al., 2013) is another projdwtuses tangible construction kits to
teach programming and engineering concepts to high school stugléeslesinvolves using the
Lilypad Arduino language in conjunction with sewable microcontrollers, sensors and actyators
primary goal of the project is to broaden participation arrdgmions about computing using a
contextthatcan be especially appealing to women. Thextiles curriculum focuses on both the
basics of circuit designs and learning how to program using Lilypad Arduino. In a study with high
school st udempletedartifacts,olsernratioss®f their design approaches, and student
interviews were analyzed to assess CT concepts, practices, and shifts in perspectives. The Arduino
program codes for all projects were found to contain key CT concepts such asesgloaps,
conditionals, operators, and variables. Students mostly engaged in iterative CT practices of
imagining and designing and constructing a little bit, then trying it out, and then developing it
further, and they started considering it as a morsgpelly relevant task.

Several other applications have been and continue to be developed for promoting CT skills
and interest in coding and computer science, especially for the female population of students.

Many of them rely on aisual editorcalled Bbckly to create a great Ul for novice users

(https://developers.google.com/blockly/?hi¥emlockly allows users to write programs by
plugging blocks togetheland @velopers can integrate theoBkly editoreasilyinto their own
web applicationsFor example, thtIT App Inventor (http://appinventor.mit.edu/explojadses

Blockly to providean innovative beginner's introduction to programming and app creation that
transforms the complex language of tbased coding into visual, dragnddrop building blocks.

The simple graphical interfacéaims togrant even an inexperienced novice thditylip create a
basic, fully functional app within an hour or letisusempowering all people, especially young
people, to transition from being consumers of technology to becoming creatorslafié.with

Code fttps://www.madewithcode.colnis another applicatiothat uses Blockly to encourage

girls to code in diverse fields ranging from music to fashion. Some other applidh@bredy on
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Blockly to create their visual interfaces for promoting differ€mt skills areBlockly Games-

Games for tomorrow's programmefSamefroot- Make, play and share game&3zoBlockly -

Programming linefollowing robots, andVonder Workshop Robots for play and education.

2.4 Critical Summary of existing CT based learningenvironments

Table 1 summarizes the state of the art ofl@$ed environments by characterizemgme of the

commonenvironments along the five dimensions of the CoLPACT framework.

Table 1. A review of existing Gbased environments using the CoLPACT feavork

CT-based Context (Co) | Modeling Pedagogy (P)| Assessment (A) | Computational Thinking
environments Language (CT)
L
Scratch Openended; | General Learningby- | Pre and post Concepts likesequences
After-school | purpose; design; tests on loops, parallelism, events
computer Visual, Collaborative | definitions and | conditionals,  operatorg
clubs; block-based | learning; use of CT and data; Practices 0
Summer Learning concepts; being incremental an
camps; through reuse| Interviews about| iterative, testing ang
Elective and remix CT perspectives| debugging, reusing an
computer Use of CT remixing, and abstractin
classes in K concepts in and modularizing
12; College Scratch Perspectives of bein
level CS programs over | expressive, questioning
courses time; Transfer of | and connecting with other
CT skills from
Scratch to text
based languageg
Alice Creating General Learningby- | Systemspecific | Concepts of sequences
animations purpose; design based | Fairy loops, parallelism, events
and Visual drag | on a use Assessment conditionals,  operators
storytelling anddrop modify-create | requiring and data; Practices 0
using 3D language; cycle; students to being incremental an
models; After | Object Collaborative | modify or ald iterative, testing ang
school based,; learning; methods to debugging, reusing an
computer Event Learning existing code to | remixing, and abstractin
clubs; driven through reuse | accomplish and modularizing
Summer and remix given tasks Perspectives of  bein
camps; expressive, questioning
Elective and connecting with othe
computer
classes in K
12; College
level CS
course
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AgentSheets | Game design | General Learningby- | Program Concepts of sequences
and creation | purpose; design; Behavior loops, parallelism
of Visual drag | Conversationg Similarity and conditionals,  operators
simulations; | anddrop I the CTP graph | and data; Practices o
Middle and language; programming;| to detect transfer being incremental an
high school Agent-based | Instant of CT skills iterative, testing anc
curriculum modeling semantic debugging, ang
called paradigm evaluation abstracting ang
Scalable feedback modularizing
Game Design through CTP Perspectives of  bein

graphs expressive, questioning

ESW Ecology General Learning by| Measure CT| Concepts i sequences
curriculum for| purpose; re-designing | perspectives loops, conditionals
7t grade| Agentbased | existing through operators; Practices -
students modeling computer observations of being incremental an
across the stat{ paradigm simulations student behavior| iterative, testing  anc
of Maine student debugging, and

interviews and abstracting Perspectives
online surveys | being expressive
questioning

CT-STEM High  school| General Learning Assessments fo| Data analysis
STEM courseg purpose; using CT concepts| computational  problen
in Physics,| Agentbased | simulations; | computational | solving, and system
Mathematics, | modeling Learningby- | modeling  and| thinking in the context o
Chemistry, paradigm; design problem solving,| modeling and simulations
and Biology | Textbased data analysis

language

Project GUTS| Summer and General Learningby- | Assessments fo| CT concepts of loops
afterschool purpose; design student interes| conditionals, sequence
STEM Block- through use| in CT; curricular| variables; CT pepsectives
program  for| based; modify-create | assessments fq of readiness to pursu
middle school| Agentbased | cycles science formal CS courses durin
students; modeling high school
Middle school| language;
curricular
units in life,
physical and
earth sciences

IPRO Playing soccel Scheme Learningby- | Attitudinal Concepts like
with  virtual | based desgn; survey conditionals, loops, an
robots using| programmin | Collaborative | questions; IPRO| variables; Sensact
iPod Touch in| g language| learning; specific learning| cycles;  Computational
elective high| consisting of| Engage in| questions; modeling and problen
school classes| a library of | inter-robot transfer solving

sensors an( matches guestions testing
actions predicate

calculus skills
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e-textiles Circuit-design | Lilypad Learningby- | Study completeq Concepts like sequence
and sewing in| Arduino design; artifacts; loops, conditionals

high  school| language in| Engage in| Observe design operators, and variable

classrooms conjunction | personally approaches; Practices of iterative

with sewable| relevant Interview imagining, designing

microcontrol | context students constructing, testing an

lers, sensors refining; Perspectives 0

and consicering  computing

actuators more personally relevant

We see that in spite of recognizing the need for integrating CT with-tddrricula, and
the several suggestions discussed in various workshops and committees about how to achieve this,
several CTbased learning environments today still involve extnacular participation through
summer camps, aftachool computer clubandelective curricular participation. Several of ske
environmentsglo not try to connect their activities and learning goals to existihg Ktandards or
STEM learningconceptsBroadening participation in CS through motivational extracurricular CT
based activities may be a good first step, but CT eventually needs to be integrated infi®the K
curricula, possibly introducing it inmiddle schoql since it is the agat which studeis start
decidingon future career choices based on their assessments of their skills and aptitudes. Also,
curricular integratiowill help remove the variables of sedélection confidenceand willingness
to opt for elective and extreurricular programm from the equatianAs a resultall students,
including minorities and womemvill be necessarily exposetb CSrelated concepts. The
successful and sustained integration of CT concepts andiskilihe K-12 curriculum requires
providing K-12 teachersvith learning environments and other resources demonstrating how to
integrate CT with existing graelelevant curricular topics, while keeping the learning overhead
low (both for teachers and students).

We notice that CIbased environmenthatare usedri K-12 curricular contexts generally
integrate CT with existingciencetopics sinceit is not always feasible to accommod&8&
curricula independently into existing-12 curricula. In environmentthat integrate CT with
existing K-12 science curriculghe choice of computational language and pedagomlayed
appear to be similaWe find that environments promoting CT in the context efZscience
topics (for example, AgentSheets, ESW,-STEM, and Project GUTS) often employ an agent
based modeling padigm si nce it i's believed to aid and
complexsciencdopics. Also, such environments mostly employ the learbiadesign pedagogy,
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sometimes as part of a usedify-create cycle, and generally make students workpiaci@ently,
perhaps because collaboration and reusing of code make gmidingricular assessments
difficult. As part of this dissertation research, we wiélvelop our learning environmetd
simultaneously foster CT skills and science learning at ti2 kevel We alsoadopt aragent
based modeling paradigm and an independent leabyhugsign pedagogyvolving build-test

refine cyclesin the context of model building of science processéhl support for model
verification The detailed design and implementation of our learning environment is provided in
Chapter 3.

We see in Table 1 that evéar environmentshatattempt to integrate CT with existing K
12 sciencecurricula, assessments for measuring CT concepts and gkillseaerely lacking.
Assessments in such environments generally fo
likelihood of pursuing CT courses in the future, while existing curricular assessments measure
science learning. Currently, among the enuinentghatintegrate CT withsciencdearning, CF
STEM is the only one to have developed -pre s t assessments for me
computational thinking and problem solving skills. However, evefSTEM does not assess the
computational models builtybstudents for correctness or use of computational constructs.
Assessing studentsdé knowledge of CT concepts
common when the context is opended or related to elective CS courses. Even in such cases,
modelsare generally not evaluated for correctness, but merely for frequency of use of different
computational constructs. Thus, we realize that attention needs to be paiebas@&illearning
environments towards developing standardized, objective, and haiseessments for CWhich
includes developing metrics for assessihgusd ent sé computati onal mo d €
behaviors in terms of use of CT practidesaddition to the lack of wellleveloped CT assessments
in existing CFbased learning enviroments, the developmental processes of students as they are
introduced to CT is little understood, and the challenges they face is not known. Attention needs
to be paid to develop methotheatdetect and scaffold these challenges.

In this dissertation resech, weaddress the aforementioned challeniggslesigning and
developingComputational Thinking using Simulation and Modeling (CTSHa CT-based
sciencelearning environmentbuilding a learning progressiarsing CTSiM for middle school
students, andeaVveloping holistic assessments for measwi st udent s 6 sciérice pr of i

learning ananodeling skills. Using interviedased observational assessments with students using
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CTSiM, we identify and categorizet udent s chal |l engemsenviwdmeent, t hey
and then designscaffolding strategy to help students deal with some of their challdfigatly,

we demonstrate the effectiveness of our scaffolding approach through a controlled research study
using different assessment metrics we hdveev el oped based on students

learning environment and offline assessments administered outside CTSIM.
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CHAPTER 3

Initial design and development of the CTSiM learning environment

In this chapter we discusshe initial designandimplementatiorof the Computational Thinking

using Simulation and ModelingCTSIM) learning environmentalong with the sequence of
learning activities we have designed for synergistic learning of CT and middle school.stience
design of CTSIiM is inforrad by lessons leaed from previous research iearningby-design,
educational computingnd multtagent based modelifBasu et. al., 2012; Sengupta et. al., 2013;
Basu et. al., 2013yWe discuss previous research &eg design principles guiding thetegraion

of CT and science learningp CTSIM in Sectiors 3.123.4, and describe thmitial CTSiM
architecture and interfaces, the selected curricular science topics, and the learning activity

progression involving these topicsSectiors 3.53.7.

3.1 Design as a core focus afcienceearning using computational modeling

InSection2. 1, we di s c us s eothputatiomal doimgp o rathaln theo wo fCT6 i s

to become evidenin the form of desigibased epistemic and representational practices

(Hemmendinger, 2010; Sengupta et. al., 20I3)over and Pea (2013) have identified examples

of representational practices as abstractions and pattern generalizations (that include modeling and

simulation activities); symbol systems and representations; @guci notions of flow of control;

structured problem decomposition (modularizing); conditional logic; and iterative, recursive, and

parallel thinking. Other epistemic practices include systematic processing of information; adopting

efficiency and performare constraints; and debugging and systematic error detection. This

Gcomputational doing p er s mduent aligne with thdearningby-design pedagogyin

general, and with thecienceas-practiceperspectivein particular.
Thelearningby-designpedagogyapplies to all domains argliggests that students learn

best when they engage in the design and consequential use of external representations for modeling

and reasoning (Blikstein & Wilensky, 2009; Kolodmtral.,2003; Papert, 1991This pedaggy

promotesactive learning and greater agency for the leatmeractivating eight knowledge

processeshat represent distinct ways @fenerating knowledge arldarning: experiencing the

known and the newgonceptualiing by naming and by theorizingnalying functionally and
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critically, and applyingcreatively and appropriately (Healy, 2009)he science as practice
perspective Puschl, Schweingruber, & Shouse, 20Qehrer & Schauble, 2006pn the other
hand, emphasizes the importance of engaging Ieaiinghe development of epistemic and
representational practice® help them understand how scientific knowledge is consuluct
evaluated, and communicatédodelingi the collective action of developing, testing, and refining
models- has been descrileas the core epistemic and representational practice in the sciences
(Lehrer & Schauble, 2006; NRC, 201Mlodeling involves carefully selecting aspects of the
phenomenon to be modeled, identifying relevant variables, developing formal representations, an
verifying and validating therepresentations. Hence, developing a model o$ceentific
phenomenon involves key aspects of CT: identifying appropriate abstractions, and iteratively
refining the model through debuggingdavalidation against expert med world data.

CTSiM adopts this learningy-design pedagogical approaghich interweaves action and
reflection by engaging students in cycles of building computational models of given science
phenomena, observing the behavior of their modekmaslations, validating their simulations

against provided correct simulations, and refining their models accordingly.

3.2 Agent based modelingnd simulation for learning science

Agentbased modelinABM) is a form of computational modeling in which individual entities in

a complex system (the agents) are modeled as computational objects with specific rules defining
their behavior and their interactions with other agents. For example, fish can be cdnaidere
agenttype in the simulation of a pond ecosystem, while electrons can be agents when modeling
and simulating the flow of electricity. Models can comprise a single dgeator multiple types

of agents, in which case they are known as MAdfent Basd Models or MABMs (Macal &

North, 2008). The collective interactions of the agents, each concurrently acting out its behavioral
rules, may be used to generate known phenomena, or reveal new, emergent behaviors of the
complex system (Wilensky, Brady & Hor20Q14). In other worddlABMs provide a framework

for (1) understanding and explaining how sysierel behaviors emerge from individual agent
behaviors, and (2) whdttanalyses, i.e., how perturbations in the system can affect and alter overall
system bbkaviors. In Sectiors 3.2.13.2.3 we describe the use of ABMand agentbased

simulations apowerful tookto introduce CT across the X2 science curriculum.
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3.2.1 Pedagogical significance of agent based modeling

A wide variety of scientific phenomenarcaée studied and analyzed using a complex systems
framework (Holland 1995; Kauffman 1995; Goldstone & Wilensky, 2009), where the collective,
global behavior of the system emerges from the properties of individual elements and their
interactions with eachtleer. The global or macro behavietsnown asemergenphenomenaare
often, not easily explained by the properties of the individual elements (e (aBat997, p. 10;
Holland 1998). Emergent phenomena are central to several domains, such as papulatiacs,
natural selection and evolution in biology, behavior of markets in economics, chemical reactions,
and statistical mechanics, thermodynamics and electromagnetism in physics (Mitchell 2009;
Darwin 1871; Smith 1977; Maxwell 1871). Forexamplesihe mi st ry and physi cs,
elastic collisions at the micro level, produce the mdevel properties of pressure and
temperature. In biology, animals interact with others of the same and different species, and the
environment to survive, grownd reproduce at the individual level that leads to phenoysenh
as evolution, natural selection, and population dynamics at the ecosystem level (Wilensky, Brady
& Horn, 2014).

A number of studies have shown that students experience difficulty in tarcérg
emergent phenomena in science (Hnglloer & Pfeffer, 2004; Jacobson, 2001; Wilensky &
Resnick, 1999; Chi, 2005Agent based modelintgplds immense potential to support learning of
complex science phenomena, since it provides the means to build ®t udent s 6 i n
understandings about individual agents acting at the micro level to grasp the mechanisms of
emergence at the aggregate, macro level. When students interact with, or construct a MABM, they
i nitially e nagemtipwelthnkingdi n(tiu.iet.i,vet hi nki ng about th
individual actors in the system) (Goldstone & Wilensky 2008). Thereafter, with proper scaffolding,
studentscan build upon their agent level understanding and develop an understanding of
aggregatdevel or emergent outcomes by interacting with multiple complementary representations
of the putative phenomena: agéenel rules and variables, dynamic visualization that
simultaneously displays actions of all the agents in the microworld, and grapstsavaiggregate
level patterns over time (Tan & Biswas 2007; Wilensky & Reisman 2006; Blikstein & Wilensky,
2009; Klopfer, 2003; Danisét al, 2011; Dickes & Sengupta 2013).

In several science classrooms, differential equations and other mathematicdééostil

form the most commonly used aggregiateel formalisms for teaching students how different
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aggregate variables evolve over time (Wilensky & Reisman 2006). While mathematically
sophisticated, these formalisms do not make explicit the underlgegti@vel attributes and
interactions in the system, and therefore, remain out of reach of most elementary, middle, and even
high school studentst thas been suggestedthah e | ack of connection bet
embodied, agertased reasonin@nd the aggregate forms of reasoning and represerstatioy
encounter in schootreates a barrier to their understanding of emergent phenomena. When
children construct or use MABMs to learn complex scientific phenomena, this divide can be
bridged (Dillenbourg, 1999; Jacobson & Wilensky, 2006; Tisue & Wilen2k9p4; Sengupta &
Wilensky, 2009 Goldstone & Wilensky, 2008; Dickes & Sengupta, 2013; Basu, Sengupta &
Biswas, 2014). Constructing and running their models helps students realize the implwfations
their ideas, provokes new conjectures, and drives motivating cycles of debugging involving
modeling, execution, and refinement (Wilensky, Brady & Horn, 2014). Also, students can use their
models to explore what questions by varying initial conditionand model parameters, or
modifying existing behavioral rules of the agents in the model. Thus, workingd ABM

environments helps prepare them for authentic inquiry in the scientific disciplines.
3.2.2A review of studies and environments using ABM foreéarning science

One of the earliest and bdstown agenbased programming languages is LOGO (Papert, 1980).
LOGO users learn fractions and other important STEM concepts by programming the behavior of
a protean agentthe LOGO turtle. The Logo turtle is esidered to be body syntonic, meaning

that understanding the behaviors and the rules guiding the behaviors of a turtle is related to learners'
understandings of their own bodies. This bagmgtonicity is believed to help young leaners to
bootstrap their itwitive knowledge in order to learn canonical science concepts (Sengupta &
Farris, 2012).

The LOGO language has been used and extended over the years in different MABM
environmentslike StarLogo (Resnick, 1996) and NetLogo (Wilensky, 1999). Unlike LOGO,
which allows only a few turtles, these environments allow for modeling of thousands of agents or
turtles,thatcan perform their actions concurrently. Having such large number of turtles facilitates
the modeling of several types of complex systems, wheeesystem behavior may show
gualitative changes as the turtle population is changed. Also, turtles in these environments have

better sensing properties than the traditional LOGO turtles, thus they are capable of executing more
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complex behaviors based ontdractions with other turtles and the environment. Further, the
turtlesd environments ar e patchedin thesedagdrimsed as a ¢
environments. Patches are static, but have many of the same capabilities as turtles. For example,
eachpatch could diffuse some of its Achemical o
based on the level of chemical within its borders (Resnick, 1996).

The current version of StarLogoStarLogo TNG (The Next Generation)attempts to
lower the berier to entry for programming by adding a bldased programming interface to the
agentbased modeling and simulation environment (Klopfer et. al., 2009). StarLogo TNG also
includes 3D graphics and sound to attract more young people into programmicgatioh of
richer games and simulation models. Unlike StarLogo TNG, NetLogo (Wilensky, 1999) employs
a written, textbased programming language. This is why StarLogo TNG is sometimes considered
more useifriendly for younger users, who can focus on agerged programming without being
bogged down by spelling and syntax errors. However, NetLogo also has its set of added advantages
over StarLogo TNG. NetLogo can handle more agents, model more complex behaviors, and
simulation runs are more tiredficient. The NetLogolanguage is more extensive with better
support for lists, agent sets, and local variables, and it is extendable and controllable via Java,
making it better suited for embedding in Jdased learning envirorents

(http://projectguts.ory/ In CTSIM, we integrate the benefits of each of these agastd

environments by developing our own bleo&sed programming interface for constructing agent
based computational models and gsiNetLogo under the hood to generate simulations
corresponding to the models.

The described MABM environmentsare used extensively in elementary through
undergraduate classrooms to help students learn about emergent phenomena in different science
disciplines. For example, NetLogo comes with a large model library, which can form the basis for
curricular material in several science topics. Many middle school students use the N&tkogo
model to study natural disasters, such as volcanoes and forest fiilless seweral high school
students use models from the NetLogo GasLab suite to understand Kinetic Molecular Theory and
effects of molecular interactions on aggregate properties of gases like pressure and temperature.
NIELS (NetLogo Investigations in Electraagnetism), a curriculum of muligent computational
models, has been shown to help undergraduate students develop a deepkexpelérstanding

of phenomengasuch as electric current and resistance by modeling them as phenomena that emerge
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from simpk interactions between electrons and other charges in a circuit (Sengupta & Wilensky,
2009). VIMAP (Sengupta & Farris, 2012) is axample of a mukagentenvironment based on
the NetLogo modeling platform. In VIMAP, students can construct a new Netliogdason
modelor modify an existing NetLogo simulatianodelusing visual and tactile programming.
Studentscan also dynamically generate inscriptions (e.g., graphs) of aggregate level phenomena
using the MAGG (Measuring Aggregation) functionality. Sésdiusing VIMAP to teach
Kinematics have shown that elementary school students develop a deep conceptual understanding
of the relevant physics concepts involved.

On the other hand, Project GUTS (Growing Up Thinking Scientifically) is an example of
a yearlong STEM program for middle school studetiitatuses StarLogo to engage students in
agentbased modeling and scientific inquiry. During the first four weeks of the program, students
learn about complex systems and how to create computer models fronm.sSraisequently,
during each sikweek afterschool unit, students investigate a problem, interview experts and
community members, gather data, and run experiments on their computer models to better

understand the problem being studiddtd://projectguts.org/ Then, studentsupload their

investigations to the project website and compare and discuss their models with others. Recently,
Code.org and Project GUTS have partnered to deliver a middle school science praggisting

of four instructional modules and professional development for the introduction of CS concepts
into science classrooms within the context of modeling and simulaDetails aboutthis
collaborative project hee already been present@dSection2.32.

Though MABMs have been shown to be effective pedagogical tools in learning about
emergent phenomena in various domains (Chi, 2005; Mataric 1993; Wilensky & Reisman, 2006),
students generally require scaffoldwdenlearning using MABMs. For examml Wilensky and
Reisman (2006) showed that high school students were able to develop a deep understanding of
population dynamics in a predatprey ecosystem by building MABMs of wetheep predation,
but they needed to be provided explicit assistancarms of programming support and reflection
prompts by the interviewer. Tan and Biswas (2007) reported a study whegrade students were
scaffolded by the interviewer while using a mualtjent based simulation to conduct science
experiments related tofassh tank ecosystem. The experimental study showed that students who
used the simulation showed significantly higher-post test learning gainas compared to a

control group that were provided with the results of the simulations but did not haveuopes
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to explore in the mukagent simulation environment. In another study, Dickes and Sengupta
(2013) showed that students as young Bgyraders can develop mulével explanations of
populationlevel dynamics in a predatprey ecosystem aftertgracting with a MABM of a bird

butterfly ecosystem through scaffolded learning activitresur previous work, we identified and
guantified the benefits of a set of scaffoldatcan help middle school students learn the correct
inter-species relationgnderlying a desert ecosystasimulation and understand and reason about

the concepts of interdependence and balance in such an ecosystem (Basu, Sengupta & Biswas,
2014). Further, Kapur & Kinzer (2008) along with Pathak, et. al. (2008) have showratinat e

who are scaffoldednd provided structured steps to follow during their ABM activity, initially

learn better than unscaffolded learners. However, if this initial activity is followed by a second
activity where both groups of learners are scaffoléed, a third activity where both groups are

not scaffolded, the initially unscaffolded group will perform better by the third activity. The initial
failure of the unscaffolded group in the firs
that tke initial failure made the students better prepared to learn when they were scaffolded in the

second activity.
3.2.3 Summary of existing research on ABMs and ABMs as tools for CT

Review of the literature indicates that the ageaged modeling paradigm has shown great
potential for helping students learn emergent phenomena in diverse domains, especially in science
domains where a multitude of curricular topics can be modelechegea dlistributed set of agents.
Bootstrapping st dedetundessi@andings helps themviearn aggreigat
emergent outcomes more easily thamen they argresented with aggregate level formalisms
directly. However, in order to learffectively using MABMs, students generally require scaffold
to help them structure their investigations using MABMs, remisth pay attention to both agent
level and aggregate outcomes, and help undeilstioe effects of agerevel behaviors on
aggegate outcomes.

In addition, we find that agefitased modeling and simulation can serve as powerful tools
for introducing CT across the-K2 science curriculunModeling each agent type individually as
a set of rules that govern its behavior and intevastivith other agents encourages the CT practice
of decomposing a complex modeling task into manageable pigheh can be worked on in

parallel. ABM also simplifies the process of model debugging and encourages the CT practice of
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testing effectively byesting individual agents separateéijot surprisingly, we notice that learning
environmentghattry to integrate CT with science learning at thdXlevel tend to use an agent
based modeling paradigm. Learning using such agesed CT environments walpresumably
necessitate scaffolding, not just for becoming proficient in CT and science concepts, but also for
learning how to work effectively with ABMs. This approach of using ABM as a tool for integrating
CT with curricular science topics guidesir design and development dhe CTSiM learning

environment, as described in detaidaction3.6.

3.3 Visual Programming for middle school students

In a visual programming (VP) environment, students construct programs using graphica) objects
typically ina draganddrop interface, thus making the programming more intuitive and accessible
to the novice programmer (Kelleher & Pausch, 2086ndhausen and Brown 200W/isual
constructs significantly reduce issues wiarning program syntax and understanglitextual
structures making it easier for students to focus on the semantic meaniing odnstructs
(Hohmann, 1992; Soloway, 1993). For example, visual interfaces make it easier to interpret and
use flow of control constructs, such as loops and condisqParsons & Haden, 200Thisis an
important affordance of V,Pbecause prior researdhmas shown that students in a LOGO
programmingbased high school physics curriculuiaced significant challenges in writing
programs for modeling kinematiasven afer multiple weeks of programming instruction (Sherin

et al. 1993). In the studiesported by Sherin et al. (1993) and diSessa et al. (1991a, b), middle
and high schoastudents required fifteen or more weeks of instruction, out of which, the first 5
weeks of classroom instruction were devoted solely to learning programming taught by a
programming expert. Sherin et al. (1993) pointed out that, given the time constirgiatly faced

by science (in their case, physics) teachers, the additional ovesksadiated with teaching
students to program may simply prove prohibitive.

Some examples of agebasedVP environments are AgeBheets (Repenning 1993),
StarLogo TNG (Klopfer et al. 2009 Scratch (Maloneet al. 2004), ToonTalk (Kahn 1996),
Stagecast Cegor (Smith et al. 2000)and Alice (Conway 1997). Users in all of all these
environments can(a) construct or design their programs by arranging icons or blocks that

represenprogramming commands and (b) employ animations to represent the enactméme (i.e
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execution) of the usagenerated algorithm (i.e., program), albeit with varglagrees of algorithm
visualization (Hundhausen and Brown 2007).

In the CTSIM learning environment,enfocus onVP as the mode of programming and
computationaimodelingto make it easier for middle school students to translate their intuitive
knowledge of scientific phenomena (whether correct or incorrect) into execonadhéds that they
can then analyzéaroughsimulatiors. CTSiM provides a library of visual construttet students
can choose from and arrange spatially to generate their computational models. If students try to
drag and drop a programming construct incorrectly, the system disallows the action, and indicates
the error by expl i cTherefgre, @TiISi8 elimingtes rihg poasibilitypok 6 s i

generating programs (that is, models) with syntax errors.

3.4Integration of domain-specific primitives and domaingeneral abstractions

Previous research suggests that learning a degaardprogramming&nguage andsing it for
domainspecific scientific modeling involves a significant pedagogical challenge (Guzdial, 1994;
Sherinet al.,1993).Rather, a domaispecific modeling language (DSML) th@ambines domain
generalcomputational primitivesand donain-specific primitves can hel p | ever ag
intuitions about the domaimhile emphasizing the generality of computational primitives across
domains Domaingeneral primitives are computational construlike A wh-dorot her wi se do
and i rnhatpepraser®T conceptslike conditionals and loops. Domaspecific primitives

on the other handre designed specifically to support modeling of particular aspects of the topic

of study. Imposing domaispecific nhames on the constructs creaeshantically meaningful

structures for modeling actions in the particular donthist help gain a better conceptual
understanding of the domai@TSiM uses a DSML to help foster synergistic science and CT
learning.For exampleCTSiM uses domakspecific pimitives, like A f or war d o, nspeed
Asl ow td@prasent movement, acceleration and deceleration actioie kinematics
domain,and primitives, like i c r e at e n etwdonphahirtd and deatle af agents the
ecologydomain Students devep complex agent behavioirs CTSiM by meaningfullycombining

domairgenerakcomputationaprimitivesand domairspecific primitives.
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35 Initial CTSiM architecture and interfaces

Based on the design principles describe8eaatiors 3.13.4, we developethe initial version of

the CTSIM learning environmemwhich we will henceforth refer to as CTSIM version 1 (CTSIM
vl). CTSIM v1 adopted a learnifigy-design pedagogywhere students built computational
models of given science topics using an agpasiedyisual programming platform and a domain
specific modeling language. Students were also prowsdpgdort for programminthrough tools

for algorithm visualization and model verification. They could observe the behavior of their
computational models as agdased simulations at any point of time, helping them understand
the relationships between their models and the resultant enactment of their models. Students were
also providedwitatn fAexpert o0 dcoirectesimulationandauidiiteradively rgfine

their modelsby comparing results of their simulation ttee expersimulation, understamy the
differences, and then mgipg behaviors exhibited by their simulat®to programmingonstructs

in theircomputationamodek and viceversa.

The initial CTSIM learning environment compriseéldree primary interface modulete
Construction world (&Norld) or t h e 60 Bui I|,dvbereistuderts d¢oastrueted their
computational modelsthe Enactment world @&Vorld) ort he 6 Runob i ndler f ace
visualization asimulatiors; and the Envisionment world (World)ort he &6 Compar ed i n
for model verificationWe describe each of these interfaces in more detaigexamples frona
curricular unit inecdogy implemented using CTSiM v1.

The GWorld provided the VP interfacefor studens to buildcomputational modsl of
science topics using an agdrased frameworkFigure 1 illustrates the CTSiM v1-@World drag
anddrop interface that shows a model describing how a fish agent breathesvbkrdhos of the
system, students selected the agent and procedure they wanted to model frdowirapenus
located at the top of the interface, selected primitives from a palette of programming primitives or
blocks placed on the left panel of the interfeaved dragged and dropped the selected primitives
on the right panel of the interface, spatially arranging and parameterizing them into a structure that
represented their computational models for the agent behaviors. For each agent, students modeled
the dfferent agent behaviom@s separate procedures apecified the procedures to be executed
within a procedure cal | Edpalétsofprogfammingtprimitivep ar t i ¢
provided for modeling any agent procedure comprised blotmaingenerd computational

primitives, like conditionals, loopsvariables and operatois well aslomainspecific primitives
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that represent agents, agent properties, environmental elements, sensing conditions, and agent
actions

|4 cTsiM
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Figure 1 The CTSiM v1 Construction Verld for building computational models

The EWorld represented a microworld (Papert 1980; White and Frederiksen 1Wo@0@
the behaviors of agents defined in th&\@rld could be visualized in a simulation environment.

The CTSIM environmentimplemented in Java, included an embedded instance of NetLogo
(Wilensky 1999) to implement the visualization and mechanics of the simulation. NetLogo
visualization and plotting/measurement functionality provided the students with a dynamic, real
time digplay of how their agents operated in the microworld, thus making explicit the emergence
of aggregate system behaviors (e.g., from graphs of the population of a species over time). Students
could also view the different agent procedures they modeled allerths aggregate simulation to

better understand the relations between the models they constructed and the resultant simulations.
Figure 2 depicts the CTSiM v1-World interface.

The visual blocksor programming primitives used by students as they bhéirt
computational modelwere internally translated to an intermediate language and represented as
code graphs of parameterized computational primitives. These code graphs remained hidden from
the learner, and were translated into NetLogo code by thel tnadglator. Tlegenerated NetLogo

code waxombined with the domain base model to generate the simulations corresponding to the
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user models. The base model provided NetLogo code for visualization and other housekeeping
aspects of the simulation that werat directly relevant to the learning goals of the unit.

|| cTsim — m}
Build Run Compare
Agent Typedfish ‘, Procedure{breathe |,| SETUP RUN ONCE RUN FOREVER CONTINUE THIS SIMULATION NEW SIMULATION
same-initial-state
initial-number-fish
2 4 5 6 8 91
if | Ilo[ Oxygen ]Ieﬁ?
p— Add afish | ticks: 387 @: normal speed
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else Mco2
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%Mm ’ Oxygen ]
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_ z
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0_time (days) 456 L

Figure 2.The CTSiMv1 Enactment World for model vizualization
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Figure 3.TheCTSiM v1 Envisionment World for model verification

The CTSIiM v1 V-World provided students with a space where thewld systematically
design experiments to test their constructed models and compare theirb@loabrs against
behaviorsgener at ed by awhichi@ i poekrstep witimthed stublergenerated
model Although the expert mod&tashidden, studentsouldobserve itgeneratedehavios and
compae themto the corresponding behaviors generated by theatel with sideby-side plots and
microworld visualizations. This comparisonallowed students to makelecisions on what

components ofheir models they need to investigate, develofurther, or checko correctfor
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errors. With proper support and scaffolding, we belidvibat the overall process of model
construction, analysis, comparison, and refinemenbould help students gain a bett
understanding of science phenomena and the scientific reagmoiogss, while also learning
computationatonstructs and methods.

3.6 Designing learning activities and a learning progression using CTSiM1

Kinematics physics) and ecology (biology) wechosen ashe curriculartopicsfor synergistic
learning of science and Giking CTSiM v1. Theyre common anoiportant curricular topics
themiddle school curriculum, anésearchers have shown thatlKstudentdhave difficulties in
understanithg and interpreting concepts in these domgi@ki et al. 1994)Furthermore, it has
been argued that student s ésimdardpistemologicdl arigirs,ini n b o 1
that both kinemat&phenomena (e.g., change sigeed over time in aacceleration field) and
systemlevel behaviors in an ecosyste(®.g., population dynamics) involve understanding
aggregation of interactions ovéime (Reiner et al. 2000; Chi 2005). For example, physics
educators have showmthat understanding and represiely motion as a process of continuous
changeis challenging for novice learners (Halloun and Hestenes 1985; Elby pa@@n et al.
1980; Leinhardt et al. 1990; McCloskey 1983). Novices tendegxribe or explain any speed
change(s) in terms of differees or relative size afie change(s), rather than describing speeding
up or slowing down as a continugoiocess (Dykstra &weet 2009). Similarly, in the domain of
ecology, biologyeducators have shown that while students have intuitive understandings of
individuatlevel actions and behaviors, they find aggredewel patterns thahvolve continuous
dynamic processéssuch as interdependence between speaigs population dynamiés
challenging to understand without pedagogsgbpot (Chi et al. 1994; Iambson &Wilensky,
2006; Wilensky &Novak 2010Dickes & Sengupta2012).

Also, & discussed iBection3.2, agentbased modeling iwell suited for representingrch
phenomena, as it enablésarnes to invoke their intuitions about agemé¢vel behaviorsand
organize them through desippased learning activities (Kolodnet al. 2003), in order to explain
aggregatdevel outcomes. Studies have shown tfetagogical approaches based on abaséd
models and modeling can allow novilgarners to develop deep understanding of dynamic,

aggregatdevel phenomer@a both in kinematics and ecological systems by bootstrapping, rather
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than discardingheir agentlevel intuitions (Dickes & Sengupta, 2012; Wilenskyr&isman2006;
Levy & Wilensky, 2008.

We developed a Erning activity progression usir@T SiM v1 where students worked on
Kinematics unit activities first and then proceeded to work on activities associated with the
Ecology unit(Sengupta et. al., 2013The Kinematics unit focusdeon modeling Mwtonian
mechanics phenomenghe relations between speed, distance and acceleration, and graphical
representations of motioriThe Ecology unit, on the other hand, emuadesimplified fish tank
environmentand focusd on the concepts of dynamic equirliim and interdependea among
species in theecosystemlIn terms of programmingconcepts, activities in both the domains
required understanding and use of common CT concepts like conditionals, loops, variables
However, the Ecology unit activities involyenodeling more complex topics and hence reguire
a greater use of CT practicéike decomposition and modularization. In famty rationale behind
sequencing the two domains in the curriculum \gagled by the programming complexities
involved in modelng phenomena in the tvammaingSengupta et. al., 2013Fjor examplewhile
the kinematics learning activities described below requiiedstudents to program the behavior
of a single computational agent, modeling the faflk ecosystem requiredudens to program
the behaviors of and interactiobstween multiple agentg/e introduce students to singlagent
programming before introducing them to matent programmirdy therefore, in oucurricular
sequence, students lebkmematics first, and theacology.

For the kinematics unitye extended previous research ®gngupta’ Farris (2012)to
design thdearning activitiesn three phases

Kinematics Phase 1: This covered Activities 1 and 2, where student$ wskedgraphics
to construct geometric shapes that representepconstant speed arn(@) constant acceleration.

I n Activity 1, students were introduced to prc
and Al eft turno thats defl tmowi doh, t pewhidiithievmnad
corresponded to a computational construct (independent of a domain construct), and primitives

|l i ke Apen downo, and fgpexific dawing @rimitives. The stwdentse Ne
were given the task @fenerating procedures that described the movement of a turtle for drawing
n-sided regular shapes, such as squares and hexagons. Each segment of the regular shape was
walked by the turtle in unit time indicating constant speed. Therefore, Activity 1 foamsed

students learning the relationship between speed, time, and distance for esgpestadntotion. In

43



Activity 2, students were given the task of extending the turtle behavior to generate shapes that
represented increasing and decreasing spirals. litissegments walked by the turtle, i.e., its
speed per unit time, increased (or decreased) by a constant amount, which represented a positive
(or negative) acceleration. Activity, Z2hus introduced students to the relations between
acceleration, speednad di st ance using the fispeed upo and
the motion of the turtle.

Kinematics Phase 2 corresponded to Activity 3, where stud@stpreted a speetime
graph to construct a representative turtle traject@tarting from thespeeetime graph shown in
Figure4 students developed a procedure where the length of segments the turtle traveled during a
time interval corresponded to the speed value on the graph for that time interval. For example, it
was expected thatudents wouldecognize and model the initial segment of increasing speed by
a growing spiral, followed by the decrease in speed by a shrinking spiral, whose initial segment
length equaled the final segment length of the last spiral. Students were given the freedom to
choose the shapes associated with the increasing and decreasingfspatsble solution output
is provided in Figure 4We hypothesized this reverse engineering problem would help students
gain a deeper understanding of the relations between acaeieseed, distance, and time.

spoed (mv's)

Bme (seconds)

Figure 4.Acceleration represented in a speide graph (left) and turtle graphics (right)

N/

Figure 5. A rollercoaster car moving along different segments of sspeeified track
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Kinematics Phase 3, represented by Astiv involved modeling the motion of a
rollercoaster car along a prspecified track with multiple segmefgse Figure 5Jn more detalil,
students were asked to model a rollercoaster as it moved through different segments of a track: (1)
up (pulled by anotor) at constant speed, (2) down (with gravitational pull), (3) flat (cruising), and
then (4) up again (moving against gravity). The students had to build their own model of
rollercoaster behavior to match the observed expert behavior for all of therssg

For the Ecology unit, students modeled a closed fish tank systempiasesrepresented
by Activities5, 6, and 7.

Ecology Phase 1 correspattto Activity 5, wherestudents constructed a madewvel,
semistable model of the fish tardcosystem by modeling the fish and duckweed species as two
agent typegsee Figures 2 and.3)ctivity 5 required students to model the food chain, respiration,
locomotion, excretion, and the reproductive behaviors for the fish and duckweed. The it@bility
develop a sustained maemwodel, where the fish and the duckweed could be kept alive for
extended periods of time, even though all of the macro processes associated with the two agents
were correctly modeled (that is, the behaviors generated by theisttds 6 comput at i on
matched the behaviors generated by the expert model), encouraged students to reflect on what may
be missing from the macro mod@&tudents realizethe need to model theaste cycleand its
entities, primarily the two forms of biria and their behaviard his prompted the transition to
the second phasehere students identified the continuously increasing fish waste as the culprit for
the lack ofsustainability of the fish tank

Ecology Phase,2epresented bactivity 6, involved buildingthe waste cycle model for
the fish tank, with the Nitrosomonas bacteria that converts the toxic ammonia in fish waste into
nitrites, which is also toxic, and the Nitrobacter bacteria that converts the nitrites into nitrates.
Nitrates are consurdeby the duckweed (as nutrientd)us preventing an excessive buildup of
toxic chemicals in the fish tank environment. The combination of graphs from the m@incto
macreworld visualizations was intended to help the students develop an ag¢gesghte
understanding of the interdependence and balance among the different agents (fish, duckweed, and
bacteria) in the system. After completing the ecology micro unit, students worked on Activity 7
where they discussed the combined mitracro model with theirssigned researcher and how
the macremicro model phenomena could be combined into an aggregated causal model describing

the sustainability of the fish tank ecosystem.
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CHAPTER 4

Assessing student sod usGISIM learninggenvironment i al ver s

We conducted semiclinical interview-basedstudy (Piaget, 1929) using the initial version of
CTSIiM described in Chaptert8 assess the effectiveness of our pedagogical approach and study
student s6 i nt er a(Basuet al.2013y$engaptateth ad., 281¢)e tvanted to

see if students coulehodel science topics aelarn using CTSiM/1, andstudywhat problems

and questions they had while working using the system. ciapterays out the particulars of

this initial study andbur findings which influence future 1a@esign ofthe CTSiM environment

4.1 Research study setting and procedure

We conducted rainitial study using CTSIM vlwith one 6thgrade classroonsomprising 24
students(age range between 11 and 13) from an ethriigadiverse middle school in central
Tennessee in the United States. Since this was our first study with the GISSlstem, our
primary goals were to gaim deailed understanding of hostudentsnteracted withthe system
the approacheabeyused in castructing their models, the problems they fasbde buildingand
debugging their modelshow they discovered and responded to errors in their models, and
scaffoldsthat could help therdeal with thé& challengesand complete their modeling activities
Towards this end, 15 of the 24 students in the class were chosen by the science teacher to work on
CTSiM v1with oneononeindividualized verbafjuidance froomembers of our research team.
The teacher ensured that the chosen students were representdiffexerft genders, ethnicities,
and performance level§Ve refer to these students as the Scaffolded-Grdsip While the
majority of theclass participated in thaull-out study, the remainder of the class (9 students) was
allowed to explore the sametsaf units in the CTSiIM vEnvironment on their own withotite
oneonone guidanceHowever, these students did get soguedancefrom the teacher and
members of our research team duringrteeience periodWe refer to these nine studenats the
Classroom or &€5roup.

The 15 students the SGroupwere pa@red oneon-one with one of fivenembers of our
research team. Thus, each researcher from our team worked with 3 students for the study with
three thour sessions daily (9aftDam, 10anillam, 12:30pml1:30pm), one for each student
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assigned to them. All five members of our research team who conducted-the @ameinterviews

had prior experience with running similar studies. irenmbersnet before the study and decided

on a common frmework Pr questioningand interacting witlstudentsas studentsvorked with

CTSIiM v1. While the interviews were not strictly scripfesihce the conversations would depend

on individual student actions and thought processes, a common flexible interview script was
prepared and shared among the researchezsniérviewscripe nsur ed t hat all of
interview formats and structures were similar (similar questions asked and similar examples to
illustrate a concept) during each of the CTSIM learning/ities. As part of the intervention, the
researchers introduced the CTSWl system and its features to their students individually, and
introduced each of the learning activities before the student started them. However, students were
not told what to dpthey had complete control over how they would go about their modeling and
debugging tasks. But the researchers did intervene to help students when they were stuck or
frustrated by their own | ack of progegragiens. An
with the students involved targeted prompts, where they got students to focus on specific parts of
the simulation results and verify the correctness of their model. When needed, the researchers also
asked leading questions to direct the studentsok for differences between the expert simulation
results and their own results, and then reflect on possible causes for observed differences. These
guestions often required students to predict the outcome of changes they had made to their models
and ten check if their predictions were supported by the simulation results. In addition, the
researchers prompted the students periodically to make them think aloud and explain what they
were currently doing on the system. They also provided pointers abeublitecompose large
complex modeling problems into smaller manageable parts, and at appropriate times, reminded
students about hostudentshad tackled similar situations in past work. All of the student and
researcher conversations during the-on®ne interviews were recorded using the Camtasia
software.These videos also included recordings of the screen, so we could determine what actions
the students performed in the environment @hat the consequences of #ictions were.

Since thisstudy was grmar i |y targeted toward wunder st e
system, and how their learning and understanding of the science processes evolved, we only
assessed science learning as a result of our intervention and did not include assessments for CT.
The stence assessments included péapesed kinematics and ecology questions (the gmd

posttests design included repeated items), which comprised a combination of multiple choice and
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short answer question®n Day 1of the study, we administered pistsfor both the Kinematics

and Ecologyunits. Studentsook between 25 and 40 minutes to finish each test. Thatents

worked on the kinematics units (Activities4) in daily hourlong sessionfrom Day 2 through

Day 4 and took the kinematics pdsst onDay 5. On Days 4, studentsvorkedin daily hour

long sessionsn the ecology units (Activities-B) and then took the ecology posttest on Day 9.

The entire study took place over a span of two weeks towards the end of the school year, after the
students &d completed their annual stééwel assessments (Tennessee Comprehensive
Assessment Program or TCAP).

The Kinematics pre/poste st s were designed to assess st
like speed, distance, and acceleration and their relatioosg akith their reasoning using
mathematical representations of motion (e.g., graphs). Our goal was to assess whether
computational modeling improved their abilities to generate and explain these representations.
Specifically, students were askiednterpret and explain speed versus time graphs, and to generate
diagrammatic representations to explain motioa ronstant acceleration figlsuch as gravity.

For example, one question asked students to diagrammatically represent the time trajectory of a
ball dropped from the same height on the earth and the moon. The students were asked to explain
their drawings and generate graphs of speed versus time for the two scenarios.

For the Ecology unit,the prandpost e st s f ocused on sdlesafent s o
species in the fiskank ecosystem, interdependence among the spdwefmod chainthe waste
and respiration cycles, and how a specific change in one species affected the others. Some of the
guestions required students to use declar&iimaviedge about the fish tank system while other
guestions required causal reasoning about entities using the declarative knotedgample
guesti on Yaw ksktdnk is ausrentfy healthy and in a stable state. Now, you decide to
remove all tr@es of nitrobacter bacteria from your fish tank. Would this affect a) Duckweed, b)

Gol dfish, ¢) Nitrosomonas bacteria? Explain y

4.2 Science learning gains using CTSIiM

We a s s e s s sadkencs leaunth@im thisirdtial study based onrtkiematics and ecology
pre-to-post learning gainsSlwo members of our research teéncluding myself)came up with

initial rubrics for grading théests, which were then iteratively refined based on student responses.
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The initial rubric focused on coreanswers for multiple choice questions and keywords and

important concepts for questions requiring short answer responses. A systematic grading scheme

was developed after studying a subset ostiidentresponses. The short answer grading scheme

attemped to account for different ways a question could be answered correctly, and was updated

if we found a student response which could not be graded adequately using the current rubric.
Students belonging tboththe S and C grouphowed learning gains both the curricular

units (Basu et. al., 2012; Sengupta et. al., 20TRe pretest scores and trstatelevel TCAP

science scoreBom the previous academic yesuggested differences in prior knowledge and

abilities of students irnthe S andC groups Herce, we computedepeated measures ANCOVA

with TCAP science scores as a covariate of the pratests to study the interaction between time

and conditionNot surprisingly, here was a significaetfect of condition (i.e., $roup versus €

Group) on prepost learning gains ikinematics(F(1,21)= 4.101, p<0.06)as well asscology

(F(1,21)=37.012, p<0.001)igure6showst hat t he S gr owerp bBigherthanj ust e«

that ofthe C group in botkthe curriculamunits.
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Figure6. Comparison ofearning gains between groups using TCAP scores as a covariate in the
first CTSIM study
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We alsoconducted paired samphests tostudypreto-post gains for each groupable 2
shows thator the ecology unitthe intervention produced statistically sfggant pre-to-postgains
for both groupgp<0.001 for Sgroup; p<0.01 for &5roup), but for the kinematics unit, tgains
were significanbnly for the SGroup (p<005 for Sgroup, p>0.5 for @roup. The reduction in
statistical significance for the kematics unit may be attributeddcaeiling effecins t ude Rt s 6 prr
test scores, given that students enteredhteuctional setting with a significantly higher score in

the kinematics preest tharthe ecology praest.

Table 2. Pairedtest results comparing Kinematics and Ecology pre and post test scores from the
first CTSIM study

Kinematics Ecology
Pre Post P-value | Effect size Pre Post P-value | Effect size

Mean (S.D.)| Mean (S.D.)|(2-tailed)|( C o h e |Mean (S.D.) Mean (S.D.)|(2-tailed){( Co h e

(max=24) | (max=24) (max=35.5)| (max=35.5)
S-Group | 18.07 (2.} | 19.6 (2.3 <0.05 0.71 13.03(5.4 | 29.4(5.0 | <0.001 3.16
(n=15)
C-Group | 15.56 (4.1)| 15.78 (4.4)| >0.5 0.06 9.61(3.1) | 13.78(4.9 | <0.01 1.09
(n=9)

43l denti fying st udeworkimgvith CTSIM i cul ti es whil e

Besi des assessi student sé6 sci eandposttess,aer ni ng

ng
also analyzed the Camtagjanerated videos for all fifteestudentof the Sgroupto characterize
the types of challenges students theehen working with CTSIM and the scaffolds that were

provided to help them overcome these challenges
4.3.1 Analysis and coding of study data

The video data was coded along two dimensions: first, the type and frequency of challenges faced
during each activity, and second, the scaffolds that were used to help the students overcome the

challenges. Initial codes were established using dbestant comparison method by two
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researchers involved in the studycluding myself) To do so,we chose data from two
participants, whom we will call Sara and Jim (not their real narBasa and Jinwere selected as
representative casebecause they had thewest and highest state standardized assessment
(TCAP) scores in science among the 1%tipgants of the pulbut study Fourteen challenge
categories were identifieavhich wefurther grouped into four broad categories:Riggramming
Challenges(2) Modeling Challenges(3) Domain Challengesand (4)AgentBased Reasoning
Challenges to aid in the interpretation of the aggregate data set. Henceforth, we refer to the 14
initial catagemgioes ead® 0¢% ub h dsfiaitiois@am exantplesoohh d c a't
thedifferenttypes of challenges are explained in detabattiond.3.2

To establish reliability, two researchers unaffiliated with the study coded all the interviews
independently, usinghe described coding schem&o determineinter-rater reliability, the
researchersvere first asked to determine the challenges and frequency counts for Activity 3, 4,
and 5 from Sarads video data. Both -dewetlbpeds r e a
codes (91.15% and 96.46% agreemediice reliability with the researcher codes was established,
the coders were asked to code a different student to test theiratgtereliability. The interater
reliability between Coder 1 and Coder 2 yield
i mpl yi ng a orater relibility catind. @hen, the ceders divided up the work of coding
the remaining 12 student videos. Once the challenges faced and scaffolds received for all 15
students were extracted from thideo files, we computethe average number of challenges of
each type per activityn order to better understand the relations between different types of

challenges and how the challenges varied across learning activities spanning two domains.
4.3.2 Challenges faced and scaffoldsquired

Our analysis of the oren-one interviews producddur primary categories and 14 subcategories
of challenges students faced when developing and testing their metg)€TSIM v1 (Basu et.
al, 2013; Basu et.al., in reviewyhichare summarizeds follows:

a. Domain knowledge challengeslated to difficulties attributed to missing or incorrect
domain knowledge in science. Given that these challenges wereongutational in
naturethey were not studied in furthdetail.

b. Modeling and simulatioshallengesvere associated with representing scientific concepts

and processes as computational models, and refining constructed models (partial or full)
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C.

based on observed simulations. More specifically, these challenges included difficulties in
identifying the relevant entities in the phenomenon being modeled; specifying how the
entities interact; choosing correct preconditions and initial conditions, model parameters,
and boundary conditions; understanding dependencies between different parts of the mode
and their effect on the overall behavior; and verifying model correctness by comparing its
behavior with that of an expert model. Subcategories of these challenges could be classified
as: (1) challenges in identifying relevant entities and their inferest(2) challenges in
choosing correct preconditions; (3) systematicity challenges; (4) challenges with
specifying model parameters and component behaviors; and (5) model verification
challenges).

Agentbased thinking challengésStudents facedifficultiesin expressing agent behaviors

as computational models, difficulties in understanding how individual agent interactions
lead to aggregatievel behaviors and the consequences of agent behavior changes on the
aggregate behavior. Therefore, the subaateg of challenges have been called: (1)
thinking like an agent challenges; and (2) agagdregate relationship challenges.
Programming challengés Students had difficulties in understanding the meaning and use
of computational constructs and other uwak primitives (for example, variables,
conditionals, and loops). They had difficulties in conceptualizing agent behaviors as
distinct proceduresand some could not figure dabw to compose constructs visually to
define an agent behavior. Additional dfilties were linked to the inability to reuse code,

and to methodically detect incorrect agent behavior, find root causes, and then figure out
how to correct them. The programming challenge subcategories were: (1) challenges in
understanding the semanticd domainspecific primitives; (2) challenges in using
computational primitives like variables, conditionals, nesting, and loops to build programs
(i.e., behaviors); (3) procedurality challenges; (4) modularity challenges; (5) code reuse

challenges; and) debugging challenges).

These four types of challenges are not mutually exclusive. For example;bagedt thinking

challenges could also be considered as modeling and simulation challenges, but specific to the

agentbased modeling paradigm we have &ypd in CTSiM. However, tisi categorization still
offers ease of aalysis and reporting. Table€d 4, 5 and 6 describe thedlomain knowledge,

modeling, agenbasedthinking, and programming challenges respectively, along with
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categories of challengeshere applicableexamples of occurrence of the challenges from the
kinematics and ecology unjtand scaffolds provided by the experimenters to help students

overcome these challenges.

Table3. Domain knowledge challenges and scaffolds

Challenge | Description | Kinematics unit | Ecology unit | Scaffolds provided
examples examples
Domain Difficulties | Difficulty Lack of prior| Explainformal procedures for calculation
knowledge | caused by understanding knowledge provides definitions, explanations, an
related missing or| acceleration and it{ about the wastq examples of differenscientific terms and
challenges | incorrect relation to speed| cycle in the fish| concepts; Help connect domaiglated
domain how speed depend tank, the| theoretical concepts to learning tasks in
knowledge | on therollercoaster| chemicals and CTSIM environment; Rectify incorreg
segment slope the role of| knowledge using contrasting cases
bacteria creating cognitive conflict

Table4. Types of modeling and simulation challenges scaffolds

processes and actions

requires specifying

an initial velocity

to have duckweeq

Types of| Description Kinematics  unit | Ecology unit | Scaffolds provided
challenges examples examples
Challenges Difficulty identifying the | Modeling work | Difficulty Interviewer mints out
with agents, their properties aff done and energ) identifying types| the aspects of th
identifying their behaviors which | consumed instea( of environmentall phenomena that need
relevant properties a behavig of speed of thg components (in be modeledinterviewer
entities and| depends on and whic| roller coaster;| this cases, gase{ prompts students tg
their properties a behavig Difficulty that are neeckd to | think about the agents t
interactions | affects, and how differen understanding model procedure{ be  modeled, thei
agents interact with eag relation betweernf|l i ke 6 b r| properties and
other steepnessandspeg 6 e at 6 behaviors, and th
interactions  betwee
agents and agents an
their environment
Challenges | Difficulty in identifying | Difficulty Difficulty Prompt studemstto think
with choosing| and setting appropriat| understanding thal understanding thal about the precondition
correct initial  conditions and modeling a fish needs to b( necessary for certai
preconditions | preconditions for differen] acceleration hungry and need] functions/behaviors;

Encourage students 1
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present to bable

vary initial conditions

model output

to eat and test outcomes
Systematicity | Difficulty in methodical| Non-systematic Lack of | Encourage studemtto
challenges exploration; Guessing an| exploration and confidence abou| think about their goal
modifying the  code| testing of different model being built; the starting poirg and
arbitrarily instead of using turn  angles  tg Changing mode| their plars of action
the output behaviors to | generate a triangl{ arbitrarily in an
inform changes or circle attenpt to correct
errors
Challenges | Difficulty determining | Difficulty choosing | Inability to specify| Prompt students ot
with parameters for the visug optimal input| outcomes when ¢ make changes i
specifying primitive blocks in theC- | parameters tq condition is true| parameter values t
model World to producel generate clearly and when it is not| produce clearly visiblg
parameters | measurable and observal] visible outputs;| for example a fish outputs; Encourag
and outcomes, ang Confusion dies when there i§ testing outcomes b
component | understanding individua understanding no oxygen varying paramete
behaviors effects of different| effects of turn values
components of a cod| angle, speed u
segment on the behavior ( factor, and numbe
the entire code segment | of repeats on figurg
dimensions
Model Difficulty verifying and | Difficulty Difficulty Ask students to sloy
verification validating the model by comparing user an{ comparing  usel down the simulation tg
challenges comparing its behavio| expert rollercoaste| and expert fish make agent action
with that of the given models; Difficulty | tank models;| more visible; Point ou
expet model and| correlating model Difficulty the differences betwee)
identifying differences with simulation correlating the user and expt
between the models changes in thg models
model and
changes in use

Table5. Types of Agentased thinking challenges and scaffolds

Types  of| Description Kinematics Ecology unit | Scaffolds provided
challengs unit examples | examples

Thinking Difficulty in modeling a| Problem Difficulty Drawing on paper an
like an | phenomenon in terms of one | delinking turn| modeling explaining; Making  the
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agent more agents, their propertiq angle and how an agen{ students imagine themselv
challenges | and their associated sets | forward gains and as agents; Providing extern
distinct rules movement to| loses energy| tools and artifacts to hel
generate Problem understand and replicate age
shapes; delinking behavior; Enacting ager
Difficulty related behavior and making studen
understanding | actions T | predct such behavior
effects off6f ace Prompts to visualize agel
turning  with | does not meal behavior mentally; Reminde
respect to| going forward| that an agent does only what
different as well is programmed to do
headings
Agent Difficulty understanding tha] Did not occur | Difficult Reminder about differen
aggregate | aggregate level outcomes can understanding agents which can affect
relationship| dependent on multiple age that aggregatq particular aggregate leve
challenges | procedures and debugging su outcones like | outcome
a procedure requires checkit 02 levels may
each of the associated agq depend on
procedures; Difficulty multiple
reasoning about the role af agent
importance of individual agent procedures
in an aggregate system
Table6. Types ofprogrammingchallenges and scaffolds
Types of| Description Kinematicsunit | Ecology unit | Scaffolds provided
challenges examples examples
Challenges Difficulty  understanding| Difficulty Did not occur Step through the cod
with semanticg the functionalityand roleof | understanding and explain  theg
and executior| various visual primitiveq how 6 r i @ functionality of
of domainrr | and  their execution 6 s peed primitives by showing
specific semantics blocks workand their behavior in the
primitives how to use thenm E-World; Explain
correctly correct syntax for
primitives
Challenges Difficultly in understanding| Difficulty Difficulty with | Explain concept of &
with the concept of variableg coordinating conditionals and variable using
computational | iterativestructures ofl loops and turn nesting conditional§y examples; Explair]
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primitives like

loops, conditionals and hoy

angles to

to represent multiplg

syntax and semantic

variables, and when to nesg generate shape{ preconditions which of loops and neste
conditionals, | conditionals within othel understanding | needed to be satisfig conditions using cods
nesting, and conditional statements what it means tq simultaneously snippets and thei
loops increase the enactment
speed by the
6steepn
variable
Procedurality | Difficulty specifying a| Did not occur | Difficulty specifying | Prompt studemst to
challenges modelingtask as a finite se behaviors like eat| describe the
of distinct steps, an breathe as a | phenomenaandbreak
orderirg the steps correctl computational the phenomenainto
to model a desired behavic structure made up of | subparts and th
small set of primitive| individual steps
elements within each subpart
Code reuse Difficulty identifying | Did not occur | Difficulty Prompts encouragin
challenges already written similar codq understanding  tha analogous reasoning
to reuse and understandir 6br eat he d | Making students think
which parts of the simila for Nitrosomonas an¢ about what similar
code to keep intact an Nitrobacter bacterig procedures they hayv
which to modify are similar and can b| already written
reused
Modularity Difficulty in separating thel Did not occur | Difficulty modeling | Prompt students t
challenges behavior of the agents int t he f i sh |think about which
independent procedures 6swi mod bl function/behavior
such that eaclprocedure separately in differen| they are currently

executes only ong¢
functionality or aspect o
the desired agent behavic
othe

independent  of

functionalities in  other
procedures along with
difficulty remembering to
calllinvoke each of the
proceduresfrom the main

procedure or program

procedures (Though
eating and swimming
together is possible i
life,

red modeling

calls for distinct

procedures);
Forgetting to call
procedures from thg

main 6Gob

modeling and whethe
their code pertains t

only that function
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Debugging Difficulty in methodically | Difficulty Did not occur Prompt students t
challenges identi fyi ng |testing and walk through their|
unexpected outcomes in tl| correcting codes andhink about

program, determining thei
underlying causes
removing the bugs an
testing to verify the

removal of the bugs

behavior of one
rollercoasger
segment at &

time

which part of their
code might be
responsible for thg
bug; Help break dowr
the task by trying tg

get one code segme
to work before

moving onto another

4.3.3Number of challenges and their evolution across activities

As further analysis beyond the different types of difficulties studentsl f@ben working with
CTSiM, and the scaffolds whidielpedthem in such situations, we also studied how the frequency
of challenges varied across learning activities in one domain and across domairenalysss
helped understand the complexities associated with different learning activities and the variation
in support required in these activities.

First, we ran amgglomerative completink hierarchical clustering algorithm to see how
the students grouped based on their challenge frequency profiles per activity. The results showed
that the students generally exhibited similar challenge profiles with the exceptae student
Figure7 shows the challenge profiles of the two clusietbe average challenge profile for the
similar group of 14 students, and one outlier, a single student who seemed to face many more
challenges than the rest of the students. Thidesituneeded more scaffolding than the other
students, and several challenges had to be scaffolded more than once before the student could
overcome those di ff-estandstandasdized Stiwelstestsscoresiveeret 6 s p
much lower than thaof the other students, which may explain why the student had a significantly
higher number of challenges initially. Though this student had multiple challenges that persisted
through multiple activities, the number of challenges the stuideaticame abser to the number
of challenges the others faced at the end of the kinematics (Activity 4) and ecology units (Activity
7) . that of
pre-post gains higher than mosttbe students.

Similarlyteshessbudenabsopmat ched
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Figure7. Students clustered according to their number of challenges per actithty initial
CTSIiM study

Next, we analyzed how the average number of challenges per student varied across the
kinematics and ecology units and across tbivities in each unit. The average number of
challenges for an activity is calculated as the total number of challenges for all 15 students for an
activity divided by 15. This number depends on new challenges that students face in an activity,
as well aghe effectiveness of scaffolds received in previous activiiieenever students faced
challenges in an activityhe researchers provided scaffolds through conversations to help them
overcome their challenge#f the scaffolding was successful, studentsuld be more likely to
overcome future occurrences of these challengebeir model building and checking tasks.
However, we did obsena&udents encounterirggmilar challenges later in the same activity or in
subsequent activities, and, thereforedstusreceivedthe samer similarscaffoldng more than
once. Latteconversations associated wataffolds often started with a reminder thatsbaffold

had beemrovidedearlierwhen the student faced the same challenge.

Average number of challenges

25
20
15
10

an . lll
U_II.IIII__|

Activityl  Activity2  Activity3  Activityd  ActivityS  Activity6  Activity7

Figure8. Variation of aveage number of challenges over activiireshe initial CTSIM study
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Figure8 shows how the average number of challenges varied across the different activities.
The number of challengegnerallydecreased across similar activities in the same domain. For
example, the number of challenges decreased through the progression of shape drawing activities
(Activities 1-3); similarly, thechallengesdecreased from Activity 5 through Activity 7 for the
ecology units. The challenges increasdtn there was anstion from onedomainto another
(Activity 4 in kinematics to Activity 5 in ecology) and between problem types in a domain
(Activity 3 to Activity 4 in the Kinematics domain). The increase in challergas because
Activity 4 (the rollercoaster activity) troduced a number of new modeling and programming
challengesthat the students had not encountered in the previous. diiés complexities of
modelng a real world phenomenorequired that the studengccountfor all of the relevant
variables such aghe steepness of the rolleoaster ramp. In addition, this was the first activity
where the studentsod simulation model behavior
Studentsrequired a better understanding of the simulation output, which wasntgésas a
combination of an animation and graphs. Moreover, this activity was more challenging from a
computational modeling viewpoint, because mdgldingrequiredtheuse of nested conditionals
and variables. Students were experiencing these congnabtioncepts for the first time, and this
explained the increase in the difficulties they faced. Similarly, when students progressed from the
Kinematics domain to the Ecology domain, Activity 5 (the dishk macro model) introduced
additional complexitieattributed to the change domain.For examplestudents had to scale up
from a singleagent to a mukagent modelActivity 5 also involved modeling multiple behaviors
for each agent, and students had to figure out how to modularize behaviorspfpteexahat to
include in the fish 6eatdé behavior ivadéishbass t he
to swim to its food before it can ghe food.

The average number of challenges students faced in an actjthyssa function of the
complexity of the activity and the effectiveness of the scaffolds received in previous activities.
Since we found an increase in average number of challenges in Activities 4 and 5, we further
reviewed the coded student videos to analyze whether the cleallerege new ones related to the
new complexities introduced in the activities, or whether they were old ones resurfacing despite
previous scaffolding. Our analysis showed that a number of new challenges were introduced in

Activities 4 and 5, though a fewgviously observed challenges also resurfaced in the context of
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the more complex activities. For Activity 4 (RC activity), students faced several new challenges
in:

1 Modeling 1 Difficulties in comparing user and expert models, difficulties in setting
preconditions and initial conditions, and modeling aspects that did not need to be modeled,;

1 Programmingi New challenges included difficulties in understanding the concept of
Ovalreadb, di f f itandihgtthe sseamantics afonditidnals and nesting of
conditionals, difficulties in debugging and testing the code in parts;

1 Domain knowledge difficulties included understanding that speed varies based on angle
of the roller oaster track segment, and difficulties in understanding how rollercoaster
motion can be characterized by acceleration and speed.

Similarly, the increase in challenges from Activity 4 to Activity 5 can be attributed to

a set of new challenges in:

1 Programning 1 difficulties covered the inability to decompose behaviors into separate
procedures, define procedurds u t forget to call them fr om
challenges in decomposing a behavior into a sequence of steps;

1 Domaini difficulties includedmissing or incorrect knowledge about what duckweed feed
on, and what increases and decreases fish and duckweed energy;

1 Agentbased thinking difficulties in understanding energy states of agents, difficulties in
understanding that aggregate outcomes degoend on multiple agent procedures.

Next, we looked at previously observed challenge categories which resurfaced and
increased in Activities 4 and 5. In Activity 4, the only previously observed challahges
increased with time were the programmingltdmge related to understanding the syntax and
semantics of domain specific primitives, and the modeling challenge related to model validation.
Facing challenges with respect to understanding domain specific primitives seems understandable
in the wake ohew domain knowledge and related domain knowledge challenges. Also, Activity
4 marked the first time students had to perform model validation by comparing their model
simulations against expert simulations, and had to compare the two sets of animatatsaad
assess the correctness of their models. Similarly, in Activity 5, there were a few challenges
previously observed in Activity 4 which resurfaced and increased. For example, programming
challenges related to use of CT primitives increased, asndideling challenges related to

identifying relevant entities and their interactions, choosing correct preconditions, and specifying
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model parameters and component behaviors. A new domain, increase in domain complexity, and
dealing with modeling multiple @&pts and multiple behaviors for each agent seem to have been
the primary contributors. Further, the size (number of blocks contained) of thadigio expert

model was about thrice that of the expert retleaster model, increasing the probability ofrfigc

various difficulties in this activity (Activity 5). Challenges with using CT constiulike
conditionals resurfacing in the context of complex domain content emphasize the need for further
practice and a more holistic understanding of the construcartunately, we did not study
computational learning gains using pend postests in this initial study, but they may have
indicated that students needed repeated practice in different contexts to gain a deep understanding
of the computational consicts. Using Figures8-11, we investigate these issues further, by
analyzing the data available from this study to study how the four primary categories of challenges
individually varied across activities.

Figure9 shows that students generally had fewdifiadilties with domain knowledge in
kinematics (Activities ), than in ecology (Activities &). For kinematics activities, the
challenges did increase with the introduction of new dorspétific conceptdike acceleration
and the operation of a rolkeoaster. But there was a sharp increase in the number of challenges
when students had to deal with multiple agents and their interactions in the macro and micro fish
tank activities. The difficulties wereinfurthe

ecology as indicated by their low ecology-{est scores.

3

Activity 1 Activity 2 Activity 3 Activity 4 Activity 5 Activity 6 Activity 7

=2}

Domain knowledge
challenges
A8} £y

o

Figure9. Average number of domain knowledge challenges over time

Programming challenges show a similar trend as seen for average number of challenges in
general in Figure3. Figure 10 shows that students initially had problems with understanding
computational primitives, such as conditionals, loops, nesting, and variables, but these
programming challenges decreased from Activit@. 1Activity 4 introduced a new type of

programmingchdlenge r el ated to checking and debuggin
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expert simulation. Also, challenges with understanding primitives increased due to the number of
new primitives (domakbased and computational) introduced in Activity 4. Anothgrchallenge

in Activity 4 was constructing nested conditionals to model roller coaster behavior on different
segments of the track. In Activity 5, there were new types of programming challenges related to
modularity and proceduralitysince the fish tan macremodel required students to specify
component behaviors as separate procedures th
However, challenges with understanding conditionals, loops, nesting, and variables also increased,
though thee conceptsvere not new to this activity. The reason for the resurfacing of old
challenges may be explained by the increase in the complexity of the domain content in this activity
(see Figur®), making it harder for the students to translate the domain contenbmjmutational
structures. Overall, for both kinematics and ecology units, the programming challenges decreased
over time across activities in the unit unless an activity introduced addition complexities.

Similarly, modeling challenges (see Figutg&) increase in number in Activity 4 for
kinematics and Activity 5 for ecology. Initial difficulties were related to systematicity, specifying
component behaviors, identifying entities and interactions, and model validation. In Activity 4,
modeling a reaWorld system introduced new challenges related to choosing correct initial
conditions. Students also had the additional task of verifying the correctness of their models by
comparing against expert simulation behaviors. For Activity 5, although the avenaipemof
challenges increased there were no new types of modeling challenges. Existing modeling
challenges resurfaced in light of the sharp increase in deknawvledge related challenges.

However, when students switched to the-tishk microunit (Activity 6), they had overcome most

of these challenges.
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Figure10. Average number and type of programming challenges over time
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Modeling challenges
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B Model validation
B Specifying model parameters and component behaviors
Systematicity
B Choosing correct initial conditions
B Identifying relevant entities and interactions

Figure 1. Average number and type of modeling challenges over time

For theagentbased thinking challenges (see Figli?® chalenges went down with time
in both the kinematics and ecology units. Since the kinematics models had single agents, the
challenges related to ageaggregate relationships did not occur in Activitie$. Unlike the other
three categories of challenges, thember of challenges did not increase in Activitypdssibly
because Activity 4 did not introduce any new ageaged thinking related challenges. However,
the agent based thinking challenges resurfaced in Activity 5 when students were required to model
multiple new agents, and modeling multiple agents caused the number of challenges to increase
sharply. Like other types of challenges, students were also able to overcome most of these

challenges by Activities 6 and 7.

6
4 ﬂ
0 T T T T T T

Activity 1 Activity2  Activity3  Activity4  Activity 5 Activity6  Activity 7
B Agent-based thinking B Agent-aggregate relationships

Agent based
thinking challenges

Figure 2. Average number and typd agentbased thinking challenges over time
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4.4 Critical summary and implications for modifications to the CTSiM environment

In summary, this research study payan important role in evaluating the initial version of
CTSiM, and documenting and analyzitige challenge$aced bystudents when integratin@T
with middle school science curricula using CTSil We showed that thatervention produced
significantsciencelearning gains in kinematics and ecoladgmains, especially when students
were individually scaffolded by members of our research team based on their challenges in the
CTSiM vl environmentThese gains could lm®nsidere combined result of a numbaffactors
like the CTSIM vl system design, the activity progression from more simple, saggat
modeling activities to more complex, mudtyent modeling activities, and the emeone
scaffolds provided to students whenever they faced difficul@es. analyses show that the
scafolds generally helped reduce thallengesfaced bystudents as they worked through a
progression of activities in one domain, though some challenges resurfaced after initial
scaffolding primarily in activities where the mober of complexities increased in comparison to
previousactivities

Our results also contribute to the literature on CT at #H2HKeve| wherelittle is known
about studentso difficulties anlhsedevirenmesp ment a
especially Ctbased environments that promote synergistic learr@ug.resultsshow that any
learningby-design CTtbased envimoment needs to build in suppddr programming, domain
knowledge acquisition, and modeling tasks. Also, challenges are utoglhy exclusive, and
taking this account may lead to developing more effective scaffolds. Programming and modeling
challenges can be compounded by domain knowledge related challenges and can resurface in the
context of new domain content. Therefore, &idf also need to focus on contextualizing
programming and modeling scaffolds in terms of domain content.

In spite of beingan initial usabilitystudywith a small sample sizé&his study servas an
important first step towards making decisions ondioas for redesign and further development
of CTSiM v1. While the challenges identified may not be a comprehensivandtould possibly
be categorized differentlyhe speciit challenges and scaffoldge identified in this study played
a vital role inlaying the groundwork for redesigninige CTSiMv1 environment and integrating
adaptive scaffolding to help students simultaneously develop a strong understanding of both CT
and science concepts. We hastantially modifiedhe CTSiMv1 interfaces and aded new

toolsandfeatures o hel p all eviate some of the studyudent s
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For example, to help students deal with their modeling challenges related to representing
a science domain in the mu#tigent based motieg paradigm (MABM) and identifying the
entities in the science domaamd their interactions, we have modified the model construction
process in CTSIM by making students model at two levels of abstraction, starting with a more
abstract conceptual model the domain. Wehave developed new interfaces to help students
conceptualize science phenoraeén the MABM paradigm, before they start constructing their
computational models in thguild interface The existingd Bu i | d 6 has alsb leeenfmadified
requiring students to conceptualize each agent behavior as asstmsecess (properties that are
sensed and properties that are acted on) before building the block based computational model for
the behavior. We have added dynamic linking between thesesggpations for conceptual and
computational modeling, emphasizing important CT practicdecdmposing a taskjodeling at
different levels of abstractions and understanding relations between abstractions.

Also, to help students overcome their domairowledge challenges, we hadeveloped
hypertext science resources for the kinematics and ecology amitsnade them available in the
CTSiM environmentSimilarly, to help students with understanding programming constructs, flow
of control, and the agertased modeling paradigm, we hawade availablea second set of
hypertext resources, whi clmadditeon weahae adddd ¢odtsd Pr o g r
help students check their understanding of important science and CT concepts through multiple
choice based formative quizzes

Further, we have been working on adding scaffolding tools to support students in their
model validation and debugging tasksr instanceywe have addethodel tracingcapabilities so
that students can step through each @nogning construct in their models and observe the
individual effects of each of the constructs on the student model generated simulations. Similarly,
we have added a code commenting featwieere students can opt to uncheck or comment ou
certain sectionsf their model to observe effects of individual programming constructs or code
snippets. Also, we now provide students with the opportunity to compare their model in parts by
comparing one or more agent behaviors at a time.

Finally, besides making substantial modifications to the CTSiM environment by adding
new interfaces and tools, we hadesignedadaptive scaffolding thaccouns for how students
use the different tools and combine information from the different intexfacd helps students

based on their observed deficienciags using good modeling strategies and building correct
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science modelsVe haveconducted research studies with this newer versionT&il@ used in

classroom settingsand foundthat the modifiedenvironment along with the adaptive scaffolds

result in higher learning gaitisan those in our initial study where students received individualized
oneonrone verbal scaffolds from human researcher
and performaces with and without the adaptive scaffolding, and demonstrated the effectiveness

of the adaptive scaffolding framework in tern
modeling performances and behaviors. Chapters 5 and 6 describe the modsficetd®to the

initial CTSIM environment based on challenges observed innitiasl interview-based study, and

Chapter 7 reports the research study conducted to evaluate the effectivenesswhtlesigned

adaptive scaffolding framework.
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CHAPTER 5

Modifications to the CTSIM environment: Systembasedscaffolds

I n order to help alleviate some of studentso
a number of design revisions to the existing CTSIM environment. This included implementing

new interfaces, modifying old ones, and adding a pedagogical mentor agent and new tools and
features to scaffold di-by¥nodekngprocesseq iegibfamation st u
acquisition, model construction, and model verification. lditazh, logging functionalities were

added so that more details of studentso acti
environment, such as temporal information and context in which the actions were performed could

be captured for post hoc dyses. We wil] henceforthrefer to this new version of the system as

CTSIM v2. We developed CTSIM v2 by iterative refinement of CTSIM v1, influenced by
observations and analyses from research studies using CTSiM v1 and intermediate versions of the

CTSiM environment.

5.1 Multiple linked representations for model building in CTSIiM

We modified the model building task in CTSIM to help students overcome their modeling
challenges identified in the previous chapter. These challenges related to identifyingtreleva
entities, their poperties, and their behaviorand choosing the correct preconditions to model
agent behaviors and interactions among the entities in the system. To deter students from using a
trial-anderror approach to modeling the agent behavisnsguprogramming blocks, we extended
the model building task to include two linked representations (Basu, Biswas & Kinnebrew, 2016).
Students start withn abstract conceptual representation of the domain, where students explicitly
identify the entities tht make up the domain, addfine their behaviors andteractionsAs a
second step, studenieverage the conceptual model structures to construct -basid
computational models that represent individual agent behaviors. Thoerghetkists an implied
hierarchical structure between the two representations, we allow students to switch between the
representations so that they can construct and refine their models in parts.

It has been hypothesized that multiple external representations (MERs) facilgate t
development of a deeper understanding of science phenomena, something that is harder to achieve
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with single representations (Ainsworth, 2006). The ability to construct and switch between
multiple perspectives in a domain helps learners build abstractiaat are fundamental to
successful learning in the domain (Ainsworth & van Labeke, 2004). Furthermore, insights
achieved through the use of MERSs increases the likelihood of transfer to new situations (Bransford
& Schwartz, 1999). However, studies on thenefits of MERs have produced mixed results,
possibly due to the cognitive load that is imposed on novices when they work with MERs (Mayer
& Moreno, 2002; Ainsworth, 2006). Learners have to understand the constructs and semantics
associated with each resentation, while also discovering the relations between these
representations. Studies have shown that learners tend to treat representations in isolation and find
it difficult to relate, translate between, and integrate information from MERSs, (van de e

Jong, 2006). To derive benefits from MERS, learners need additional support. Some common
forms of support include an integrated presentation of the MERSs that includes dynamic linking or
translation between them (Ainsworth, 2006; Goldman, 2003}.TI8iM v2, we provide support

for integrating and maintaining correspondence between the conceptual and computational

modeling representations in a number of ways as explained below.
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Figure B. The conceptual modeling representation in CTSiM v2 for ttring the domain in

terms of entities, their properties, and behaviors
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In the CTSIiM v2 conceptual model representatiamown in part in Figure 13tudents
model the science domain usiagvisual editor to identify the primargntities agents and
environmental elemenj}sn the domain of study, along with the relevant properties associated with
these entities. Students also identify agent behaviors and represent the bemanoabstract
form as sensact models by specifying the agent and environmpesgertieghattrigger the agent
behavior, and the agent and environment properties that are affected as a result of the behavior
Representing agent behaviors as satsenodelelps identify the different interactions between
agentsas well ashetwed agents and environment elementsthe Ecology activity involving
modeling a fish tank 0 fepresdnt@&n agent witlrelevanppr oper ti es | i ke Ohung
and behaviors | i;ledd @& gepresentssa remvirodmeny elem@nt with
proper tameusd lainkde 66c | e an-f e @ @ 8 s bam beddkfiean Bskerise the
proper thivensg ed féi sahn-e x idtuekwe®&,d ansuchadf iesmler gy 6pe
and O d wcekavHahweed@r, ths representation abstracts several detdilsgent behaviors,
e.g.,how and when the different properties are actedlbese details are captured in the agent
behaviors modeled using the blelsised visuatomputationalanguage we have developed for
CTSiM.

Students construdtheir computational modelsn CTSIM v2, using the same block
structuresand drag and drop interface as in CTSIM v1. Also, like in CTSIiM v1, the palette of
programming blocks include domainspecific and domahgeneral constructsHowever, a
primary difference in CTSIiM v2 is thate properties specified in the sesasx conceptual model
representation for an agent behavior determine the set of demegific primitives available in
the programmingpalette forconstructing the compational model fothat behavior. Thisexplicit
link helpsstudentgake a topdown approach to building behavior models, which in turn, helps
themgain a deeper understanding of the representations and their relationships. For example, the
Owanderibs balvoaciki a bd vei mén ktehhda woi fbibschdt i shdé i s spec
acted on property for the behavior. CTSIM adopts a simggenal representation for specifying
the agenbased conceptual and computational modeling constructs, amseast framework
that help students focus on concepts associated with a specific science topic, while also
accommodating CT constructs that apply across multiple science domains.

Figures 13 and 14depict the modeling representatiofRggure 13 represents part of the

conceptual modeling interfaBen o wn Maoslebt h en {\éherd saudesets structure the science
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topic in terms of its entities, and their properties and behawasre 1l4represents a combined
conceptuatomputational interfag&known &  tBluikeld 0i n tfoe mddelig egent behaviors
(6ffiesehd 6 i n this case) . Tiacohceptual reoreseéntatmm whild d e p
the middle panel shows the computational palette, and the right panel contains the student
generatedomputational model. The sidgy-side placement of the representatiena conscious

design decision tprovide integrated presentation support and is based on the fact that learners

find it easy to understand physicalhtegrated materiatather than eparately presented material
(Chandler & Sweller, 1992).
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Figure M. The linked conceptuadomputational interface for modeling agent behaviors in
CTSiM v2

To further aid the integration, the red/green coloring of the sattgeroperties (see Figure
14) provides students with visual feedback about how closely their computational models for an
agent behavior correspond to their conceptual model for that behavior. Initially, theasense
properties are colored red. As students build their computatiortdlrand add sensing and action
blocks that correspond to these properties, they change color from red to green (another example
of support provided by the dynardioking). For example, in Figure 14, the student has
conceptualized that £amount needs toebsensed for the fisteed behavior. However, the

computational model does not include this information and hémegroperty is colored red. In

7C



such cases, students can verify individual agent behaviors and decide how to refine their
computational andfaconceptual models.

Besides emphasizing conceptual understanding of science topics before modeling them
computationally, this interface redesign operationalizes the important CT concepts of
decomposition, abstraction, and understanding relations betwestracions. It provides a
systembased scaffold for helping students understand two modeling representation at different
levels of abstraction, decompose their modeling task between the two representations, and
maintain correspondence between the twoesgmtations.

5.2 Information acquisition tools

In addition to providing systetbased scaffolds for the model construction process, the CTSIiM v2

environment also contains tools for acquiring information needed for successful model

construction. In past work, we observed that students faced challesegeSection4.3.2)in

understanding science content (domain knowledge challenges) as well as the semantics and use of

computational constructs (programming challenges). To facilitate and support student learning, we

developed separate resources for progditudents with the relevant science and programming

information.CTSiM v2 includegwo sets of searchable hypertext resouraeSgience Bodwith

information about the science topic being modeled aaRidégramming Guidé  winfdrnimation

about agenbased conceptual and computational modelimdjuse of CT programming constructs

Whi |l e t he c BrogrammingsGuidgéf rtelhmeai @ constant across

l earning acti vi t Boesce Botkh ev aad g/n ti enn tasc scncdtapice ed wi t

being model ed. Fi gur e Prbdggammindg Quidét rr aetseosu rac epsa, g ew hfir

16 shows a s am§Bciemce Poakg  ofrr drh et Ee&e 04 ogy wuni t .
Currently, both sets of resources contain-ageropriate text with embedddnyperlinks

and images. Some of the resource materials also include simulation code or animations that

students can rurBoth sets of resourcedso include a search functionality where students can

search for pages with information about a particulanter phrase. Students can navigate to

resource pages by following the table of contents, the hyperlinks on pages, or the search results.

Details of the CTSiM v2 science and CT resources are contained in Appendix A. Students need to
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combine and apply inforation from both these resources to successfully build their -bgeset

computational models of science topics.
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In the previous example, we said "When it is raining outside, play video games indoors.
Otherwise, play football." So we play football whenever it is not raining, that is to say, when it is
cloudy or sunny.

But what if we want to play football only when it is cloudy? What if we want to go to the beach
when it is sunny? There are many situations like this, where we want to sense more than 1
condition. Is there a way to express these complex "sense-acts" with the "When... Do...
Otherwise do..." block? Yes, like this:

When:l It is raining outside

Do:

| Play video games indoors |

Ihen: | It is sunny outside

| Go to the beach

I Play football

Otherwise do:

When it is not

raining outside,
check whether it is
sunny.

Otherwise do:

Figure B.
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6Sci

CTSIM v2 also offers students opportunities for checking their science and CT

understanding through formative quizaekninistered by a mentor agémiroducedn the system

named Ms. Mendozal his mentor agent is positioned on the leftmost panel of i8I v2
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environment (see Figures-18), and students can opt to seek help and talk to her at any point
during the modeling activitp y cl i cking on the O6Letds talkoé bt
During a conversation between a student and Ms. Mendal other CTSiM functionalities are
temporarily made unavailable to the student till the conversation is over.

If a student decides to take a new quiz during a learning activity, Ms. Mendoza chooses a
set of multiplechoice questions based on scieaod CT knowledge needed for the activity the
student is working on, and grades studentso r
quiz question administered by Ms. Mendoza. If the student makes a mistake on a question, she
points out the releant page from the science or CT resoutbasneeds to be read. Students can
choose to take none or multiple formative quizzes in each unit. They can also review their last quiz
taken and agent feedback received, or retake the questions they got wiihieg ¢ast quiz to

improve their score.

= CTSiM @ Vanderbilt University -

_[ Pre-Post quizzes |

3
I

@ @ Challenge: Mastering the Fish-tank Macro unit

Ariel writes the following code: When: it is after 7pm[Do: turn on the lights, play games indoors.
Otherwise: play games outside]. According to Ariel's code, which of the following statements is
correct?

Ms. Mendoza

U It is 6:30pm. Ariel will play games indoors.

It is 7:30pm. Ariel will turn on the lights, and then play games indoors

U It is 8:30 pm. Ariel will play games indoors, and then turn on the lights.

U It is 9pm. Ariel will turn on the light, then play games indoors, then play games outside

| submit Answer |

Figure I7. An example formative assessment quiz question administered by Ms. Mendoza in the
CTSIiM v2 environment

A

Based on studentsd responses during an ac
st ud e n tieaciies on thedifferent set of science and CT concepts and knowledge components
needed for the activity. Studentsod proficien:
through their answers to questions testing the concept. Once a student dersansiextganding
of a concept by answering three questions related to the concept correctly, Ms. Mendoza infers

that the student understands that concept, and moves the student to another concept. If a student
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demonstrates proficiency on the entire setoxdérece and CT concepts linked to an activity, Ms.
Mendoza informs the student that s/he has mastered the necessary concepts and needs to focus on

applying them to build the correct model.

5.3 Model debugging tools

In order to help students with a numbeétheeir challenges described $ectiord.3.2 (Basu et. al.,
2013) related to modularizing and debugging agent behaviors (programming challenges),
specifying model parameters, understanding model component behaviors, systematically verifying
models (modefig challenges), and understanding agagregate relationships (agdrased
thinking challenges), CTSi M v2 pr BuldéidrRu@, st ude
anompar® i nterfaces. All the tool s desenpats,si gne
understand the effects of individual agents, agent behaviors, and individual programming
constructs within an agent behavior.

When students buil d t heBulldd cio mpeach black tbey a | mo
drag from the programmingaletteonto the nodel building panés appended with a chewfix
containing a tick marksee Figure 4). Programming blocks with a ticked checkbox are included
in the student model to be executed. CTSiM v2 offers students the opportunity to comment out
one or more programming blocks by unchecking the botes supporting execution of subsets
of the student modeTlhiscommenting featurkelps students easityodify their models and better
understandhe effects of particular programming blocks or cogt@ppets without having to
physically add and remove blocks

In addition theCTSIMv2&Rurd i n tsyppoftsarmadel tracing, meaning that the system
can highlight each primitive in the studérinode| as it isexecutedand visualized as an agent
basedsimulatonFi gure 18 il lustrates the current ORuUT
6Traced6 functionality on or off. Once the O6Tr
allowed to choose whether they want to trace all their codeparticular procedure, and whether
they want to trace all agents, or one of each modeled-agentor a particular watched agent. For
example, in Figure 18, the tfhariandg edp tpirorc eldaiy
of each agentype In order to achieve normal speed of executiaring model tracing, each visual

primitive is translated separately to NetLogo code viadefinterpreter, instead of the entire user
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model being translated to NetLogo code. Sudiesnscaffoldsformakig al gor i t hms Al |
directed at helping students better understand the correspondence between their models and
simulationsand the effects of specific model components and parameter values, in turn supporting

identification and correction ahodel erors.
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Figure BThe CTSi M v2 ORundé interface with mo

Furthermore we updated h €omparé interface where students verify their science
models by comparing their model simulations against provided expert simulaiiog8gV v2
allowsstudents to compare one or more agent behaviors at a time against the corresponding set of
expert behavior(s), instead of having to always compare their entire model against the entire expert
model. We believe this feature will be particularly usé@fucomplex units with multiple agents
and multiple agent behaviors where testing in parts can prove to be ansééliverification and
debuggingstrategy.Figure Bi | | ust r at e €ompan€e imotdd rffi eade 6i n CTSi
checkbox allowing stushts to compare a subset of agent behaviors. The checkbox is not ticked
(set to false) by default, meaning the entire student model will be compared against the entire
expertmodel If a student chooses this option, they are provided with a list of agleawiors they
have specified in thé Mo dirgelrfae, and are required to choose one or more agent behaviors to

compare from this list.
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5.4 Summary

t h

f

In summary, extensive design modifications were made to the initial CTSiM v1 interface based on

studentsé observed chall enges ,(wBichesulteeinthe a |

development of CTSIM v2. The modified learning environment echfd s

building processes using desired CT practices, presitelents with the information required for

u

stud-ent séb

building agenbased conceptual and computational models of science topics, and supports

students with their model verification and dgbing tasks. Additionally, CTSIM vZadded

functionality for more detailed logging of student actions. As students use the different interfaces

and tools available to them and interact with the mentor agent, all their actions are logged in

sequence along ti associated temporal information and other contextual information relevant to

analyzing student behavior that can be inferred from the action sequences.

For example, if a

student drags and adds a bl ock to damurestheodel ,

systemtime when the action occurred, the agerdcedure which was being modeled, the name

and category of the block added, whether the block was added as a parent block or as a parameter

for another block, and the resultant state of theesttimhodel. This log data will help analyze

student séb |l earning behaviors and

assessment measures beyond conventionalapiek posttests. Details of podtoc assessments

using studenbovadédinlCbapterd.at a are pr
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CHAPTER 6

Modifications to the CTSIM environment: Introducing adaptive scaffolds

While the CTSIM v2 design incorporates a number of scaffolds for information acquisition, model
conceptualization and construction, and model assessmevite learners may stilfind it
difficult to useall of the tools and scaffolds in an effective martodyuild and verify their models

The learning environment is opemded meaninghat students can exercise their choicethe

way they decomposelan, sequence, and solve their given tasks

Openended learning environments or OELE¥grebout & Elen 2008; Land et al., 2012;
Land, 2000) are learneentered computer environments designed to support thirdiegsive
interactions with limited exteal direction. OELEstypically provide a learning context and a set
of tools to help students explore, hypothesize, and build solutions to authentic and complex
problems. The complex nature of the problems requires students to develop strategies for
deconposing their problem solving taskgply them talevelop and managenerateglans, and
thenmonitor and evaluatthe solutionghat evolve from their planghus, OELEs offer powerful
learning opportunities for developing metacognitive anttregulation strategie€Schwartz &

Arena, 2013 all important components to prepare students for future learning (Bransford
&Schwartz, 1999). However, the opended nature of these environments andatge number

of choices for generating solutioasailableto novicelearners producesignificant challenges
Novice learners may lack proficienogyusng system tools anthe experience and understanding
necessary toegulate their learning and problem solvinghe environmentAs a resultjearnes

tend to adopt suboptimal learning strategies and make ineffective use of system tools, often failing
in their operended learning tasks (Land, 2000). Hence, adaptive scaffolding is essential to help
learners overcome these difficulties (Puntambekar arxbéher, 2005).

In this chapter, we describe a tasknd strategypased scaffolding framework for
interpreting and analyzing studentsé actions
to provide adaptive scaffolding in the CTSIM v2 environmehe foal of our adaptive scaffolds
in CTSIM v2 is not to merely provide corrective feedback on the science models students build,
but also to offer wuseful strategies for stude

acquisition behaviors. For ample, when needed, CTSIM may scaffold students on model
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building strategies, such as seeking information relevant to the part of the model being built or
tested, building and testing the model in parts, and modeling a topic conceptually to understand
thescope of the model and the interactions between its components before trying to construct more
detailed computational models. Going beyond several existing environments, our emphasis is on
helping students gain insights into systematically building artth¢getheir models, conducting
meaningful analyses to discover the reason(s) behind their incorrect model behaviors, and applying
systematic approaches to correcting their models. Systematic model building, debugging, and
model correction skills are transfable to a variety of scenarios and domains, thus making the

learning generalizable.

6.1 Background review on adaptive scaffolding in OELEs for science or CT

Despite the weltecognized need for adaptive scaffolding in OELEs, a numb@EbEsmerely
include noradaptive support tools and systenbased scaffoldslike guiding questions,
argumentation interfaces, workspaces for structuring tasks, data comparison tools, and tools for
observing effects of plans made or models built. As Puntambekar and dui2@B5) point out,
such toolsare described as scaffoldgind theyprovide novel techniques to support student
learning However such toolsieglect important features of scaffoldjisgch as ongoing diagnosis,
calibrated support, and fadings a result these toolsare often unable to support the low
performing novice learners who may be overwhelmed by the complexity of the task(s).

Even in OELEs with adaptive scaffolding, most do not provide scaffolds that target
student s6 under st algedcognitive prdcessbs) amd matacognitivestrategies
in a unified framework. For example, MetaTutor (Azevedo, 2005) measures student behaviors in
terms of a set of factors, such as the number of hypermedia pages learners have visited and the
length of time spent on each page, to decide when to provide adaptive scaffolds in the form of
suggest iYonshouldegeag the page about the components of the beart | n Ec ol
(Luckin and du Boulay, 1999)a modeling and simulation based OELE, the fetdihg agent
intervenes whenever students specify an incorrect relationship in their models and provides a
progression of five hints, each more specific than the previous one, with the final hint providing
the answer. Similarly, in AgentSheétsne of tle very few CThased environments that inclsde

adaptive scaffolds, students are supported by an automatic assessment of the computational
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artifacts they build (games or science simula

are compared agahdesired CT patterns for the artifacts and represented in terms of what is

known as the Computational Thinking Pattern (CTP) graph.&n(Duque et. al., 2012), on the

ot her hand, tracks student acti ons maddesbpilt ovi de

by students) and work processes, but its feedback is limited to reminding students about specific

actions they have not taken or should employ more frequently for model building and testing tasks.

Action sequences or relations between actemesnot analyzed and actions are not evaluated in

terms of their consequences on the nature of the models constructed by the students.
Providing relevant adaptive scaffolding in

in terms of their cognitivekill proficiency and their use of metacognitive strategies for planning

and monitoring. To facilitate adaptive scaffolding in OELEs and provide a framework that

encompasses the cognitive and metacognitive g

problem solving tasks, we use a taskd strategypased modeling framework combined with

coherence analysis to interpret and analyze

(Kinnebrew, Segedy, & Biswas, 2016 (in press); Segedy, Kinnebrew & Bi04s). Our

adaptive scaffolding framework is not based just on student performance (the accuracy of the

models students build), and is not designed to provide students with kmitdnmts if they fall

to accomplish a task step (Koedinger & Aleven, 2007).

6.2 A task and strategy baseddaptive scaffolding framework for OELEs

As discussed earlier, OELEs allow learners to exercise their choices in applying skills and
strategies for decomposing their learning and problem solving tasks, and developimanagg

their plans for accomplishing the learning tasks. The large solution spaces that can be attributed to
the operended nature of such environments and the complexities of the search space clearly make
the application of traditional overlay and pebation modeling techniques (Sison & Shimura,

1998; Weber & Specht, 1997) intractable in such scenarios. The overlay approach to student
modeling assumes that the studentds knowl edge
in the domain modulayhile the perturbation based modeling approach extends overlay modeling

to account for bugs and misconceptions the student may have. Lbaseermodeling approaches

(ElsomCook, 1993) that focus more on learning behaviors and their impact on learding an
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evolution of the problem solution are likely to be more appropriate for OELEs. To facilitate
learnerbased modeling, and provide a framework that encompasses the cognitive and
metacognitive processes associ at etdsksywetuseast ude
task and strategypased modeling framework to interpret
activity sequences in OELEs (Kinnebrew, Segedy, & Biswas, 2016 (in press);Segedy, Kinnebrew
& Biswas, 2015).

At the core of this representation@ipaoach is a hierarchical task model, illustrated in the
right half of Figure 20. The task model relates specific OELE activities to relevant tasks and
ultimately to general tasks applicable across a variety of domains. Thus, the highest layers in this
model include domairgeneral tasks that the learner has to be proficient in to succeed in a variety
of OELE environments; and the middle layers linked to the higher layer, focus on approaches for
successfully executing a set of subtasks, which may be spec#iparticular OELE or genre of
OELEs. Lower levels of the hierarchy map onto actions that are defined with respect to the tools
and interfaces in a specific OELE. These actions are directly observable, and are typically captured
in log files as studentsork on the system. Thus, the task model, which is represented as a directed
acyclic graph, provides a successive, hierarchical breakdown of the tasks into their component
subtasks and individual OELE actions. However, the task model does not indicttervwbein
what circumstances) multiple subtasks need to be completed to effectively perform ddvigher

task, nor whether there are any necessary relations (such as an ordering) among them.
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Instead, the strategy model, illustrated in the left half of Figure 20, captures information
about action sequences and ordering between actions in a form that can be directly leveraged for
online interpretati on gyimodal cosnpleamergsithe dask madeltby o n s .
describing how actions, or highkvel tasks and subtasks, can be combined and/or associated with
conceptual relationships to provide different approaches or strategies for accomplishing learning
and problerrsolving goals. By specifying a temporal order and conceptual relationships among
elements of the task model that define a strategy, the strategy model codifies the semantics that
provide the basis for interpretingtonsavagables dent 0
in the task model.

Strategies have been defined as consciecmhyrollable proceses for completing tasks
(Prestey et al., 1989) and comprise a large portion of metacogrkinowledge; they consist of
declarative, procedural, and conditil knowledge that describe the strategy, its purpose, and how
and when to employ it (Schraw et al., 2006). Howp&rform aparticulartaskin the OELE
describes &ognitive strategy whi | e strategies for choosing a
operaions describemetacognitive strategiesin this taskandstategy modeling approach,
straegies manifest as partialtydered sets of elements from the tas&del with additional
relatiorships among those elements determining whether a partiobkervedearner behavior
can be intggreted as matching the specified strategy. Fig0idustrates unary relationships that
describe specific features or characterizations of a single strategy element, binary relationships
among pairs of elements, and the tenap ordering among elements aetstrategy. Further, if a
relaionship is not specified between any two elements in a strategy, then the strategy is agnostic
to the existence or neexistence of that relationship. Because the elements of the task reedel u
in the definition of strategies are hierarchically related, strategies may also naturally be related
from more general strategy definitions to more specific variamthis representation, spedifig
additional relationships, additional elements,nwre specifi elements (e.g., a specifictian
replacing a more general task/subtask) derive a more specific strategy from a general one, as
illustrated in FigureO.

An important implication of the hierarchical relationships among the strategy process
definitions is that multiple variations on a more general process can automatically be related to
each other. In particular,e¢hierarchical relations enabiglating a set of desired and suboptimal

implementations of a general strategy process for ube ilearner radel. As illustrated in Figure

81



20,the general outline of the strategy is hierarchically linked to a variety of more detailed versions

of the process thatremee nt ei t her desired variants or sub.
behaviorthe system can compare strategy matches to desired versus suboptimal variants in order
to estimate the studentds proficiency (and ne

illustrated in Figure 2.
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6.3 The CTSIiM task and strategy models

We apply the generalized tasknd strategypased modeling framework describedSiection6.2

to interpret and analyze studentsdé actions in
them with adaptive scaffold$hhe CTSiM task model hierarchy is shown in Fig@ge The top

level of the model covers three broad classes of tasks that are relevant to a large number of OELEs:

() information seeking and acquisitiofii) solution construction and refinemeand (iii) solution
assessmen€Each of these OELE task categories is further broken down into three levels that

represent: (i) general task and subtask descriptions that are common across the specific class of
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OELEs that involve learning by modeling; (ii) CTSiM sfiiecdescriptors for these tasks; anid) (i
actions within the CTSiM v2 efironment that students use to execute the various tasks.

Information acquisition (IA) involves identifying relevant infieation, interpreting that
information in the context of aucrent task or subtask (e.g., solution construction and refinement),
and checking oneds understanding of the info
building correct models. In CTSiIM2, students are provided witkegarate searchable hypertext
resources that contains thelevant science contemtformation andinformation and examples
about conceptual and computational modeling and uses of CT congseetection5.2 for
details) Students combine information from the two types of ressutaebuild their science
models using an agent based modeling @ggir, and use computational stmicts to model agent
behaviors using a senaet frameworkStudents can check their unsi@anding of the information
acquired by taking quizzes providedthre system by the mentor agent, Ms. Mendoza, and can
then use the quiz feedback to identify science and CT concepts they need to work on, and the
relevant sources of information (gjific resource pages) for learning aboig toncepts.

Solution construedn (SC) tasks apply information gained through information seeking
and solution assessment activities to construct and refine the required solution. In CTSIM v2, the
solution refers to the science model that the student can build in parts using linkepteahand
computational representations. As describedSacttion 5.1, conceptual model construction
involves structuring the domain in terms of agents, environment elements, their properties and
behaviors, as well as representing agent behaviors as-asngecesses. The computational
model construction, which is ked to the conceptual model, represents the simulation model that
comprises agent behaviors created by selecting and arranging ekpeaific and computational

programming blocks.
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Solution assessment (SA) tasks involve runrt
interfacewhere students can step through their simulation codec¢laeck the evolving model
behav o r by observing the ani ma interfacewhara studepts ot s,
compare their model behavsoagainst an expert model behavior. The goal is to observe the
behavior of the constructed model, and verify its correctrt®&dasks may involvéesting the
model in parts, coparing the results generattkdy t he student 6s model a
generatedby a corrgponding expert model, and using this comparison to identify the correct and
incorrect parts of the model. As discussed earlier, the student and the expert models are executed
in lock step asNetLogo simulations. Observing and comparing the simulations helps infer
incorrectly modeled agent behaviors, which students can combine with relevant information
seeking actions to refine their existing solutions.

We use different sequences of thes&dasubtasks and actions described in the CTSIM
task model, and combine them with information characterizing individual actions (unary relations)
and relationships between different action sequences (binary relations) to specify a set of desired
and subopmmals t r at egi es or a O6strategy ymadatiomdcanbé or CT
usedtochaxrct eri ze | earnersd cognitive efectveness se s,
(Segedy, Kinnebrew & Biswas, 2015)0 ev al uat e | e &TSiMe2esvibonmaeatt i on s
Actions are considered effective if they move the learner closer to their corresponding task goal.
For example, effective I A actions should resu
of science and CT concepts requifedmodel building in CTSIiM. Likewise, effective SC actions
i mprove the accuracy of | earners6é conceptual
generate information about the correctness (and incorrectness) of individual agent behaviors
modeled by the learner. Overall, students with higher proportions of effective actions are
considered to have aelved higher mastery of the cesponding tasks and cognitive skills.

Similarly, many types of binary relations can be defined amasigtactions toepresent
stratgies. We adopt&oherencé met ri cs f or defining effectiwv
sequencegSegedy, Kinnebrew & Biswas, 2015)wo temporally ordered actions or tasks
(xY ), i.e.,x beforey, takenby a learner exhibithe cohegnce relationshipx(+ y) if x andy
share contexts, i.e., the context focontains information contained in the context %ofThe
context for an action comprises the specifics and details of the action, such as the specific science
or CT page read o r ScianceORedd &T Redd | A , ¢he particular conceptual or
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computational components edltendthe part of the model worked éor SC actionsor the agent
behaviors comparefdr SA actions We can assume that students are moedylidemonstrating
effective metacognitive regulation when an action or task they perform is coherent with or relevant
to information that was available in one of their previous actions or tasks.

In this version of CTSIM, we clse a set of five desired ategies $1-:S5, and analyze
stident s6 actions t o da makingoptimdd ase of shesirategiestasd wer e
needed scaffoldingSince there can be numerous ways in which a strategy may not be used
optimally, we defind specific suboptimal ariants of the tsategiesthat we wanted to detect in
st ud e nihgbéhaVioesandmrovided fdwtkto help studentevercome thie deficiencies.

For desiredstrategies associated with single actions, a suboptimal strategy use can involve an
ineffecive instance of the action or a lack of the action altogether. SimilarlgeBredstrategies
involving coherent action sequences, suboptimal strategy use can be defined by the action
sequence with component actions that are not coherent with eaghoothyethe lack of the action
sequence itself.

We reaize thatthe five strategies do not define a complete set of useful strategies for
CTSiM, and severabtherstrategies can be defined using actions and action sequences from the
CTSiM task model. Oneray to definavhichstrategies to detect and monitor couldiseng offline
sequence mining techniquées analyze studerttehaviors, andhen using frequenpatterns of
behavior derived fronthe offline analysesas strategies to deteict student behaviom future
versions of the systertKinnebrew, Loretz, & Biswas, 2013; Kinnebrew, Segedy, & Biswas,
2014) Our selection of strategiestssed on oupreviousobservations o€hallenges commonly
faced by student®Basu et. al., 2013; Basu et. al., in revielwlke we described isectiord.3, we
noticed that students needed repeated help with identifying the agents and their interactions in a
science topic, understanding domain concepts and connecting them iftetieatdCTSiM tasks,
understanding how to represent science concepts using CTuotasbbserving effects of i
code snippets, identifying differences between the user model simulations and the expert
simulation, and debugging by decomposing thek tmto mamageable pieces. Whilere have
considerably modifiedhe CTSIiM interfacébased on our observationge wanted to ensure we
could provide addition individualized scaffolds when we detectedthdénts were not using the

tools and iformation souces in an efficient manner. In other words, information derived was not
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being usedn an effective way for modédbuilding, combining conceptual and computational
modeling, or debugging their model in parts.

Hence, three of the desired strateg®sS2 andS3 link SC and SA actions to IA actions.
S4focuses on the complexities of SA for larger models, and describes a strategy for testing the
model in partsS5pertains to SC, and how to effectively use multiple linked representations to
build the sciese model. Each of the desirsttategiesalong with their suboptimal variants
discussedbelow.

DesiredS1. Solution construction followed by relevant information acquisition strategy
(SGIA): This strategy relates to seeking information relevant tp#ned the model currently
being costructed by the student. It can be specified as a SC action (conceptual-domncime
edts, conceptual sensxct edits, or computational model edits) temghly followed by a cherent
0Sci ence [ISEa &denceaRetl Coherade implies that the sciencesoeirce page
accessed contains information relevant to the agent or agent behavior being modeled in the SC
action. For example, if a student switches to the science resources while modeling ttaetsense
stuct ur e oebfr etahteh eddf ibashbbsewe therdesir@8G> Science Readstrategy
only if the science resource p-bgeatheéadbebavtvh

SuboptimalS1: Suboptimal use of this strategy occurs when the part of the model the
learner constructs has errors, and this is followed by the learner seeking information that does not
correspond to the part of the model s/he was constructing. It can be specifiededfeativeSC
action that is foll oweidn ebfyf eactd S @i eSn@thiel i Secai dedn c
incoherentwith the previous SC action.

DesiredS2. Solution assessment followed by relevant information acquisition strategy (SA
IA): This strategyrelates to seeking information relevant to therdagoehaviors that were just
assessed using a SA task (test model, compare entire model, or compare partial model). The IA
that follows is required $As Stiemce Regdi.e.lihe scientd &6 Sc i
resource page contains information relevant to at least one of the agent behaviors assessed in the
SA action.

SuboptimalS2 Suboptimal use of this strategy occurs whe$A action helpsietermine
that one or more agent behaviorsareior r ect , and t he sulblefectyaient 6
SA detecting incorrect wmigoeherentile.eittdees nodnvadvetie Sci e

reading of resource pag that are linked to the belhans assessed to be incorrect.
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DesiredS3. Information acquisition prior to solution construction or assessment strategy
(IA-SASA) This strategy involves acquiring information about an agent behavior before modeling
it or checking that behavior oflowedbga@eent . A
SC or SA actiongcience Read SC|SA defines this strategy.

SuboptimalS3 Suboptimal occurrence of this strategy occurs when a SA action finds an
incorrect agent behavior, but this actiomigt e mpor al |y precadédalkyi @ano §
the incorrect agent behavior. The SAactioncanleemp or al |y preceded by a
for other agent behaviorinCoherentvariant of the strategypr it may not be preceded by any
6Science Readd action at all (lack of the act

DesiredS4. Testin parts strategy When a studentds CTSi M mode
behaviors, this strategy represents an approach where the student dexsdest@ subset of the
modeled behaviors at a time to make it easier to compare their model behaviors against the expert
simulation. This strategy is characterized bysdffectivenese f a si ngl e action,
model 6 i n case heretheeaperpniodekconmamadestihan 2\@gent behaviors.

An effectivel 6Gomdedde apgad i toatien gbheut the eotreeteession f o r
incorrectness of individual or subsets of agent behaviors as opposed to the entire set of agent
behavo r s . We speci f yparepartiagerholle 6t iaxe i 6€oms one th
maximum of 2 agent behaviors.

SuboptimalS4 A subopti mal use of t hiactiosduringgt egy
SA of a complex model with multiple erroneous agentabeirs does not provide sufficient
information to find the source(s) of the errors. It can involvimeffiectived Co mpar e entir e
action or even ameffective6 Co mpar e par t jwhich doee dok pra¥videasgotigh o n
information to pin pointerors to specific agent behavs. An ineffective6 Compar ed act
involves a comparison of 3 or more agent behaviors for a student model with multiple incorrectly
modeled agent behaviors.

DesiredS5. Coherence of Conceptual and Computational models stréttmpelBuild):

This strategy involvemaintaining the correspondence between the conceptual and computational
modek for eachagent behavior | t can be represeatedbaisl @ad 0&«a
foll owed by a coherentde(ll i hikieldgebdsecdC@uidpain a{ i o1
Computational builyl i.e., the computational edit adds a sensing block corresponding to a sensed
property or an action block corresponding to an acted property for the same agent behavior. As
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described inSection5.1, we provide students with visual feedback about their conceptual
computational model coherence by coloring seatdeproperties green or red based on whether
the properties are coherently used or not used in their computational models. This visual
information provides students feedback on how well they are employinddtelBuild strategy.
SuboptimalS5 Suboptimal uses of this strategy involve a conceptual ssriseit action
thatis either not temporally followed by a computational edit action ailisWwed by an incoherent
computational edit. An inefféiwe use of this strategy is @eted through system based visual
feedback about the senaet properties for the agent behaviors. If the properties are colored red,

it implies thatthis strategy wassed in an ieffectivemanner

6.4 Learner modeling for adaptive scaffolding in CTSIiM

The primary goals of thadaptivescaffolding in CTSiM are to hekgtudents become proficient in
the cognitive processes related to CTSiM tasks and subtaskthamaetacognitive processes
represented as strategies that support efficient task execution. This form of feedback goes beyond
the purely corrective and diagnostic approac
monitoring their model building processelgveragirg the links between coeptual and
computational models to systematically build coexphodels in parts, and develogthe abilities
to effectively test their evolving models by coanipg against behaviors genemtby a
correspondingbut corret expert model.

To support this form of scaffoldinghe CTSiMIlearner modeling framework is derived
from the task and strategpasednodeling framework discussed@®ection6.2.Ourlearner model
represents a datdriven scheme that keeps track of studend per f or mstaskseasd on Vv
related actiondefined in the hierarchical task model, as well as the strategies they use to combine
and coeordinate the different tasks. Figur8 Hlustratesa comprehensivdearner modehg
approach for CTSiMvherethe learnermodehai nt ai ns i nf ormati on about
on each of the IA, SC, and Sasks, as well as thaise of strategies that combine the IA, &6d
SA tasks in differenmeaningful ways. Inthe current CTSIM v2 systenwe have desiged
detectors for and maintadinformation ona limited set of strategies, nam@&{-S5as described
in Section6.3. Also, our currentlearner modeprimarily focuseson st udent s6 st ask ¢

for the SC tasks, i.e., conceptual and computational model building.
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to the studeatemésasmodse!l of sé&ma ssi ng/ correctness
mai ntained for studentsd conceptual and comp
Learnersodo modeling skills are defined by meas
agains the corresponding expert models. Conceptual modeling skills are defined separately for
different conceptual model components so that the scaffolds can focus on specific dgpects o
modeling task. The diffent conceptual components include agents,jremment elements

properties, and behaviors c&m, as well as the sensed and aotegroperties specified f@ach

agent behavior. The condepl model comparator in the learner modeling moduleopad a

simple set comparisonbeve e n st u d elmbdel$ for @ opiccardhie axpert conceptual

mod el for the topic to compute 6missingdé and
component s, which are stored in the | earner
component counts the miver of elements of theomponenthatare present in the exgpenode]
butaremissinginthesde nt model . Similarly, the sdthextr abd
number of elements of tlwmponenthatare present in the student madwlt not preset in the

conceptual model.

On the other handiefiningcomputational modeling skiliavolve more nuanced measures
beyond Omi ssi n g 6incameckly idaging the sade sbtlofprodcasnming blocks as
the expert model does not guarantee semamicectness of the student mod&éhe same
information can be modeled in a number of ways using different sets of blocks. While we cannot
possibly account for all possible correct solutions, we have added a number of functions to our
computational modedomparator to minimize false positives (same set of blocks as expert model,
but different semantic meaningnd false negativéblocks do not match those in the expert model,
but similar semantic meaningfror examplestudents can represent the corredbimation in
different ways using different sets of blocKsa conditional in a student model senses a property
instead of its complement, or vice versa (augs i ng -bBe®bsombl ock 4 et éad
block), the consequent and alternative ckk® can be interchanged to represent the same
information. Arother example of a false negatigecurswhen the expert model for an agent
behavior contains a conditional and an action blbeltis independent of any condition and is
hence placed outsidedttonditional block. If a student places two instances of the action block
inside the conditional, once under the consequent and once under the alternative, the solution is

less elegantut conveys the same semantic meaning as the eXpermodel compator takes
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these possibilitiesintoaccoymth i | e det er mi ni ng O iniordestoacgpdnt and O
for false positives, the model comparator clsaehkether action blockis the student modetsccur

under thecorrectset of conditionss defired in the expert modeir(espective of any condition,

under a particular sensing condition, or under multiple simultaneous sensing copditiens
comparatoralso checls properties whose valueseincreased or decreased in an expert agent
behavior to mke sure their direction of changethe same in the student model for the agent
behavior. Otherwise, an e xdfamourt), Demedseta mwoiutnht )bdl o
wi || be equated to a st uganount), Decrdase(G@wrotulntbh 6o c |
since both models have the same set of four blocksummary, he computational model
comparator definegomputationalmodeling skills for each agent behavior in terms of the
following: (a) number of missing blocks in the behavior as compardtet expert model, (b)

number of extra blocks in the behavior as compared to fertexodel(c) whether all actions in

the behavior occur under therrectset of conditions (yes/ngand (d) whether all property values

modified in the behavior were ahged in theorrectdirection (yes/na)

Whil e we can capture the state of students
work in the CTSi M environment, we <calcul ate
conceptual and computational modelsgigjls in the learner modelnly when students assess their
models. This design decision was made so that the scaffolds for the model building tasks were not
sensitive to the effects of individual SC edits, but depended on the evolution oftstden sno d e |

between model assessnts. Also, since we have designed our scaffolds to depend on how

studentsd models evolve since the | ast model
hi story of students® model i ang. Inshisvelsibrstheilearaer e a d ¢
mod el stores a history of a studentés concept

time s/he was provided a scaffold for the particular model construction task.

6.5Designing andDelivering adaptive scaffolds

Studentsod task performance and strategy use i
the scaffolding module and combined with information about triggering conditions (frequency
threshold for triggering particular scaffolds and priority ancordy of scaffolds) to decide which

task based or strategy based scaffold to provide. Each scaffold is delivered in the form of a mixed
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initiative conversational dialog initiated ltlye mentor agentMs. Mendoza, and is anchored in

thecontextoBt udent s model i

students at that point of time (g.gimulation information or domain information). The mixed
initiative, backandforth dialogues between the student and Ms. Meadareimplemented as

convershi on trees. The of t h ewhithithene

ng goals, their

root node

recent

repr

branches based on conversational choices available to the student. Ms. Mendoza can respond to

studentsdé choices

u eribytakingspecific aaticnain thesystanm. Syzhrao mp t

structure captures the possible directions that a single conversation might take once it has been

initiated. This conversation format engages students in a more authentic social interaction with

Ms. Mendza, and allows them to control the depth and direction of the conversation within the

space of possible conversations provided by the dialogue and response choices, (Segedy

Kinnebrew & Biswas, 2013). Figur24 provides an example of a scaffolding conveogstree for
the IA-SC/SA scaffold asking students to read about incorrectly modeled agent betieatibiesy

have modeled and assessed without reading. It illustratesviowlendozaand stalents can

together negotiate goals and plans using suchdini@ative conversational diagues.

Hi <username>! S0, what do you think about the simulation vou just ran? Do yvou think yeur agents are behaving correctly? }

SO

I don"t kmow

Are you sureT Do the agents m vour
simulation behave the same way as the
agents in the sxpert simulation? Da the

plote for vour agent and axvironment
properties mateh that for the axpert?

I would agree. Femember, it 1= a good 1dea
to read vour Science Book and make sure
vou have all the needed information before

o

Okeay, 1IN
goand
read first
thing
mow.

‘ Well, I do not think zo. I think vou J

naad to keep working on modeling
your agent bahaviors comrectly.

Fernsmber, it 15 2 good 1d=a to
read your Science Bock and make
zure you have zll the neaded 1
information bafors you try i —
'
'
'

correcting your agent behaviors.

Figure24. A scaffolding conversation tree asking students to read about incorrect agent

you try correcting veur agent behaviors.

want to taks
a3 quiz and
figure out
what | should
focus on while
reading.

Take
student to
the gquiz

activity

Agent prompt
Student grampt

Agent action

behaviors
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Wall, zo zhead and trv
correcfing vour agent

can always consult the

Obszerve how the agents behave and how
the agent and enviromment propartias
chanpe over time in the simulation for

ur model, and then compare them with

that of the expert. Ars they the same?

everything,
I'm not
planning on
reading
oW,

behaviors then. You

Science Book when
you need to.

Well, I think you need to keep
working on medaling your
agent bahaviors correctly.

Femember, it 15 2 good 1d=a to
read your Science Book and make
zure you have zall the neaded
infarmation bafors you try
correcting your agent bahaviors.
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Our scaffolding approach is based on helping students with a task or strategy only we detect
that they are persistentfacing problems, instead of correcting them every time we detect a
problem. Hence, the scaffolding reasoner maintains a frequency threshold for triggering each
scaffold. In case of strategy scaffoltlse reasonereads in the frequencies of sytiimal se of
each strategy from the learner model and compares them with the corresponding strategy scaffold
triggering frequency thresholds. When the spkimal strategy use reaches the critfcafjuency,
the scaffolding resoner can choose to deliver scaffdioisthe particular strategy if it fits with the
stored priority or ordering of scaffolds. Similarly, the scaffolding reasoner storgaehcy
thresholds for triggéng task based scaffolds for conceptual and computational modeling. It takes
thefrequencf sang) ©Hor triggering a part ihehistoyofamodel
studenspendiongemodel ing akiilnstdawmceseewhdr ¢ tt Ite
has not shown improvemeritike we described irSection6 . 4 , studentsd model
captured locally in the learner model every time they perform a model assessment action. No
improvement in modeling skill between model assessments is denoted by no improvement in any
of the factors defining the modelirsgill. For example, conceptual modeling skills comprise two
factors: missing conceptual elements, and extra conceptual elements. Computational modeling
skills, on the other hand, are defined by four factors: missing blocks, extra blocks, actions under
correct conditions, and property values modified correctly Sastion6.4 for details).

While we do not maintain a strict ordering between all of the task and strategy based
scaffolds, we do maintain a priority list for situations where multiple skclstan be triggered
simultaneusly. For example, when a student performs a SA actiorewheltiple compared agent
behav or s have been moldstid-parthd isntcroartreegeyt | syc a ftfhoel dd g
if it meets its triggering requirements, lfob we d lafgrmatidn equidition prior to solution
corstruction and assessmént st r at egy scaffold. We first ensu
pare too many incorrect behaviors simultaneously, because analyzing multiple errors at the same
time may make it hard to pinpoint specific ones. When students test their model in parts; we pro
vide scaffolds when we detect students have found incorrect agent behaviors, but they have not
looked for information that will help them correct the error. Ifishts have previously reatiout
agent behaviors, but cannot correct incomplete or incorrect behaviors when testing in parts, we
provide them withtaskbasedmodel building scaffolds that hint at using information they have

read to correct specific aspeofstheir model behaviors.
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The model building scaffoldingself uses a tolown approach by providing conceptual
model ing scaffolds as |l ong as the Omissingb s
learner model is greater than zero. Specifjcdhie scaffolds point students $pecific levels in
the concefual modeling hierarchy they need to focus on (starting with the set of entities, followed
by the set of agent behaviors, and the saaseroperties for the behavs) and suggest consulting
relevant resource pages to acquire the required information for correct conceptual modeling. Once
a studentds conceptual model contains all t he
(it may still contain extra elements beyond those in therexpedel), the coherence measure be
t ween the st ude mtthaedelscanchconspptatianallmodsie trigges Ntuelet
Build strategy scaffolds, when applicable. The MeRuild scaffold leverages the visual feed
back about conceptuabmputationatoherence provided by the system through the green or red
coloring of the sensa c t properties. T h eattestiomatd the prapertidsr a w s
colored red in their models, and reminds students that they can either delete the red properties from
their conceptual model or add computational blabletmatch the properties. Once there are no
more sens@ct properties colored red, the computational modeling scaffolds help point out
whet her there are missing 0 rmodelstoraationblockiak s i n
have not been modeled under the correct set of conditions. The suggestions for rectifying the
various types of computational modeling errors for different apehaviors are similaf
aqquiring information about the agent lasfior by carefully reading the science resourgefew
examples of scaffolding dialogues a® follows:fiThe fishbreathe behavior requires interaction
of the fish with other entities. Have you considered all the entities in this science €ojyiou i
have all the necessary blocks for the rollercoastpdate speed behavior, but are you sure that
all the actions occur under the right set of condit®riéiY ou have unused properties colored red
in the fishfeed behavior. Do you want to use them in yougpm or do you want to delete the
propertie® 0

TheSGIA andSAIA strategy scaffolds are mutually exclusivel @o not share triggering
condiions with any of the other strategy or tdsksed scaffolds; hencéhey are triggered
whenever their respectiwaitical frequencies are reached. These scaffolds remind students about
agents or agent behaviors recently modeled or assessed and ask if students are trying to gather
information about any of them. Accordingly, students are provided suggesin pagestread

and remindd about how they can use the search feature to find relevant resource pages by
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themselves. All the other scaffolds are provided in the context of SA actions aruysiaking
students to evahte the correctness of the simulations fjlnsy observed. They offer suggestions
for testing a few agent behaviors at a tiedt in party or reading about the incorrectly modeled
agent behaviors before trying to correct thém$A).

While our scaffolds are triggered by possible sourcesiofr or s i n student sé
and they offer suggestions on how the students can debug and rectify these errors by efficiently
integrating information available to them in the CTSiM environment, none of our scaffolds provide
dottomout-hintsd b ling students exactly what to correxttheir model (Koedinger & Alean,

2007). Also, though all our scaffolds are provided onlywve detect students making rpile
errors on a particular task, or multiple ineffective uses of a strategy, they aftenigt a positive
message about studentsd previous successes in

In summary, mdelng science topics using theT6iM v2 environmentis a complex
process The environment providegudents witra number of supparg tools,but planning and
using the tools effectively and combining information from them in a meaningful fashion is a non
trivial task.The large solution space implied by the opewed nature of the environment and the
variety of choices available ®t udent s make interpreting stude
Hence, we adopt a | earner modeling and adapt:i
actions in the CTSIiM v2 system based on their performances on different system tasks and how
they combine information from different task&/e believe that this approach will help students
become more effective learners and help them develop better modeling strategies.
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CHAPTER 7

Experimental evaluation of the modified CTSIM environment withadaptive scaffolding

This chapter presents a research study designed to investigate the effectiveness of the CTSIM v2
environment with adaptive scaffolding. While experimental evaluation of each newly added tool
and interface feature in the CTSIM v2 enwingent is possible, this dissertation focuses
specifically on studying the effects of t he
learning, their modeling performance, and their learning behaviors. We discuss a recent controlled
classroom study usgy CTSiM v2 with four sections of'gyrade students from a middle Tennessee
middle school. Students, in this study, were divided into two approximately equal gr@ups
control groupthatused a version of the CTSIM v2 system without adaptive scaffoldimdyan
experimental groughatused the full version of the CTSIM v2 system with adaptive scaffolding
provided by Ms. Mendoza. Both groups had access to the new modeling and information
acquisition interfaces, and model verification tools described ipt€h&. Since these tools and
interface features were available to all students at all times during this research study, they can be
considered as Obl anket scaffoldsd (Puntambeka
scaff ol ds, 0 praideddorstudertsirethe expdrimental group based on their observed

modeling deficiencies.

7.1 Materials and Method
7.1.1 Research questions

We assesshe effectiveness of the CTSiM v2 adaptive scaffolding framework by analyzing data
generated from theontrolled research study to answer the following six research questions.
Research questions5l ar e rel ated to the effects of the
gains, modeling performance and behaviors, while thegearch question relatesstudying the
amount of adaptive scaffolding provided.

1. What effets do the adaptive scaffolds havesoh u d @)rsdiescé andb) CT learnin@

2. How dothe adaptivescaffoldsimpactstud e n domscéptual and computationaiodeling

performance®
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3. Whateffects do the adaptive scaffolds haveson udent sé6 abil ities to
and computational modeling skills to model other science dmmaitside CTSiM

4. How do theadaptives caf f ol ds 1 mpact st undase ofeffectiveo del i
strategies?

5. How do gnodelthgperforma@nce and modeling behaviors including strategy use
relate to their learning of the science concepts in the different modeling activities?

6. How do the requirements for different typesadéptivescaffolds ary during the course
of the inervention and do the scaffoldsllow a desi red oO6fadingd pri

7.1.2 Participants

We conducted the controlled classrostudy with98 6" gradestudentgaverage age = 11.5pm

four sections othe same middle school in middle Tennesgdlestudents provided parental and
personal consent to participate in the research sfliny.8" grade science teachers assigned
students fromwo of the sections to the cwal condition and students from th#her two sections

to the experimental conditiom.h e t eachersé | ooked at studentso
previous year (8grade TCAP scores) to make sure the two conditions were balanced in terms of
their prior knowledgeThe controlcondiion (n = 46) used a version of the CTSIM system with no
adaptive scaffolding provided by the mentor agent, Ms. Mendozahaesperimentatondition
(n=52) used the full version of the CTSiM system, i.e., the system used by the conttitibn,

plus the learner modeling scheraad adaptive scaffolding based on the learner model provided
by Ms. Mendoza.

7.1.3 Learning activities

The learning activities used in this research study with the CTSIM v2 environment are a slight
modification of the initial larning activity progression used with the CTSiM v1 environment and
described inSection 3.6. The learning activities still span topics in two curricular units
Kinematics followed by Ecology, but some of the initial activities now serve as introductory
training activities. Students were not assessed on their training activities. In the study reported
here, the CTSIiM v2 learning progression comprises an introductory training activity and three
primary modeling activities across two domainematics andecology.
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Students start with an introductory shape drawing activity for training and practice. In this
activity, students model a single tortoise agent and use simple CT concepts like the use of variables
and the iteration construct to build closed sheg®s spirals. The purpose of this activity is to
explore the relations among distance, speed, and acceleration in relation to the shapes generated
by the tortoise agent. The students start with an exercise where they program their tortoise to create
a simpe closed shape (square). This task is a collaborative activity in which the whasée cl
participates. Students thermve on to working individually, to construct other closed shapes (any
regular polygon). Allthese activitiegepresent constant speed mmwats of the tortoise. Then
studentsareintroducel to the concept of acceleration, and the effect of acceleration on speed is
shown by shapes that represent growing and shrinking spirals. Since the shape drawing activities
are treated as training and pree activities, students are allowed to seek help from and discuss
solutions with their peers, teachers and researchers in the classroom.

In their first primary modeling activity, students progress to modeling avweadd
phenomenothat introduces emore complex computational construidte aconditional. Activity
1 models a roller coaster (RC) car moving alongedefinedtrack with four segmentsup at
constant spee(pulled by a motor)down (free fallalong the track under gravjtyflat (constant
speedon a flat track andup against gravitfmoving against gravity on a tracl§ection3.6 and
Figure 5provide details The plots generated depict how the speed, acceleration, and distance
travelled by the RC car vary on the different segmentthe track. In Activity 1 (as well as
activities 2 and 3), students can compare the behavior of their model against an expert model
behavior to verify whether their generated model is correct.

In Activities 2 and 3, students progress from modedirdpman with asingle agen(the
RC activity) to modeling ecological processes in a fish tank systemch represents a domain
with multiple agents with multiple behaviorBhese activities are the fishnk macro and micro
activities described i®ection3.6. In Activity 2, students build enacralevel, semistable model
of a fish tank with two types of agents: fishd duckweed, and behaviorsasiated with the food
chain, respiration, locomotion, and reproduction of these agents. Since the waste cytle is no
modeled, the buildip of toxic fish wastereates anonsustainale macremodel| wherethe fish
and the duckweed gradually die off. In Activity 3, students addhesdack ofsustainability by
introducing micrelevel entities(agents) i.e., Nitrosomoas and Nitrobacter bacteria, which

together support the waste cyddg,convering the ammonia in the fish wastertotrients (nitrates)
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for the duckweed. The plots generated by the simulation models help students gain an aggregate
level understanding ohe different cycles in the fish tank ecosystem, and their role in establishing

the interdependence and balance among the different agents in the system.
7.1.4 Study procedure

Students in both the control and experimental groups worked individually oartelsarning
activity progressioydescribed irBection7.1.3.The study was run daily over a span of three weeks
during the studentsdé sci efgadespationi ods (one hou

On Day 1, students took 3 papmased tests that assesséeirt knowledge of (1)
Kinematics, (2) Ecology, and (3) CT concepts. More details on the test questions are presented in
Section 7.1.5. On day 2, students were introduced to agent based modeling concepts, and got a
hands on introduction to the CTSIM v2 st The whole class worked together on an
introductory shape drawing activity modeling a square. From Day 3, students worked
individually in the CTSiM environment. On days 3 and 4, they worked on generating growing and
shrinking spiral shapes, which eng@ized the relations between distance, speed, and acceleration.
Since the drawing tasks were considered a part of training and practice activities, students were
allowed to help each other and seek help from their science teacher and the researchrteam. Fro
Day 5 students worked on the three primary modeling activities, and were not provided any
individual help external to the system. Students worked on Activity 1, the Rollercoaster (RC) unit
on days 5 and 6, after which they took papased postests forKinematics and CT on Day 7. On
days 812, students worked on modeling the ecological processes in a fish tank ecosystem. This
model was built in two parts@s described earlier: modeling the macro (Activity 2) and micro
(Activity 3) environments in the$h tank. Students took their Ecology and-@ill posttests on
Day 13. Finally, on Day 14, students worked on a papsed transfer activity, where they had to
build conceptual and blodbased models for a new science topic described to them as gaat of t
activity.

As students wded on the CTSIM system, dlieir actionson the systeralong with the
associated contextere logged for future analysis. We analyzed the action logs to study the
evolution of fort diffdrenn leasndigamo d @i $ i1 e s, student so
performancest the end of the activities, tihearning behaviors they exhibiteand thespecifics

of thefeedback that was triggered and delivered by the mentor agent in the experimental condition.
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One of our primay goals in this study was to assess the effectiveness aflaptivescaffolds by
comparing students in the control and experimentabups based on their(i) modeling
performance and behavia and(ii) science and CTearning gainsas measured by theactions
in the systemand performances ompaper and penciissessment artifacts outside the system

respectively
7.1.5CT and ScienceAssessmentand the Transfer test

We designegaper basedssessment instrumerttso eval uate studamngsd sci
and their abilities to transfer their conceptual and computational modeling skills to new scenarios.

We measured student so6 | endahehkinemagics gna ecolegyrdainsy s ci e
and CT content as the differences betweeir fitre- and posttest scores for the individual tests.

The questions contained in the pre/post tests for (i) Kinematics, (ii) Ecology, and (iii) CT, as well

as the papebased transfer tekir modeling skillsarelistedin Appendix B.

The Kinematics pre/pogest assessed whether students undedstihe concepts of
acceeration speedand distance and their relations. The test required interpreting and generating
speedtime and positiotime graphs and generating diagrammatic representations to explain
motion in a constant acceleration field. An example question asked students aondiadjcally
represent the time trajectories of a ball dropped from the same height on the earth and the moon,
and then to generate the corresponding stieezlgraphs.

For the Ecologytest, questions focused ongdte nt s under standing of
interdependence and balance in an ecosystem, and how a change in the population of one species
in an ecosystem affects the ot hevourfshptankise s . A
currently healthy and in a stable state. Now, you decide to removeaedls of Nitrobacter
bacteria from your fish tank. Would this affect a) Duckweed, b) Goldfish, c) Nitrosomonas
bacteria? Explain your answero

CT skills were assessed by asking students to predict program segment outputs, and model
scariosusingCTanst r uct s. Thi s t e sevelop meaningful algorittsné a b i |
usng programmatic elements like conditionals, loops and variables. Simple questions tested use
of a single CT construct, while modeling complex scenarios involved use of CT ctsdike

conditionals and loops and domapecific constructs.
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For the paperbased learng transfer activity studentswere provided with a detailed
textual description of a wekheepgrass ecosystem. Based on this descripstudent$ad to first
build conceptual models for the agents in the system, much like the fish tank ecosystetheVhe
had to build thélock-based ¢omputaional) models of agent behaviors using computational and
domainspecific modeling primitives that were specified in theegfion. This model building
exercise was similar to the fish tank exstem model they had built in CTSiM, except that the
science domain was different and it was all done with pencil and paper. Therefore, unlike the
CTSIiM v2 environment, students did nbave access tany of the online tooJsor did they get

feedbackrom the systeny simulating their model or from the mentor agent.
7.1.6 Log file analysisand Assessment metrics

Besides assessing students using pbpsed assessment artifacts exerto the CTSIM
environment, wealefinad a set of assessmenetricsto analyzethe log data generated from this
research study and u scenceptual andocomgutationahcaleliry st u d «
performances and behaviors, and use of desinedsubopthal learningstrategiesThe log data
contained information about the different actions the students took in the CTSiM v2 environment
along with the associated context in which the actions were taken, the models students built along
with model revision hi®ry, and the scaffolds they received along with the ensuing conversations
with Ms. Mendoza.

We assess a student s c onc égpnancaforaaactdyityc o mp u
by ddining distancemetricssimilar to those used online in the model pamator functions in the
learner mdeling module (seSection6.4). Themetrics peci fy the distances b
final models and the correspondingpext models and amodel distance of O implies that the
student s model perfectly matches the expert
elements

The conceptual model distance is calculabgdnormalizing thesum of the distances for
the individual conceptuahodel components, i,eagents, environment elements, agent properties,
environment properties, agent behaviors, and sensed andoacf@wperties for each agent
behavior, by the size of the expert conceptual modéle distance metric is computed for any
individual component by performing a simple set comparison between the elements of the

component in a studentds conceptual mo d e | an
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conceptual model . The set differ eamde efdfoeaneind es
the componenisee Equations1andd)he &é mi ssingd measure for a co
of elements of that component that are present in the expert,rbotiehissing in the student

model . Similarly, t h enert eounts rthe @umbee & slemerds of tioat a
componenthatare present in the student madmit not present in the expert conceptual model.

The o0di st a(seeeEquatore scomputed as the sum of t h
measures across all contggd model components, is normalized by the size of the expert
conceptuamodel (i.e., the sum of the niner of elements of each type of conceptual component)
tomake the 0di stpemdeneobthemireaofthe expeoncepulianodel.
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The computational model distance is calculated by computing separab c or r ect nes
Oi ncoese@t measures for a S(see quatibpnd ¢ and,&axmp ut at i
measuring the vectalistance (see Equation 6)tiveen thewo-dimensional vector (correctness,
incorrectness) tthe target vector (1,@Basu et. al., 2014; Basu, Kinnebrew & Biswas, 20Thg
total correctness and incorrectness measures are calculated by combining the respective measures
from the individualg ent behaviors using a weighted avera
expert model. The correctness measure for a single agent behavior is computed as the size of the
intersection of the collection of visual primitives used in the student and ewpdsgls for the
behavior. Similarly, the incorrectness measure for an dogdnatvior is computed as the noen of
extra primitives in the student computational model as compared to the expert Im&asition
6.4, while describing theomputational modetomparator function of the learner modeling
module we detailed how we went beyond a mere blbaked comparison of student and expert
computational models and accounted for various false positives and false neyétivedow a
similar approach in ourfttine log-d at a based analysis of studen
performance. When we detect instances of false positives (for example, actions under incorrect

conditions), we do not consider corresponding blocks (action blocks in this example) &sheart o

10¢



user model, thus adjusting the correctness score. Similarly, in case of false negatives, we match
the blocks used by students to semantically similar expert model blocks, thus adjusting the

correctness and incorrectness scores.
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Besides using | og da tpaformances foreatlyleamingiadtieity,t s 6 r
we also study studentsd6 modeling behaviors f
conceptual and computational model evolution over the course of the activity, (ii) how the
conceptual and computationapresentations are combingdringthe adivity, and (iii) frequency
of use of the desireahd suboptimal strategi&i-S5described irSection6.3.

With respect to both conceptual and comput
evolutionduring anactivity by calculating the model distances at each model revision (actions
performed as part of the SC tad&fined in the CTSiM task model, s&ection6.3) and then
characterizing the model evolution using 3 metrics:

(1) Effectivenessthe proportion bmodel editsduring the activitythat bring the model closer to
the expert moddbr the activity

(2) Slopei the rate and direction of change in the model distameetimeas students build &
models for the activity; and

(3) Consistency How closely the model distance evolutiower time in an activitynatches a
linear trend.

We assess studentsod6 modeling behavior I n
conceptual and computational modeling representatmisiild their models (Basu,i®vas, &
Kinnebrew,2016 usingthe following metrics:

(1) Number of switchesWe look atconceptual and computatiorattivity chunks(successive
actions in one type of representati@mduse thetotal number of chunkas a measuref how
many times a&tudent switched between the two representations;

(2) Average conceptual chunk siz&'he averagenumber of consecutive conceptual modeling

actions taken before a switch is made to the computatioodéling representation
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(3) Average computational chunk size - The average number of consecutivengmutational
modeling actions taken before a switch is made to thesmiuaimodeling representation
(4) Weighted atio of chunk sizes The ratio of conceptual armmputational chunk sizes divided
by the ratioof the sizes of the conceptual and computational expert maaels
(5) Coherence- the fraction of conceptual edits that were followed rlated (cohereny
computational editat some future time

Further, I n addition to assessing student :
evolutions for each learning activity aldw theyintegrate the conceptual and computational
model i ng representations, we ¢ harrrag ofetheir ze st

frequency of use of the desired strategiesSSIseeSection6.3), and their suboptimal variants.

7.2 Results

Weanalyzelst udent s0 r e s pbasedsasssessneent artifdcts ang thepdata logged as
they used the CTSIM v2 environmentanswer thesix research questions presentedsection

7.1.1 The effectiveness of our adaptive scaffolding framework is demonstrated by comparing
studentsin the control and experimental groupssed on their learning gains, modeling
performances and behaviors, and abilities to transfer modeling skills to new scenarios.

7.2.1 Science and CT learning gains

To answer ourl® research questigrwe analyzed the impact afur task and strategy based
scdfoldso n s t uwtralinstiende amal CT learnings measured by the differences between
their performance on the corresponding jpired postests.Table7 reports the preand posiscores
and prepost gains for students in both conditions for paperbasedscience (Kinematics and
Ecology) assessments as well as for the CT assessment. The @3spssbre refers to scores on
the CT tests administered on Day 13 of the study at the end of the ecology unit.

Students in both conditions showed sigrdfit prepost learning gains for kinematics and
ecology science content, as well as CT concepts and skills. However, the gains and effect sizes
(C o h e hweer higher in each case for students in the experimental greup2) compared to
those in the aatrol group 6 = 46).Also, though we made every effort to balance the control and

the experiment al groups using scores fr,om the
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we notice that students in the experimental group had highegegrescoredhence we computed
ANCOVAs comparing the gains between control and experimental conditions takibgspre
scores as covariates. Factoring out the effect of initial knowledge differences implied by the pre
test scores, we found significant differencesadiersce learning gains between the two conditions
with medium to high effect sizes: kinematics gafs (18.91p< 0 . 0 6=00117) and @cology
gains F=52.29p< 0. 0 6-60136). Sinilarly, we factored out CT prest effects to find a
significant effect of condition on CT learning gaifs<40.69p< 0 . 0 8-60131). Wemlso
assessed student s06 p e rtdstdakanatithe end of kimematidstgandf i r s t
found that students in the experimental group showed higher learning gains from-tibst poe

the first postest f = 18.16 p< 0 . 0 8-=00116) , aggained further from the intermediate to
0891, dp

0.17). Therefore, in answering our first research question we conclude that the adaptive scaffolding

the final CT postest administered at the endtbé ecology unitk = 18.85p< 0.

described in Sections 6.4 and 6.5 helped students achieve higher science and CT learning gains.

Table7. Sdence and CT learning gains for students in the control and experimental conditions

Pre Post Pre-to-post | Pre-to-post | Pre-to-post
gains p-value Cohen¢(
Kinematics Control 12.52 (6.32)| 15.55(5.72) | 3.03(4.78) | <0.0001 0.55
(max = 45) | Experimental | 16.65 (6.61)| 22.38(6.39) | 5.72(5.62) | <0.0001 0.88
Ecology Control 7.40 (3.90) | 16.19(8.35)| 8.78(7.17) | <0.0001 1.35
(max = 39.5) | Experimental | 9.39 (4.47) | 27.91(6.70) | 18.53(6.31)| <0.0001 3.25
CT Control 16.49 (5.68)| 22.53 (5.70) | 6.04(5.44) <0.0001 1.06
(max = 60) | Experimental | 22.72 (7.68)| 32.24 (5.86) | 9.52(5.23) | <0.0001 1.39
We also noticed thatttev er age of t he cteshscoreautnedowtodei t i o n ¢

| ower than the exper i festrsdorad for thestiencetanddCit Gngs. mv er a
order to probe deeper into why this occurred, we calculated the averagagmostest scores

for students in each of the fouf Grade sections to chieevhether any section was an outlier in

terms of pretest performance. Our results (see Table 8) showed that both sections assigned to the
experimental condition performed at par on thetpets, and the two sections assigned to the

control condition perfomed similarly on the préests. Therefore, we were left to answer the
qguestion: did the students in the experimental condition learn more because they already knew

more than the students in the control condition?

10¢



Table 8. Science and CT learning gainsbgtion

Pre Post Preto-postp-value
Section1i Control (n=22) 13.64 (6.9) | 16.41(6.2) <0.01
Kinematics Section3 Control (n=24) 115 (5.7) 14.77 (5.24) | <0.01
(max = 45) Section 21 Experimental (n=26) | 17.12 (6.6) | 21.4 (6.6) <0.0005
Section 4i Experimental (n=26) | 16.19 (6.7) | 23.35(6.13) | <0.0001
Section1i Control (n=22) 8.25 (4.6) 18.75 (9.4) <0.0001
Ecology Section3i Control (n=24) 6.63 (3.0) 13.83 (6.7) <0.0001
(max = 39.5) | Section Z Experimental (n=26) | 9.0 (5.4) 25.58 (7.5) <0.0001
Section 4i Experimental (n=26) | 9.77 (3.4) 28.25 (5.9) <0.0001
Sectionli Control (n=22) 14.89 (5.7) | 22.55 (6.4) <0.0001
CT Section3i Control (n=24) 17.96 (5.4) | 22.52 (5.1) <0.0001
(max = 60) Section 21 Experimental (n=26) | 22.87 (8.6) | 32.77 (6.6) <0.0001
Section 4 Experimental (n=26) | 22.58 (6.8) | 31.71 (5.2) <0.0001

To investigate the question above, we divided students in each condition into two groups

(6Low

pre scoreséo

and

score as the divider, and compared learning for students who started with legtpseores

against those who started with high{est scores. Table 9 shows the learning gains for both the

groups in each condition. The effect sizes reported in Tkl the slope of the plots in Figure

25 show that the students in both control and experimental conditions who start with lower pre test

scores have higher pte-post learning gains compared to students in the same condition who start

with high pretest scores. This result holds good for both science and CT learning, and

demonstrates that CTSiM is not biased toward the students who are more knowledgeable initially.

Instead, students who initially have low knowledge tend to learn more, and this helyes tresiu

gap between students who start with differing levels of prior knowledge.

Also, we observe that the experimental group students with low pre score show higher

learning gains than the control group students with low pre scores, and the experinoeital gr

students with high preest scores show higher learning gains than the control group students with

high pretest scores. In addition, we find that experimental group students with leespszores

generally have preest scores much lower than tlditcontrol group students with high piest

scores. However, by the pdste s t ,

but al

SO

thisi|l @evx perei memotr 10
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Table 9.Gains by low and high prest perfomance for each condition
Preto-post | Co hen

Pre Post

p-value Effect size
Controli Low pre scores(n=23) 7.63(2.9) | 12.5(4.8) | <0.0001 1.23
Kinematics | Controli High pre scores(n=23) 17.41 (4.8)| 18.61 (4.9) | >0.05 0.25

(max = 45) | Experimental Low pre scores (n=26)| 11.38 (3.8)| 18.98 (6.0) | <0.0001 151
Experimental High pre scores (n=26) 21.92 (4.1)| 25.77 (4.8) | <0.0001 0.86
Controli Low pre scores(n=20) 4.80 (1.2) | 12.98 (6.5) | <0.0001 1.75
Ecology Controli High pre scores(n=21) 10.09 (4.3)| 19.41 (9.4) | <0.0001 1.27
(max = 39.5)| Experimental Low pre scores (n=22)| 5.64 (1.6) | 25.93 (7.0) | <0.0001 4.0

Experimental High pre scores (n=25] 12.86 (3.8)| 29.66 (5.8) | <0.0001 3.43
Controli Low pre scores(n=23) 11.81 (2.8)| 19.59(4.8) | <0.0001 1.98
CT Controli High pre scores(n=23) 21.17 (3.5)| 25.48 (5.1) | <0.001 0.99
(max = 60) | Experimental Low pre scores (n=26)| 16.39 (4.7)| 28.7 (4.8) | <0.0001 2.59
Experimental High pre scores (n=26] 29.06 (3.8)| 35.77 (4.6) | <0.0001 1.59

Kinematics learning gains Ecology learning gains CT learning gains
5 40
Es)
5
/ . /
25
____-———-'-'-'-"" = -‘-’__’--"_'-""

Figure 25.Science and CT learning gains by condition and initiatt@sé scores
7.2.2 Modeling performance

In order to address our"®research question, avassess the effectiveness of our adaptive
scaffolding framework by comparing the deb building performance atudents in the controh(
= 46) and the experimental € 52) groups. Modeling performance for an activity is measured in

terms of the acc woneeptyal aod conputatiahaodeiss 6 i Mg nadi st ar
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metrics ouined in Section7.1.6. Table 10 and Figure 26 illustrats t udent s® concep:

computational modeling p®rmance, where a lower distance score indicates better model

performance

Figure 26. Modeling performance across conditions

Figure 26shows thastudents in the experimental condition built more accurate conceptual
models for the Bllercoaster Fish-macro, and Bh-micro activities (the final mael distance
scores were significantly lowegpmpared to students in the control comaitivho did noteceive
any scafolding from Ms. Mendoza. Breaking down the aggregate distance stat#s10shows
thatthe two componergcores ofimissinggandéxtradconstructs were also significantiywer for
the experimental contibn, implying that the experimet a | groupbébs model s inc
conceptual model elements from the expert maglgh{ficantlylower énissingscore) and feer
redundant and incorrect coeptual elementssignificantly lower Gextradscore) compared tdhe
control groupds model s

Similarly, students in the experimental condition built more accurate computational models
compared to students in the control condition {tifierences in final model diances for the two
groups were statistically significant) for th@lRrcoasterFish-macro andrish-micro modeling
activities. Similar toconcept ual model i ng, compuationalmgdels i me nt
included more of thexpertmodel elementss(gnificantly higher correctness scprand fever
redundant and incorrect computatiomdéments gignificantly lower incorrectscore) than the

control groupds model s.



In summary, the answer to @if research question is that thaaptive scaffolding through
conversational feedbackrovided to students in the experimental conditie@sulted in

significantly better conceptual ancbmputational modeling task permance compared to

students in the control group

Table 10. A comparison ofmodeling performaneeacross conditions (Notep*< 0.05 **p <

0.001, ***p < 0.0001)

Rollercoaster Fish-macro Fish-micro
Final Missing score | Control 0.09(0.12) 0.23(0.19 0.19 (0.16
conceptual Experimental | 0. 02(0.09* 0.04 (0.05*** 0.04(0.02***
model Extra score Control 0.90 (0.59 1.53 (1.52 1.38 (1.60
accuracy Experimental | 0.17(0.18)*** 0.09 (0.09)*** 0.10 (0.07)***
Distance score| Control 0.99(0.53) 1.76 (1.48 1.56 (1.58)
Experimental | 0.20 (0.20¢** 0.13 (0.13*** 0.14 (0.08)***
Final Correctness Control 0.66 (0.23) 0.48 (0.21) 0.53(0.27)
computational | score Experimental | 0.85 (0.21)*** 0.93 (0.1)**=* 0.97 (0.07)***
model Incorrectness | Control 0.24 (0.21) 0.15 (0.13) 0.21 (0.23)
accuracy score Experimental | 0.15 (0.18)* 0.04 (0.03)*** 0.02 (0.05)***
Distance score| Control 0.48 (0.19) 0.57 (0.17) 0.56 (0.28)

Experimental

0.24 (0.25)"*

0.09 (0.1)**

0.04 (0.08)**

7.2.3 Transfer of modeling skills

Next,

detailed description of a wettheepgrass ecosystem and were askedi) build a conceptual
model using an agent based seaseframeworksimilar to the one students used while working
in the CTSIM environment, and (iBuild a computational model using domaspecific and
n t he

we

anal yzed

student so

domainrgeneral computational primitives provic d

conceptual an@llock-based computenal models of the wolheepgrass ecosystem separately,
and report our results in Takld. The conceptual modeling score was determined by the number
of conceptual elements (ags, environment elements, properties, behaviors, sserggoperties)

required to correctly and completely describe the given-sludepgrass ecosystem, minus the

perfor mances

guestion.

n

number of redundant conceptual elements. The computational modeling score also took into

account required and extra blocks, as well as whether actions occurred under the correct set of
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conditions We found that students in the experimental condition were able to apply their modeling

skills betterto the woltsheepgrass scenari@nd built sigificantly more accurate conceptual and

computational models compared to students in the control conditianswers our®esearch

guestion

Tablell A comparison of learning transfer between conditions

Cohe
Control Experimental | p-value d
Conceptual | Conceptual entities (max = 5)| 4.66 (0.79) | 4.92 (0.39) <0.05 0.43
modeling | Conceptual sensact (max = 41) 11.54 (5.29)| 20.93 (6.70) | <0.001 1.56
score Total score (max=46) 16.21 (5.45)| 25.86 (6.73) | <0.001 1.58
Computational modeling score(max=48) 17.33 (9.23)| 30.50 (8.98) | <0.001 1.46
33.53
Total transfer test score (max=94) (13.80) 53.36 (14.49) <0.001| 1.63

7.2.4 Modeling behaviors

We

assessed

st ud e nin eadhactiity dasdd iorthgr. (ip reodeh evolubians

over time during the course of the activity, (ii) integration of the conceptual and computational

modeling representatiomkiring the activityand (iii) frequency of use of desired strategiesSS1

and their suboptimal variants.

In addii

on to buil di

ng

mor e

accur ate

fi

nal

towardsbuilding theirfinal modelswas significantly better thatihat ofthe control groug(see

Table R). For example, the experimental group demonstrated better concepteadihgbdhavior

as evidenced by three metrics: (1) higher percentage of effective (i.e., correct) conceptual edits in

all three activities; (2) conceptual model accuracy improved with time in each activity, i.e., the

slope for model distance over time wagative, whereas the distance slope for the control group

was positive.(The control group kept adding unnecessary elements to their models, and their

mo

conceptual models became more inaccurate in each activity as time progressed); and (3) modeling

consisteny was higher for the experimental group in the-fisloro unit. Also, the experimental

groupo6s

computation

al

mod el

progressions

more rapidly. Both conditions had negative computational model evolutipesslioe., their model
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accuracy improved over time in each of the activities. However, the rate of improvement was

significantly higher for the experimental group in all the activities.

Tablel12. A comparison ofmodelevolutionsacross conditions (Notepx 0.05, **p<0.001, ***p

<0.0001)
Rollercoaster Fish-macro Fish-micro
Conceptual Edit Control 0.497 (0.060) 0.445 (0.101) 0.483 (0.164)
model Effectiveness | Experimental | 0.567 (0.038)*** | 0.592 (0.044)** | 0.676 (0.062)***
progression Model Control 0.005 (0.007) 0.003 (0.003) 0.002 (0.006)

evolution slope

Experimental

-0.003 (0.003)"*

-0.002 (0.002)**

-0.005 (0.004)**

Model
evolution

consistency

Control

0.334 (0.291)

0.500 (0.336)

0.585 (0.340)

Experimental

0.304 (0.221)

0.591(0.310)

0.796 (0.225)*

Computational
model

progression

Edit Control .43 (.09) A7 (.07) .55 (.12)
effectiveness | Experimental | .43 (.08) .58 (.08)*** .69 ((11)***
Model Control -.004 (.004) -.002 (.001) -.005 (.004)
evolution slope| Experimental | -.006 (.005)* -.004 (.002)*** -.009 (.004)***
Model Control 41 (.31) .78 (.21) .78 (.24)
evolution Experimental | .6 (.25)** .95 (.04)** .95 (.05)**

consistency

Table13. A comparison oimodeling behaviors across conditions with respect to combthing

conceptual and computational representations
(Note: *p<0.05 *p<0.01, **p<0.001, **** p<0.000)

Rollercoaster

Fish-macro

Fish-micro

Number of

computational chunks

conceptual/

Control

20.13 (10.25)

55.02 (26.09)

30.07 (15.2)

Experimental

33.23 (11.57*

93.52 (30.11**

56.17 (13.56)*

Average size of conceptu{ Control 10.24 (4.48) 18.54 (13.01) 20.29 (16.21)
chunks Experimental | 8.24 (2.44)* 8.12 (3.33)*** 5.65 (1.6)***
Average size of computation{ Control 16.72 (18.08) 8.82 (4.14) 7.2 (4.47)
chunks Experimental | 7.92 (2.78)* 5.11 (1.25)** 4.2 (1.265*
Normalized atio of conceptua| Control 0.83 (0.5) 2.66 (1.6) 2.73(1.7)

to computationalchunk sizes Experimental | 1.1 (0.52)** 2.02 (0.87)* 1.38(0.42)****
Fraction of conceptual edits wit Control .28 (.07) .17 (.08) .25 (.15)
coherent computational edits | Experimental | .3 (.08) 33 ((1L)rx 56 ((12)*r**
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Besi des compar i nhg cosceptud enmdtcenputationad repoesentations

separately, we also compareddstint s model ing behaviors with

the two representations using the metrics describe®&ention7.1.6 Table 13 shows that the
average sizes (number of edits) of the conceptual and computatiamdtsctvas significantly
smaller for students in the experimental conditiwhile the number of switches between the
conceptual and computational modeling representations was significantly Highdhe
experimental grouprl hese resultendicate that studds in the experimentabndition were better
at decorposing their modeling tasks into smakerdmore manageable chunksdahey switched
frequentlyto take advantage of the coupled representatiBasy, Biswas & Kinnebrew, 2016;
Basu, Kinnebrew, & Biwas,in review). This difference was consistent and statistically significant
across all three modeling activities, but the disparity in both conceptual and computational chunk
sizes became more pronounced in the later activihesddition to decomposintheir modeling
tasks better, the students in the experimental conditiordalsmnstrated a better understanding
of the relations between the two levels of modeling abstractions, as eddgredigher number
of conceptual edits followed by coherent computational edits.

The normalized ratio of conceptual and computational chunk smesides a
complementary measumgith respect to integraih of the modeling repsentations. For each of
the modeling activities, we noticed a mificant difference in this nonalized ratio between
students in the two conditions, and found that the ratio was always clostartstddentsn the
experimental condition. A normalized chunk size ratio of lafoactivity implies that it is equal
to the ratio of the number of conceptual and computational elements in the expert model for the
activity. This ratio increased from the RC to thdfisacro activity for both contions, implying
t hat st uduwaledits iGcreasednas eomppared to their computational edits with respect to
the expert models. However, the increase was significantly greater for the control group. Perhaps,
the complexity of the fisimacro activity resuétd in students spending moréoef (i.e., more edits
because they made more errors) in con@zing the models (multiple éties, their properties,
and behaviors) than in the RC unit. For the experimental condition, the normalized ratio decreased
from the macro to the micro unitnplying that students had to spend less effort in conceptualizing
the domain model. However, the ratio increased further from macro to micro activities for the

control group.
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Finally, we computed the i mpact of gt he
behaviors by comparing students in the control and experimental groups in terms of their effective
and suboptimal strategy usadable 14 presents the average number of times each of the five
strategies was used in each modeling activity, as well gsetitentag®ef students who used the
strakegy d least once in each activitjve note two general trends in the effective use of all the
strateges across the three modelingates: (1) the fraction of students in the experimental group
who used the stegieseffectivelywas always greater than or equal to the fraction that used the
same strateggffectivelyin the control group, and (2) the averagtectiveuses of the strategies
was also higher in the experimental group. As shown in Tehla numier of the differences
between average uses of strategiehénttvo conditions were statisdilly significant at different
confidence levels. While most of the differences had low to medium effect Gizet (e nndhe d
range of 0.2 to 0.7), the differezxin use of the cohereliodelBuild strategy had much larger
effect sizes in all three modeling activiti€s ¢ h e rindhe radge of 1.36 to 1.75).

Tablel14. A comparison of the use of desired strategies across conditions
(Note: *p<0.05, *p<0.01,*** p<0.001)

RC Fish-macro Fish-micro
Strategy Fraction | Mean (s.d.) Fraction Mean (s.d.) Fraction | Mean (s.d.)

of of students| of

students students
S1. & actionfollowed by | C| 37% 1.33(2.99) | 54% 2.43 (4.8) 70% 1.93 (2.05)
relevant science reads E| 63% 2.23(4.71) | 83% 4.75 (4.97)* | 85% 3.4 (4.51)*
S2. A actionsfollowed by | C| 4% 0.07 (0.33) 26% 0.76 (1.66) 26% 0.85 (9.31)
relevant science reads E| 38% 1.37(2.69)** | 44% 1.66 (2.29)* | 44% 1.06 (0.24)
S3. Fraction of assessq C| 80% .73 (.42) 93% .5(.33) 83% 0.89 (0.27)
behaviors that were read| E| 92% .86 (.28) 96% T (.32)** 100% 0.96 (0.16)
about before being assess
S4. Number of partial| C| 0% na 48% 2.65 (5.79) 15% 0.57 (1.98)
model comparisons E| 0% na 58% 5.42 (7.16)* | 19% 1.97(3.22)*
S5. Fraction ofsenseact | C| 100% 0.67 (0.27) | 100% 0.69 (0.31) | 98% 0.59(0.31)
properties  removed or| E| 100% 0.97 (0.1)*** | 100% 0.99 100% 0.98
followed by a coheren (0.03)** (0.06)**
computational edit

We also performed more fine grained analysis of effects of the scaffolds on effective uses

of strategies by counting the number of effective uses before and after feedback instances. Our
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results show a general trend for students who needed scaffoldimgftbetive uses of strategies

became more frequent as they received feedback for their suboptim@ases: Biswas, 2016)

For example, foS4(the testin-parts strategy) in the fismacro unit, 10 of the 52 experimental

group students never receivégkedback oS4 and made 0.§1.5) effective uses ob4 on an

average. 15 students received feedback exactly once, and made an average of 2.0 (4.7) partial

model comparisons before receiving feedback, which increased tq®223 after receiving

feedback The other 27 students received feedbackSdmwo or more times; they usefd an

average of 0.982.4) times before receiving any feedback, (232) times between the first and

second feedback instances, and(#.43) times after receiving feedbackde:

Table 15. Comparing suboptimal uses of strategies in terms of feedback received or would be
received (Note: < 0.05 **p < 0.005, **p < 0.0001)

RC Fish-macro Fish-micro
Min- Min- Min-
n Mean(s.d.) n Mean(s.d.) n Mean(s.d.)
max max max
S1:SGIA | C| 4 0-1 0.09 (0.28) 19 | 0-28 1.93 (4.46) 15 0-7 1.13 (1.98)
strategy | E| 3 0-1 0.06 (0.2) 22 0-4 0.69 (1.02) 8 0-1 0.15 (0.36%*
S2:SAIA | C| O 0 0(0) 0 0(0) 3 0-10 0.28 (1.5)
strategy | E| O 0 0(0) 0 0(0) 0 0 0(0)
S3:1A- | C| 16 | 057 8.43(15.8) | 41 | 0-62 188(15.7) | 8 | 014 1.11 (2.94)
SC/SA E
18 | 0-15 | 1.37(3.11% | 19| 014 | 1.81 (3.27* | 4 0-3 0.13 (0.52)
strategy
S4:Testin- | C| 0O 0 0(0) 46 | 1-26 9.57 (6.77) 37 | 0-30 3.85 (5.27)
parts E
0 0 0(0) 42 0-9 2.23 (2.13y 23 0-6 0.83 (1.26)**
strategy
S5:Model | C| 41 | 0-32 7.17 (6.19) 45 | 0-130 | 34.83(28.87) | 36 | 0-150 | 18.85 (26.95)
Build E
32 0-8 1.79 (2.17y** 35 0-10 2.04 (2.43y+* 30 0-10 1.33 (1.82)**
strategy
We also studied the effect of our

adaptiwv

strategies. Since the strategy oriented scaffolds were triggered based on the suboptimal strategy

uses, we counted the feedback received in the experimental group and calculated the feedback that

would be received by the control group. For each of thetywes of strategy feedback, Table 1

provides for each activity: (1), which represents the number of students who receive the feedback

at least once in the activity, (Zhinrmax wheremin represents the lowest number of times

feedback is received by a student in the group during the activity (correspondiagigpresents
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the highest number of feedback instances received by a student in that group) naeah(8.d.)
represent the avage number of times (and standard deviation) the feedback was received during
the activity. We see that the students in the experimental group need significantly lower amount
of strategy feedback than the control group would have needed, especially KbodaEBuild
strategy, theestin-partsstrategy, and thiEA-SC/SAstrategy implyingthat the adaptive scaffolds
helped improve effective uses of the strategies, and reduced their suboptimal uses.
In summary, the results imply that the adaptive scafigliad asong effectonste nt s 0
modeling behaviors and hel ped i mprove studentsOo use a

computational modeling representations, and effective strategy.usage
7.2.5Relations between modeling performances and behaverandscienceearning

To investigate oub™" research question, we analyzed the correlations bet(@@#me modeling
performances and behaviors and strategy use for each aanatip) s t u d e n-test €corgs 0 s t
for the corresponding science domain.

First, we corr el attestdcorsestwittdtieem imadéling performamaee p o s
model evolution metrics,and how they integrated the conceptual and computational
representationgsee Table 8). We did not find any significant correlations beeve st udent s
modeling measures in theoRercoastemctivity and their Kinematics pos¢st performances. A
likely reason is that the RC conceptual representation, with a single agent type, did not provide a
lot of scaffolding for designing the correspamglicomputational models. Therefore, the benefits
of the linked representation were not as apparent. Besides, the students may not have become
proficient with the representations Attivity 1, thereforemodeling alonealid notperhapshelp
the students tbetter understand domain knowledge. However, Table h o ws t hat st ui
modeling metrics in the fismacro and fishmicro activities were correlated witheir ecology
posttest scores.

We find that the macro and micro final model distances were nefyatiorrelated with
ecology postest scores, implying that lower distances to expert madetswre accurate student
modelswere associated with higher post test scores. For students in the experimentahgroup,
correlations between their Ecology ptss$t scores and theiomputational performance measures
for the fishkmicro unit do not reach significancegssibly due to the homogeneity of their final

model distances in the micro unitlso, in the Ecology nits, model evolution slopes, especially
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for conceptual modeling, appears to be a strong predictor of scieneegtostores. The more
negative the slope (i.e., faster the progression towards a more accurate final model), the higher the

Ecology postestscore.

Table16. Correlations of modeling performances and behaviors seigncdearning
(Note: *p<0.05, *p<0.01, **p < 0.001, ***p<0.0001)

Correlations with Kinematics post test scores
Control Experimental
Conceptual Computational| Conceptual| Computational
RC final distance -0.16 -0.16 -0.208 -0.151
RC effectiveness -0.17 -0.18 0.258 -0.013
RC slope -0.09 -0.2 0.008 -0.111
RC consistency -0.07 0.1 -0.158 0.096
RC number of chunks 0.06 0.028
RC ratio of chunk sizes 0.02 0.055
RC coherent edits 0.06 -0.005
Correlations with Ecology post test scores
Macro final distance -0.35* -0.56*** -0.476** -0.393**
Macro effectiveness -0.02 0.09 0.334* 0.225
Macro slope -0.43** -0.12 -0.204 -0.265
Macro consistency -0.24 0.18 0.31162* 0.264
Macro number of chunks 0.61xx** 0.076
Macro ratio of chunk size| -0.25 0.27
Macro coherent edits 0.48** 0.293*
Micro final distance -0.43** -0.62%*** -0.393** -0.182
Micro effectiveness 0.03 0.38** 0.275* 0.131
Micro slope -0.53*** -0.46** -0.286* -0.155
Micro consistency -0.08 0.22 0.281* 0.104
Micro number of chunks 0.51%** 0.125
Micro ratio of chunk size: -0.22 0.031
Micro coherent edits 0.63*x** 0.275*

In terms of linked representation integration metrics, faund that a higher number of
chunks (greater number of switches between the conceptual and computational representations)
and lower average chunk sizes were correlated with highettggistcores for students in both
conditions suggestinghat effectve coordnation between the linked modej representations
appeared to have a positive effect on s@elearning. Specifically, decgosing the modeling

task and going bae&ndforth between representations in relatively small sized chunks appeared
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to be useful behaviors that supported greater learnkigo, greater coherence between the
conceptual and computational modeling representations in thenfislo and fishmicro units
strongly correlated with higher Ecology passt scores for students in batonditions.
Furthermore, we al so analyzed the correl at
activity and their post test scores in the corresponding science domain. While we found use of
certain strategies to be significantly positively correlatedearning in particular units (for
example, the ModeBuild strategy in fiskmacro and fiskmicro activities), we did not generally
find use of an individual strategy to be correlated with learning across all activities or across
conditions. Thisresult speaks for the importance of using a combination of the strategies for
efficiently integrating the different CTSIM tasks and dabks, since we have found that the
experimental group students who displayed a better overall usage of the desired saksegies
displayed higher learning gains.

7.2.6 Fading effect of scaffolds across modeling activities

Finally, to answer our'®research question,anstudied how often students in taeperimental
group received scaffoldingand how the scaffolding frequency varied across the three modeling
activities. Figure 27 illustrates how the stratelggsed and tas@riented feedback received by

students in the experimental condition varied across learning activities.

N
o O

B Rollercoaster

B
o

B Fish-macro

‘ Fish-micro

Task oriented feedback Strategy feedback

Feedback
frequency

o o

Figure 27 Frequency of feedback received across learning activities

Table 17 shows the feedback received for different strategies and different aspects of the modeling
task in each activity. For each type of tdislsed and strategyriented feedback, Table 17 provides
3 values for each activity: (1) n represents the number of students who received the feedback at

least once in the activity, (2) range represents the lowest and highest number of times the feedback
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was received by any student during the activity, and (2nfg.d.) represent the average number

of times the feedback was received during the activity along with its standard deviation value.

Tablel7. Variation of frequency and types of scaffolds required across modeling activities

RC Fish-macro Fish-micro
Mean Mean Mean
n | Range n | Range n | Range
(s.d.) (s.d.) (s.d.)
0.06 0.69 0.15
SCIA strategy 3 0-1 22 0-4 8 01
(0.2) (1.02) (0.36)
SA-IA strategy 0 0 00) | O 0 00) | O 0 0(0)
1.37 1.81 0.13
IA-SC/SA strategy 18 | 0-15 19| 014 4 0-3
(3.11) (3.27) (0.52)
Strategy
) 2.23 0.83
feedback Testin-partsstrategy 0 0 0(0) | 42 0-9 23 0-6
(2.13) (1.26)
) 1.79 2.04 1.33
ModelBuild strategy 32 0-8 35| 0-10 30| 0-10
(2.17) (2.43) (1.82)
3.2 6.77 2.44
Total strategy feedback | 38 | 0-20 50| 0-18 39| 016
(3.9 (5.05) (2.9)
Conceptual 0.29 477 | 31 2.5
- 4 0-8 43 | 0-22 0-13
entities (1.26) (4.31) (3.3)
Conceptual
029 | 1 0.02
set of 0 0 00©) | 7 0-5 0-1
_ (0.99) (0.1)
Conceptual| behaviors
model Senseact 11.86 1.98 1.17
o 52 | 2-37 22| 012 21 0-7
Task building framework (8.0) (3.05) 2.7)
oriented Total
feedback conceptual 12.15 7.04 3.69
) 52| 2-37 49 | 0-24 46 | 0-14
modeling (7.94) (5.85) (3.3)
feedback
Computational model 2.23 3.46 | 10 0.35
o 37| 011 42 | 0-16 0-5
building (2.56) (4.03) (0.9)
14.38 10.5 4.04
Total task based feedbac| 52 | 2-45 50| 0-37 46 | 0-16
(8.69) (8.52) (3.5)

We found that students needed a combination of task and strategy feedback in all the

modelng activities. In the initial rollercoasteactivity, students received more task oriented



feedback than in the other two activities. In the more complexniistro activity with multiple
agents and behaviors, students needed more strategy feedback tharoliertwasteractivity,
but less task oriented feedback than inrthikercoastemactity, implying that the effects of the
feedback persisted across units. However, students found it challenging to manage and integrate
the different tasks in a complex modeling activity involving a new domain. Finally, in the fish
micro activity, the taskeedback received was further reduced, and the strategy feedback also
decreased (to a smaller number than in the inibdércoasteractivity). This result provides
preliminary evidence that our scaffolding effects persisted, and, therefore, a fadotgeturred
naturally as students worleacross units. Further, thestdting conceptual and computational
models in the fishmicro activity were the most accurate of any activity, even though the students
received less feedback in each category of sidafiian in the earlier activities.

For the taskoriented feedback, we noticed that students needed a ic@tnn of
conceptual and compational model building feedback in all the activities. Looking specifically
at the conceptual modeling scaffolds, wedfthat almost all of the feedback in ttedlercoaster
activity was directed at caectly conceptualizing senset processes. However, students got
significantly better in concépalizing sensect processes in the fish macro and fish micro
activities. In these activities, most of the conceptual model building scaffolds were directed at
correctly conceptualizing the right set of entities in the dopmaimch may be attributed to
st u d w prisr knowledge in the ecody domain (see piest scores iTable7). Students
were faced with learning and modeling new domain content with multiple agents and environment
elements in the fish macro and fish micro activities.

With respect to strategy feedback, we see that students needed a combination of the
different scaffolds except that for tB&IA strategy. The value 0 across all activities for 3ide
IA feedback is unusual, but that was because the conditi@n whith this strategy was tggred
was rarely assessed. Thissultimplies that this assessntemeeds to be further refined in the
learner model in the future. In general, students needed a lot of scaffolding ModeéBuild
strategy, theéestin-parts strategy, which was applicable for the larger ecology activities, and the
IA-SC/SAstrategy Again, these results show that the feedback on the five strategies and different
aspects of the modeling tasks was effective, in that students learned how to use the strategies, and

there was a general fadieffect on the need fdeedback acrosactivities
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7.3 Discussion

In summarythis research study demonstrates the effectiveness of the CTSiM v2 environment with
adaptive scaffolding, and provides valuable insight into the six research questions that this study
was designed to investigat®/e comparetsidents who receive and who do not receive adaptive

scaffolding and draw the following conclusions about the impact of the adaptive scaffolding:

i.  Students who receivthe adaptive scaffolding shawgher science and CT learning gains
compared to students wiilo not receive the adaptive scaffolding
ii.  Students whaoare provided adaptive scaffolding bdilmore accurate conceptual and
computational models, ardebetter able to transfer their modeling skills to new scenarios
in comparison to students who a@ provided with adaptive scaffolding
iii.  Students who are adaptively scaffolded display more proficient modeling behaviors, better
use of CT practices, and a higher frequency of effective strateggampared to students

who are not adaptively scaffolded

Moreover, our results show that studentsd mod
CTSIiM v2 environment are correlated with their science learning. In particular, we find strong
correlations between science learning and the use of importantaCficps like decompomg
modeling tasks and understamgland elaing representations at diffent levels of abstraction.
This correlationclearly demonstrates the synergy between CT and science learning, which we
have tried to leverage in the CTSIM @&owvnment to fosterCT skills and science learning
simultaneously.

Besides comparing students whoee/ed and did not receive scaffolding, we also analyzed
how the type and frequency of scaffolds needed by students varied across time. We have shown
that sudents needed a combination of thslsed and stratedyased scaffolds in all activities, and
that the average number of scaffolds required of each type decreased with time across activities.
This result, combined wit h 8naladiatynandg their hghd e | i n ¢

learning gains, demonstrates the fading effect of our scaffolds.
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CHAPTER 8

Discussion Conclusions and Future Work

Computational Thinking (CT) represents a fundamental set of skills that can be linked to problem
formulation and solving, such as representing problems at different levels of abstraction,
decomposing complex problems into manageable parts;edmunulatingproblems in terms of

ones with known solutions. CT engages the power of computing to provide the franiework
representing, analyzing, and solving problems in diverse disciplines. Of particular interest to us
are the links between CT and STEM learning. CT is considered to be at the core of all STEM
disciplines, and they share several common epistemic andsegpational practices. While
computational mechanisms are better learned when contextualizedwortshproblem contexts
including those related to STEM domains, STEM concepts and fundamental science laws also
become easier to understand and applygusimputational representations and mechanisms. With
the current emphasis on promoting both CT skills and STEM awareness for developing a globally
competitive 2% century workforce, finding ways to leverage the synergy between CT and STEM

becomes critical

I n todayds worl d, It is I mperative that st
starting at an early age. While the importance of introducing CT in th2 &urricula has been
emphasized by several researchers, the field of CT research kbastcated a lot of its effort into
motivating and encouraging students to pursue computer science and use of computational tools
through extrecurricular gamedesign or apjulesign activities. Such activities generally do not try
to connect their activitiegnd learning goals to existing-K standards or STEM learning
concepts. Broadening participation in CS through motivational extracurricutaa€ad activities
may be a good first step, but CT eventually needs to be integrated inteltheufricula tanake
it accessible to everybody, including minorities and women. Also, curricular integration of CT
requires development of systematic assessments for evaluating students and scaffolds for helping

students with their difficulties, areas which both reqturéher research and development.

This dissertation research makes significant contributions to the field of CFlia K

education by demonstrating how to successfully leverage the synergy between CT and middle
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school science learning. We have develofd@®&iM 1 a computetbased learning environment

that middle school students use to build computational models of science topics. Running a study
with an initial version of the CTSIiM, we found that computational modeling of science topics
helped students leathe relevant science content, but students faced a number of challenges and
required continual individualized scaffolding for overcoming the challenges. By analyzing
students6é challenges, we were able tothdesi gn
CTSIiM system, and add adaptive scaffolds to help students become better learners and problem
solvers. Our results show that the science learning gains for the experimental group that received
adaptive scaffolding while working in the CTSiM v2 enviromwere higher than that of students

who received onen-one individualized scaffolding from members of our research team when
working with the initial CTSIM system (the Effect size for #ieematics learning gains was 0.88

for CTSIM v2 versus 0.71 for the initial system, and the Effect sizedology learning gains
increased to 3.25 in CTSiM v2 from 3.16 in CTSiM ¥his shows that the modifications made

to the CTSIiM v2 environment tadilitate model building and model verification, along with the
adaptive scaffolds helped achieve similar, or better learning gains than that achieved with the initial
version of CTSIM where students received dedicated and individualized assistance from
researchers to overcome their challenges. Also, the science learning gains of students who used
the CTSIM v2 environment without adaptive scaffolding were higher than that of students who
used CTSiM v1 without individualized assistance (the Effect siz&é&kinematics learning gains

was 0.55 in CTSiM v2 as opposed to 0.05 in the initial version; the Effect semfogy learning

gains was 1.35 for CTSIM v2 versus 1.09 for CTSiM v1). From this, we concluded that the
additional scaffolding and tools wegwided through system redesigsee Chapter Shad a

positive effect on student learning.

1 (The comparison of the effect sizes across the two studies is presesrdy as a qualitative
measure, since the research methodologies were not identical in the two studies, and the test
guestions in the second study were a refined version of those used in the first study. Also, we did
not compare students in the two stdissing measures external to the CTSiM environment.
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Overall, the primary contributions of this dissertation can be summarized as follows:

i.  Designing and Developing CTSiMa computetbased learning environment that ptio
the learning by modeling paradigm, and combines agastd modeling paradigm with
visual programming to simultaneously fosters CT skills and middle school science
learning,

ii.  Designing and Developing adaptive scaffolds forléziEed science learninghe need for
scaffolding is determined using a combinat
their modeling performance, and

iii.  Developing multiple modes of assessments for@3ed science learning and evaluating

the effectiveness of the adaptiveféolals using these assessments.

8.1 Contributions to the development of CT-based learning environments which can be
integrated into middle school sciencelassrooms

Unlike several CIbased environments and activities that are anchored in contexts like game
design, storytelling, and agtesign, the CTSIM learning environment requires students to
construct simulation models of science topicschyefully combiimg information acquisition,
solution castruction, and solution assesmt taks. The CTSIM desigprovides an example of

how CT principles can be operationalized and successfully integrated with existing science

curriculato help students simultaneously learn

(i) science conceptia kinematics and ecology,

(i) computational coreptslike conditional logic, us of sequences, loops, operators, and
variables, and

(i) important CT practices such aalgorithmic thinking, abstraction, modularization,
decomposition incremental and iterative @slem solving and model verification using

testing and debugging

For exampe, the linked conceptual and computational modeling representations support
decomposition and using abstractions to deal with complex modeling tasks. Similarly, the feature
that supports checking and comparing subsets of modeled behaviors highlightc&Epitike

testing in parts.
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Further, the intuitive agefitased, visual programming paradigm, and the domain specific
modeling language support seamless integration into existing middle school science classrooms.
CTSIM has been used successfully bguember of middle school science teachers in different
cities in U.S.A., with and without researchers from our team being present when it was used in the
classroom. All the teachers reported that they had no prior programming experience, but found
computab nal modeling using CTSIi M intuitive, and 1
in CTSIM extremely helpful for introducing their students to adssed conceptual and
computational modeling, and the use of common computational constructs for boitutliets of
scientific processes. Teacher reports and our observations in classrooms also confirm that students

generally find modeling using CTSiM intuitive, enjoyable, and engaging.

Not only do students find working in the CTSIM environment enjoyable, Hisy
demonstrate strong learning gains in both the science and CT domains. While our results in Chapter
7 illustrate that adaptive scaffolding can improve learning gains, we notice that even students who
do not receive adaptive scaffolding while workinghACTSiM show significantg < 0.0001) pre
to-post learning gains for CT content as well as science content in Kinematics and Ecology. In
addition, we also found that al/l student sd s
learning gainsr(=02,p< 0. 05). Further, students6 use of d
with their science learning, especially in the Ecology units (see TableSektion7.2.5), again

establishing the synergy between science and CT learning using CTSIiM.

8.2 Contributions to the development of adaptive scaffolds for CIbased science learning

environments

Model building in CTSiMv2 is a complex taskl he environment provides a number of supporting

tools, such as hypertext based searchable domain and CTcessdimked conceptual and
computdéional modeling representations that help students decompose thé&exangrel and

build it in parts a blockstructured visual language to build the computational models, the ability

to step through blocks to test the kwag simulation function, and a compare function that lets
students compare the behaviors generated by their model against the behaviors generated by an
expert model in partddowever, novice students find it difficult to combine all of the tools and

scafolds provided in the environment in an effective manner. Thus, we have developed a task

12¢



and strategyriented learner modelg scheme that tracks and imeats studenésactions in the

CTSIiM v2 environmentby combi ning i nf or matngdehaviard and t stu
performances using Ocoher .eTheclearder madel themh éofmEthe t | v e
basis for providingstudents withadaptive task and strategy based feedlmackextualized in

science domain contenising amixed intiative corversational dialog frameworRiVe have
demonstrated the effectiveness of our approach throwgbdy run with ontrol (no adaptive

scaffoldg and expemental (ith adaptive scaffolgds conditions The experimental group
outperformed the control group ) domain and CT learning gain@i) construding correct
sciencemodels (iii) integratng the provided modeling representatipig) transferring modeling

skills to a new scenarioand (v) use ofthe set ofdesiredstrategies we tracked in the system.

Further, we noticed that students in the experimental condition required less task and strategy
scaffolds across activities from the rollercoaster modeling activity to theniisto activity. The

f act t hat t he scaff ol dsstheimeffectvames®f adedd furt he

Overall, our approach to learner modeling and scaffolding differs from the work of other
researchers in a number of ways. Other learbyrgnodeling environments for science domains
generally scaffold students by (i) providing thewth an assessment of their science models
through modebriven simulations, or (ii) using learner models to give feedback on specific
incorrect relationships modeled by students or specific modeling actions not taken. With respect
to CT-based learning eimonments, very few provide any adaptive scaffolding at all.
Environments like AgentSheets, which provide scaffolds are an exception, but even they merely
provide automated assessments of studentsdé co

studehM s 6 artifacts with expected CT patterns.

Also, our taskand strategypased learner modeling and adaptive scaffolding framework is
not specific to CTSIM, but is generalizable for any OELE. Some researchefGdbert et al.
(2013) have claimed that usipge-determined metrics to assess learner actions in an OELE is
problematic, and, to overcome this, they have applied educational data mining techniques to
develop assessment metrics to evaluate student work. While it is true that students may use a
variety of strategies to select and apply skills, and engineering metrics that take into account all
potential corner cases is difficult, our egdal in CTSiM is not merely developing an accurate

assessment metric for st ud e n tRatlier, thea as&essmpeptr f or 1
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information that forms the basis of our learner models, is used primarily to provide feedback to
students online and in the context of their current task, but only when it is clear that their
performance metrics (i.e., effectivengissbelow prespecified thresholds. Hence, our foaughis
dissertation has not been on developing a congm&ve list of rules for specifying effective and
ineffective task performance and strategy use. Our apprxawedes thahere can be various
strategies and multiple ineffiage variants of a strategy, but whcseineffective strategy variants

to detect and scaffoldlased on our observations in previous studies conducte@Ww&iM v1.In

the future, we also plan to use offline sequence mitengniques to derive common behavior

patterns, and then use the pattéongsack student behavior in futuversions of CTSIM

8.3 Contributions to the development of assssments for CFbasedlearning environments

Another contribution of this dissertatiaos the development of various assessments artifacts and
metrics for the CTSIM learning environment. While we have used these assessments in the CTSIM
environment to evaluate the effectiveness of our adaptive scaffolding framework, many of them
can be geeralized to CTbased learning environments in general. For example, our-paped

CT pre/post tests can be used as assessments for émgs€d environments where the target CT
concepts include algorithmic thinking, conditional logic, use of loops, tiperand variables, and
understanding flow of control in a program. Fori®@#@sed environments that emphasize additional

CT concepts like parallel and recursive thinking, efficiency and performance constraints, and data
visualizations and analysis, addit@drassessment questions will be required. Similarly, our task
andstrategp ased | earner modeling and adaptive scaf"
6coherenced relations <can be applied to any
frequeng of use of desired and suboptimal strategies can be generalized to other OELESs including
CT-based learning environments. While our model performance metrics are influenced by the
specifics of the domaispecific modeling language used to build CTSIM msdelur model

evolution metrics can be used to assess how students build their computational artifacts in any CT

based environment as long as the correct or expected artifact is well defined.

Overall,the assessmentse have developed for the CTSIM environmbkatve been able
to demonstrate theffectiveness of this dissertation research. We report strong and synergistic

learning gains for science and Cand show how the CTSIM moded interfacesnaturally
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promote impaant CT practices, which are also synergistic with science learfhmgy.linked
conceptual and computational modeling interfaces in CTSIM promote modeling at different levels
of abstraction and decomposing the modeling task into modelingidndl agentbehaviors
separately. The interfaces for observing whole or partial student models as simulations, on the
other hand, promote systematic testing, debugging, and iterative refinement prectéiddgion,

we demonstrate that interpretisg u d e n t im GTSMdy conabimisg information about their
modeling behaviors and performance, and adaptively providing caelextint conversational
scaffolds helps students with their model building process. Adaptive scaffolding provided by a
computerbased pedagpcal mentor agent helps students build more accurate science models
using the CTSiM environment, and combine information from their information acquisition, model
construction, and model assessment tasks more effectively, which in turn results indiegioer s

and CT learning gains.

8.4 Future research directions

This dissertation research represents a starting point for developing more ad@drcased

science learning environments with adaptive scaffolding that can be integrated into middle school
classroomsAdditional research is needed in ordedévelop a more encompassing set of adaptive
scaffoldingstrategiedy making moregroductive use of the informatiahe r i ved about st
learning behaviors. In addition, lessons learned from the exp#dgrmenducted with the current

version of CTSIM provides us with a framework to develop curricular units in other science
domains. It is also important that we extend the use of CTSIM to more diverse populations,
especially in schools that have a predomilyaminority student populatioWVe summarize some

of these promising research directions below.

Refining the learner modeling and adaptive scaffolding strategy In future versions of
CTSiM, we plan tadevelop and maintain a more nuanced learner mobelhwcaptureglobal
informationabous t udent s® mod el ieffeglivepedrineffeative asesoé g moen d
comprehensive list of strategi@¥e plan to define new strategies by looking at action sequences
from our task model, and also using oflisequence mining techniques to identify common action
patterns. Also, based on the nuanced learner model, we plan to refine our adaptive scaffolding

strategy Instead of providing scaffolds based on a simplified frequency count of ineffective
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strategieswe pl an to trigger scaffolding feedback
distribution of effective and ineffective strategiés.additonwe pl an t o analyze s
l ogs further to study studentsO responses to
able to engage with the feedback and apply it to their model building and problem solving tasks.
This will help us undersind which forms of feedback students considered most useful, and how

best to provide such feedback prompts and hin

Developing saffolds for assisting teachersi Currently, we use information about
s t u d enodelingbperformances and behaviors to adaptively scaffold students. In classroom
settings, it would also be helpful to provide teachers with assessments of how their class is doing,
common challenges being faced, and point out specific students who teeesquire
individualized assistance. Developing a teacher dashboard with aggregate class data as well as
information about individual students can scaffold teachers and assist them in managing classroom
instruction in a more effective manner. The teadaer discuss common mistakes and problems

with the whole class, and individually help students who are performing below the class average.

Emphasizing new CTconcepts and practices Currently, CTSIiM learning activities
focus on several important CT contepnd practices like algorithmic flow of control, conditional
and iterative logic, use of variables, modularization and decomposition, abstraction, and testing
and refining. However, we could also incorporate some other essential CT skills into CTSIM like
data collection, visualization and analysis of collected data or data generated by simulating the
models, systematic debugging of computational modules, and reusing and remixing of code. Data
collection could involve realorld experiments or even runnirgimulations in the CTSIiM
environment with different initial conditions. Providing an interface for students to systematically
record their collected data, visualize it using multiple representations and understand the
affordances of different representeats, and draw conclusions and answer questions based on the
collected data, could help foster some essential CT skills. Debugging is another important CT skill
which is now implicit in the CTSiM environment, but we could promote it explicitly by developing
an interface to help students with systematic debugging, testing in parts, and recording experiments
run, conclusions drawn, and corresponding plans of action. Also, recognizing and understanding
commonalities between program segments and being ableuse @d code by changing

parameters, is an essential CT skill we could try and promote in the CTSiM environment. If we
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allow students to copy and paste blocks or import blocks from one procedure to another in an
activity, or between activities, we canprom e t hi s ski | | and track s

provide feedback on how to reuse code efficiently.

Using CTSIM to teach more diversesciencetopicsi Developing new learning activities
for CTSIM which align with middle school science curricular dends will help demonstrate the
generalizability of the CTSiM design and make the learning environment more useful for a wider
population of teacher&lso, a number of CTSIiM activities could entail a longer learning activity
progression interspersed witmonCTSIM classroom activities. Exposing students to
computational modeling and CT practices over a period of time across different science topics can
help students develop a deeper understanding of computational methods and practices. In order to
make deeloping new CTSIiM activities easy, we plan to build authoring tools for the same. This

would also allow teachers to design and develop their own learning activities.

Testing whether the effectiveness of CTSIiM is generalizable to diverse studemtd
teache populationsi We have currently evaluated CTSiM in a limited number of middle school
classrooms with a small number of science teachers. We plan to expand our scope by testing
CTSiM in many more middle schools spanning more diverse student and teacher populations,
sincethe eventual goal is to make CT accessible to all students irrespective of theegcmwmic
demographics and academic proficiencies. A large scale testing of CTSIiM also reaoriees
attention to developingnd validating CTassessmenisa vital resarch area we plan to continue

working on.
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APPENDIX A

Information acquisition resources for CTSIiM v2

A.1 Science resources
A.l.1Kinematics unit

The hypertext resources used as part odrethe C

included on the followingages.
Motion

In physics, motions a chang in positionof an object with respect to both time and the starting
point of the object. In general terms, motion can be thought of as a process of continual change.
I n more specific terms, the moti on opbsitiean obj e

speedandacceleration

If we look at the figure below, we see a hand dropping a ball. The motion of this ball can be

described in terms of imsition speecandacceleration The total distance traveled is the distance

between the starting point of the ball in the hand and the final recorded position (last picture of the
ball). If we wanted to, we could measure the distance at ditf@@nts in time, for instance
between position 1 and position 2. This distance would be one part of the total distance traveled.
Similarly, if we measure both the distartmetweemositions of the ball and how long it takes to
travel from one positioto another, we can determine the speed of the ball. Speed describes how
fast an object is moving. The speed of an object can remain constant with time or can increase or
decrease with time. In the figure below, we can see that the speed of the batlat pp2i 3 and

4 is different because the ball travels further in the same amount of time. This means that the
speeds not constant If the ball was traveling at a constant speed the size of the gaps for Speed
2, Speed 3 and Speed 4 would be of the same size. This speed up isadeétatiorcaused by
gravity. Please follow the links for position, speed and acceleration above to learn more about

these concepts.
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Position

The distance of an object is ttawal path length it has traveled from one position to anotRer.

Total Time

Total Distance

Distance 1 Time

Distance 2

Distance 3

Distance 4

Larger gaps between positions of the

ball indicate the ball is speeding up

due to a nositive acceleration

instance, if an object located along a number line started at position zero and traveled to position
20, the final position of that object would be 20 units of distance. In this example the unit of
distance is undefined; however, if we had specitied the object had traveled from mile O to mile

20, the total distance traveled would be 20 miles.

t s

cardés starting position of zero and i
P P
o © o ©
| | | | | | | | | l l
! ! ! ! ! ! ! ! ! ! !
-50 -40 -30 -20 -10 0 10 20 30 40 50 60
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If you look at the figure below, you can see the
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Speed

The speed of an object is related topitsition Speed is equal to the total distatreaeled per

uni t ti me. I n other words, s peeéedrinstacetifthe r at e
object described above traveled 20 units of distance in 1 unit time, the speed of that object would

be equal to 20 units of distance pertumme, or 20 distance units/time unit. As in the above
example, units have been left undefined; however, if the object had traveled 20 miles in 1 second,
the speed of that object would be 20miles/second. On the other hand, if the car had traveled 20

miles in 1 hour, its speed would be 20miles/hour

i =20 mi
f % Speed=20miles/hour

Time=1hour

Speed can be either constant orsconstant. Constant speed indicates that the speed of an object
does not change. This is similar to setting
to 20miles/hour, the car will never travel fasterslower than 20miles/hour. If we know the

constant speed of an object, we can easily predict the position of the object in the future. For

i nstance, i f we set a carod6s cruise control to
the car wil have traveled 40 miles in two hours and 80 miles in four hours. The figure below
indicates constant speed as it is related to position and time. Notice that the spaces between

positions of the car are the same length. Equal distance gaps indicagtantspeed.
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Speed=20miles/hour

Total Distance=40miles

Time=1hour Time=1hour

Non-constant or variable speed indicates a changing speed. The amount of change, either or

positive or negative, of the speed of an object is referreddocaseration

To learn about nozero acceleration, follow the link to the pageaageleration

Acceleration

Acceleration is theate of changeof speed Acceleration can either be increasing or decreasing

depending on whether or not the object is increasing in speed or decreasiggin sp

Using the example of the car again, imagine that the driver of the car increased their speed linearly
by 10miles/hour every hour. This means that the car has a positive constant acceleration of
10miles/hour per hour. The positive acceleration efdar means that during hour one the car
increased in speed by 10 miles/hour, from 20miles/hour to 30miles/hour. Similarly, during hour

two the car increased in speed from 30miles/hour to 40 miles/hour, still by 10 miles/hour.

Constant acceleration alsdfects the distance of an object. In the above example, the distance
traveled increases by 10 miles each hour. After two hours, the car has traveled 20miles+30miles
for a total of 50miles. By contrast, if the car had no acceleration and a constadtadpe
20miles/hour, the car would have only traveled 40miles. The figure below illustrates acceleration
as it is related to position and speed. Notice how the spaces betweesitlensof the car are

getting bigger. This indicates the car has a positive acceleration.
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Acceleration=10mph Distance=20 Distance=3 0

Total Distance=50miles

Time=1hour

Time=1hour

Acceleration can also be negative to indicate that an object is getting slower. Negative acceleration
is calleddeceleration Imagine the driver of the car needs to stop addight. As the driver
applies the brakes, the speed of the car will continue to slow the car down until it reaches a stop.
Imagine that the brakes of the car apply a deceleration of 10miles/minute every minute. If the car
is traveling at 20 miles péour, after two hours the car would reach a full stop. The figure below
shows deceleration. Notice how the spaces betwegio#igonsof the car gt smaller as the car

slows down.

Deceleration= -10mph Distance=20 Distance=10

Total Distance=30miles eed=20mph WSpeed=10mph
Total Time=2hours @ @ @

-+ttt

-60 -50 -40 -30 -20 -10 0 10 20 30 40 50 60

Time=1hour Time=1hour

Heading of an Object

When we | earned about an objectds position, we

in only two directions: right (positive) or left (negative). However, an object in the real world can
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travel in more than two directions. Four purposes, we are only going to think about-two

dimensional movement although objects in the real world can move indinneasions.

A heading is theelative position of one point with respect to another point. In the CTSIiM
simulations you have been interacting with, the heading of the tortoise is the direction the tortoise

IS moving with respect to its current position. The figure below \eilb lexplain this concept. In

the figure below, the tortoiseds initial head
Note that 0/360 degrees in CTSIM refers to 90 degrees on the Cartesian coordinates. If we wanted

to change the heading thfe tortoise we could do that by asking the tortoise to move at a different

angle. Inthe®f i gure, wedve asked the tortoise to mov

to, we could ask the tortoise to move in any direction on the circle.
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When you build your shapes in the CTSiM simulation, you will need to ask your tortoise to move

in successive directions. For instance, you may want to ask your tortoise to move forward at a
heading of 45 degrees and then change directions and headf@mentdirection. To do this, we

need to think about the change in the tortois

how many degrees we want the tortoise to turn. tortoiseThe figure below will help you think

through how to ask the tortoise change headings.
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In the figure below, wérst askthe tortoise to change its heading from 0/360 degrees to a heading

of 45 degrees. After the tortoishangedts heading, weask the tortoise to move forward a
distance of 25 steps. After the tor®isioves 25 steps, we want the tortoise to change its heading
again so that the interior angle formed by the pathetortoise is 90 degrees. To do this we ask

the tortoise to turn at an angle of 90 degrees. It is important to notice that the tarteasat 90

degrees from itsurrentheading, not from its starting heading of 0/360 degrees. After the tortoise
has turned 90 degrees, we then have asked the tortoise to continue forward for another 25 steps to

produce the desired heading change andiantangle.

0/3607

-‘- 90°

Q0

25 steps

@

Motion of a Roller Coaster

The mechanics of motion of a roller coaster are the work of several fofeesars on a typical
roller coaster are pulled up the first hill with a chain powered by a motor. As is shown in the figure
below, thecars travel up the first hill at a constapeedhat is equal to the speed of the motorized

chain pulling them.

After the cars make it up the first hill of the coaster track, the motorized chain stops pulling them,
and gravity takes over and pulls the cars down the hill. As the cars go downhillsgkent
increases gradually. Théscelerations caused by gravity. How much the speed increases as the
cars tavel down the hill is related to the steepness of the hill. The steeper the hill, the faster the
car accelerates when going down it. This phenomenon can be seen in the first downhill of the

figure below.
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When the cars reach the bottom of the first ey start slowing down as they climb up the
second hill in the figure below. Just as gravity pulls the cars downhill at an increasing speed,
gravity also makes the cars decelerate as they travel uphill without the help of a motor. Gravity
causes the spd of the cars to slow down when climbing uphill. Just as the steepness of a hill
affects how fast thepeedf the car increases as it travels dota hill, so does it affect how much

a car slows down traveling up the hill. A steeper uphill slope will cause the car to slow down more

than a less steep hill.

What happens when the cars are going neither downhill nor uphill, but on a flat segment&t On a f
segment, there is no force that makes the cars either speed up or slow down, so the cars will travel

at a constant speed. That is to say, there will b&cneleration

Car is pulled up hill
by motor at a Gravity pulls against the car on the
uphill and decr eases c.a

The steepness of the hill determines

constant spee

how much the car slows down.

|

Gravity pulls car downhi

andi ncreases ¢
The steepness of the hill
determines how much the

car speeds up.
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Drawing Polygons

A polygon is a shape with straight sides. It has the same number of sides and corners. Triangles
are polygons with 3 sides and 3 corners. Squares and rectangles are polygons with 4 sides and 4

corners.

Each corner of a polygon has an interior angle andxa@rior angle. The corner on the right
triangle below has an interior angle of 30 degrees, and an exterior angle of 150 degrees. The

interior angle and exterior angle of a corner always adds up to 180 degrees.

Exterior Angle
/ 150"
- 80"
30° \

¥ ¥
The sum of interior angles for any potygis equal to 180 degrees * (number of sid&y. A

Interior Angle

triangle has 3 sides, so the sum of its interior angles is 180 degrees (= 180 degrees * 1). A square

or rectangle has 4 sides, so the sum of its interior angles is 360 degrees (= 180 degrees * 2).

For any polygon, if all of its sides are of equal lengths, then all of its interior angles are also equal.

z

So each of its interior angle is equal te . For example, in an

equilateraltriangle, the sum of its interior angles is 180 degrees, so each interior angle is 60
degrees. In a square, the sum of its interior angles is 360 degrees, so each interior angle is 90

degrees.

In CTSIM, when we want to draw a polygon with equal sides, aedrto specify how many
degrees we want the tortoise to turn. The turn angle is the exterior angle, which is equal to (180
degreed interior angle). For example, if we want to draw an equilateral triangle in CTSiM, we
need to program our tortoise to tloy 18660 = 120 degrees.
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We can also calculate this exterior turn angle in CTSiM using a simple formula = 360/number of
sides. For example, the turn angle for an equilateral triangle can diplyiculated a860/3 =
120 degrees. Similarly, in a hexageach exterior turn angle is equal to 360/6 = 60 degrees, as

you can see in the figure below.

60
120°

60°

i*’{lzn":I

/

Modeling time in CTSIiM simulations using ticks

We have many ways to measure time: years, months, days, hours, minutes, and seconds. We use

these units to repsent speed, such as 10m/s, and acceleration, such &s 2m/s

In CTSIM, we use ticks as our unit of time. For example, we can set the speed of a car to 10
units/tick. This means that every tick, the car moves forward by 10 units of distance. Similarly, we
can set the acceleration of the car to 2 unitticleaning that every tick, the speed of the car

increases by 2 units/tick.

When modeling shapes in CTSi M, we also need t
time, so that we can see the spard distance graph when we run the model. The placement of

the Aticko block in the program can affect th

Here is an example. Suppose we want to draw a square. We set the speed to 50 units/tick. We use
t he fRepdack to tell the tortoise to repeat t

4 times. If we run this program now, we will see that the tortoise draws a square. However, there
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is nothing in the speed and distance graph. This is because weodid p ut

program. So in our program, time never elapses.

pen down

Set speed := 50

repeat 4

v

units/tich(¥]

——en...np.o€niniipiihiin’piinnp....5=5l};}el..p
P——————————

v

Go forward by

speed

unitsm

Turn right by 90

degrees [V]

Tortoises

| f we add a fitickod block at the end of the pra
again, we will see that now the graph shows that the speed of theetqgmeen line) is 200
units/tick. This is because we tell the model that 1 tick elapses at the end of the program. Since the

tortoise moved a total of 200 units (50 units for each side of the square), the speed is 200 units/tick.

pen down It
Set speed 1= 50 units/ticly] Tortoises
440 M acceleration
| M speed
repeat 4 W M distance
Go forward by || speed units(y)

tick V) 0 |

What i f
tick elapses every time the tortoise goes forward and turns right once. Because the tortoise repeats
a i dickstelapsean

we& op bbtl ofctke i mtsiide t he ARepeatodo bl ock?

the actions AMove forward by 50 righ
when the program finishes running. The tortoise still moves a total of 200 units in the program. So
the speed of the tortoise now is 200/4 = 50 units/tick. And this is exactly what the speed graph

shows us.
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pen down v I
Set speed := 50 units/tich(¥] Tortoises
440 M acceleration

- y H speed
7 M distance

repea 4} //;/ :‘

Go forward by l speed ] units[Y] ’

Turn right by 90 degrees [V] /" !

|lick @I \/\
We can also think aboutthisi anot her way. Each time the ARep:
forward by 50 wunits. We tell our mo d e | t hat
compl eted. So the tortoise goes forwaraedby 50

is 50 units/tick.
A.1.2 Ecology unit

The hypertext resourcesuseds part of the CTSi M v2 O08reience
included on the followingages.

Aquaponics System

A fish tank is an example of aguaponicecosystem. In an aquaponics ecosystesnstinable
food production cyclas created through the interaction of the animals and plants within the

system. In the fish tank, the interactions betweerfighe aguatic plant@ndbacteriakeep the

water clean and the animals andrgb healthy.

Life inside the fish tank does not need to rely on anything outside of the tank in order to sustain
itself. Systems that are salfistaining are called closed ecological systems. In a closed system,
all life depends on the mutual survivalthe organisms in the system. In the fish tank, the fish,
aquatic plants and bacteria depend on each other to survive. If one plant or animal is removed
from the tank, the other plants and animals will no longer be able to survive and will eventually
die. In order to surviveany waste products and excess carbon dioxide must be converted

into oxygen, food and watdxy other organisms in the system.
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Sustainable Food ProductioRycle

In ecological systems, ecosystems are considered sustainable if they are able to indefinitely
maintain populations of plants and animals by consistently providing those plants and animals the
resourceshey need to survive and reproduce. In the fish tank, the fish tank is considered

sustainablevhen thefish, aquatic plantandbacteriaare able to survive for a very long time.

The means by which the fish tank becomes sustainable is through a process cilisddbea

Cycle A cycle is a sequence of events that repeats itself in the same order. In an ecological cycle,
all of the animals or plants that play a role in the cyatgraerdependenwith each other. In the

fish tank, this means that the fish, aquatic plants and bacteria depend on each other for their mutual
survival. If one plant or animal is removed, the cycle stops and the other plants and animals in the

system die.

In the fish tank nitrogen cycle shown in the figure below, the duckweed provides food for the fish.
Any food the fish is unable to metabolize is ®ted as wasteBacteriawithin the fish tank act
upon the fish waste to produce nutrients for the duckweed. The figure below provides an example

of anaquaponics nitrogen cycle.
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We feed our fish food made of organic plant
matter and fish meal. Some fish also eat the
plants and algae in the tank with the,

If there is any plants
and algae in the
tank, they will use

the light and
nitrates in the water
to sustain life,

Nitrates (NO3)

Ammonia (NH3)

Fish waste, uneaten fish food,
and decaying organic martial

breaks down into ammonia Nitrite eating bacteria the
also grows on our biological
Nitrites {NOZ) filter media in our filters,
converts the nitrites into
Ammonia eating bacteria nitrates

that grows on the biological
filter media in our filters
converts the ammonia into
Nitrites

Fish

A fish is an aquatic animal that survives in watebbyathingin dissolved oxygen usinids gills

and breathing outarbon dioxide that gets dissolved in the water. Like all animals, fish require
energyto support their biological systems and enable them to swimtaydls/e. If fish have no

energy they will die. Fiskgain energy byeeding oraquatic planttike the duckweed. When fish

are hungry, they swim tow@s thenearest aquatic plants and.eathen they eat, their energy
increases, and the food source decreases. If fish are hungry but cannot find aquatic plants, they
cannot eat. When fish are not hungry, they just swim randomly from one area of thaeKish ta

the other. Swimming decreases fish energy. It does not matter whether fish swim randomly or in

a fixed direction towards food, energy is always used up in swimming.

Like all other organisms, fish produegaste Any food that cannot be converted into energy for
the fish is eliminated from the body in the form of metabolic waste. Fish waste contains high
amounts of a chemical called ammonia. If fish waste is allowed to accumulate in the fish tank, the

high amout of ammonia will begin to pollute the water and over time can make the water toxic
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for the fish. Water that is toxic is unhealthy for the fish and can make them sick. If the amount of
toxic chemicals from the fish waste reaches a poisonous levakliheill die even if the fish have
access to food and oxygen. Conversely, if the level of toxic chemicals from the fish waste is low,
the fish will remain healthy.

Below you will find pictures of different types of fish you may find in a fish tank.

Common Goldfish Neon Tetra

- ~
d ®

Gourami Beta

Aquatic Plants

An aquatic plant is a plant that lives in or neater Duckweed is a type of aquatic plant that
manyfish use as a food source. Like all plants, aquatic plants also need to bitatheitilize

photosynthsis to convert carbon dioxide dissolved in the water into dissolved oxygen

Plants also need energy. Plants on land can obtain necessary energy from soil and water in the
form of fertilizers. Many fertilizers contain a chemical caltetlatethat the plant can use as a

food source to gain energy. Aquatic plants like duckweed also obtain energy from nitrates and the
photosynthesis process. Unlike fisthich needs to be hungry and have food available in order to
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eat, aquatic plants consume food whenever food is available, and they do not produce waste.
Consuming nitrates increases plant eneaggt decreases the food sourit®t is the amount of
nitrates Plants use this energy foeproductionand other essential life processes. Plant can
reproduce only if they have enough energy, since reproductisesabeir energy levels to

decrease a lot. If plants have no energy left, they die.

Below you will find examples of several aquatic plants you may see in a fish tank.

Duckweed Egeria

Amazon Swords Hydrilla

Breathing

In living organisms, breathing process of gas exchange within the body of the organism. As one
gas in taken into the body, another is removed. Which gases enter and exit the organism depends

on the type of organism.
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In animals, breathing is a procekattmoves oxygen over the respiratory organs (such as lungs or

gills) of an animal. Breathing does two things for an animal: 1) it gives animals the oxygen they
need to stay alive and support necessary bodily functions, and 2) helps the animal remiasve harm

carbon dioxide from their bodies.

Pl ants also 6édbreat heo, although the mechani sn
animals. In plants, carbon dioxide is taken into the plant through small holes called stoma. This

carbon dioxide ishten converted into oxygen and released in a praatesl photosynthesis.

Oxygen and carbon dioxide both play important roles in animal and plant health. In animals,
oxygen is an essential component of survival. Without oxygen, animals would not ke able
perform necessary functions and would die. Similarly, plants would die in the absence of carbon

dioxide.

For example, in a fish tank, the fish will die in the absesfagissolved oxygenFish breathe in

the dissolved oxygen and breathe out carthoride which gets dissolved in the water. This
decreases the amount of dissolved oxygen and increases the amount of dissolvedi@siden

in the fish tank Aquatic plantdike the duckweed breathe in this dissolved carBioxide and
breathe out oxygen which is needed by the fish. This increases the amount of dissolved oxygen
and decreased the amount of dissolved cadioxide in the fish tank. Togethehd breathing
processes of thigsh and the duckweed keep the amount of dissolved oxygen and adichaae

in the fish tank in balanc&hus, the respirain cycle is important in maintaining balance in a fish

tank and keeping its organisms alive. The figure below summarizes which gases plants and

animals in the fish tank take in, and which gases are expelled.

Dioxide

Oxygen

Aquatic Plants
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Water

Water is an essential component of life on Earth. Scientists currently do not know what percentage

of life lives in water but the estimates are anywhere between 30 to 70% of life lives in water.

In order for orgaisms to thrive in water, the water must be conducive to life. Most aquatic
organisms, such as freshwater fish in the fish tank, require access to oxygen and water that is clean
to keep them healthy and alive. Oxygen is produced thraggatic plants Clean water is water

that is low in both natural and artificial toxins. Atrtificial toxins can enter water through manmade
pollution; however, natural toms occur as well. Waste produced by aquatic organisms like the
fish contains chemicals like ammonia. If those chemicals like ammonia are allowed takteym

the water can become poisonous. Water that is too high in toxins is unhealthy for aquatic
organisms like the fish and can lead to sickness and finally death.bBEatestigplay an important

role in the fish tank by keeping tieater clearand pollutionfree.

Reproduction

Reproduction is a fundamental feature of all life and is the process by which new individual
organisms are produced from paremnganisms. In fish, new fish are created through sexual
reproduction, which is the combining of genetic material of two parent organisms. In plants, new
plants are created through either sexual (two parents) or asexual (one parent) reproduction. In the
fish tank, duckweed reproduces both asexually through budding (shown below) as well as sexually.

daughter
plant

budding
pouch

Budding in Duckweed
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The process of reproduction requires a great dezl@fgyand only healthy organisms are able to
reproduce. If an organism does not have enough energy, it will not be able to reproduce.

Reproduction decrease t he or gani smdéds energy significant!]

The length of time an organism needs to reproduce is highly variable and depends on the type of
organism. For instance, humans require 9 months to produce an offspring. Fish, on the other hand,
may hatch from theieggs in 13 weeks. Even faster than fish, asexual plant reproduction may
require only a few days to produce a functional new plant. The fish tank simulation in CTSiM
provides only a brief glimpse of life in the fish tank. For this reason, the duckwpedrago
reproduce while the fish do not. This is because the simulation is only showing a few days in a

fish tank rather than several weeks.

Bacteriaalso reproduce faster than fish and can reproduce as long as they have enough energy.

When they reproduce, their energy decreases signifidélin the case of the duckweed

Bacteria

Bacteria are vergmall organisms thatre generally not visible ttn¢ naked eye. Some varieties

of bacteria are harmful and cause diseases in humans. But, some types of bacteria are good and
useful. For example, we find two types of bacteria in a fish faNktrosomonas bacteria and
Nitrobacter bacteria. They are botreded to maintain a healthy fish tank and fish will die in their
absence. Let us see why these two types of bacteria are so important in the fish tank.

Nitrosomonas is a type of bacteria that gains energy by consuming the ammonia contained in fish
waste. Ty convert the ammonia consumed to another chemical called nitrites. Thus,
Nitrosomonas is important to the fish tank because they clean the tank by decreasing toxic

ammonia that can be poisonous to the fish. .

But, Nitrosomonas cause amount of nitriteghe fish tank to increase, and nitrites are also toxic

and can be poisonous for the fish. The Nitrobacter bacteria help by removing the nitrites from the
fish tank. Nitrobacter gain energy by consuming the nitrites produced by the Nitrosomonas
bacteriaThey convert the nitrites into a new chemical called nitrates. In a fish tank, these nitrates

serve as a food source for theuatic plantdike duckweeds Without these bacteria, fish waste
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would keep increasing in the fish tank making the water poisonous for the fish, and duckweed

would have no food available.

Hence, we can see how all the species in a fish tank depend on each other. Duckweedbdcts as fo
for fish. Fish waste contains ammonia which is consumed by the Nitrosomas bacteria and
converted into nitrites. Nitrites are consumed by the Nitrobacter bacteria and converted into

nitrates. These nitrates act as food for the duckweed.

Bacteria can alsteel hungry like other organisms. For example, Nitrosomonas eat when they are
hungry and have ammonia available. Similarly, Nitrobacter eat when they are hungry and have

nitrites available.

Both Nitrosomonas and Nitrobacter swim around randomly; thepdon s wi m i n any

direction. When they swim, theanergydecreases.

Nitrosomonas and Nitrobacter can both reproduce as long as they have erergghWhen they

reproduce, their energy decreases significantly. Nitrosomonas and Nitrobacter die when they have

no energy left.

Nitrosomonas Bacteria Nitrobacter Bacteria

Energy

All living organisms rely on external (outside of the body) sources of energy to stay alive. In
animals like mammals, birds and fish, energy comes from the mp&tntrfood thathe animal
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eats. For example, fish gain energy by eating aquatic pl&etsllickweed. In organisms like
bacteria chemicals suchs ammonia and nitritesn be used as form of energy. For example, the
nitrosomonas bacteria gaenergy by consuming ammonia, while the nitrobacter bacteria gain
energy by consuming nitrites. Plants obtain energy through fertilizers in the soil and water. For
example, duckweed gain energy by consuming a chemical called nitrates which is present in

fertilizers.

Energy provides an organism the means to perform necessary functions such as moving and

reproducing. For examplésh andbacteriause up their energy when they swim around. Plants

like duckweed and bacteria use a lot of energy in reproduction. Reproduction generally causes a
greater decrease energy than other life processes. Without enough energy, an organism would
not be able to survive and would die. The figure below summarizes which process give energy to

the organisms in the CTSIiM fish tank and which cost them energy.

Eating Duckweed Swimming

Fertilizers

from gater
\
Plants Bacteria -
- like
duckweed

Reproduction

Intake of
Chemicals
like ammonia
and nitrites

Swimming

Glossary of Terms

1 Aquaponics:A sustainabléood production system that combines aquaculture (raising
aquatic animals such as fish, snails or crayfish) with hydroponics (growing plants in water)

in a symbiotic environment.
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Dissolved Oxygen: the amount of oxygen tisatarried within a medium. In the case of
the fish tank, the level of dissolved oxygen is that amount of oxygen that has been

incorporated into the water.

Interdependence: A relationship wherein each meribeither plant or animal is

mutually depend& on other members.

Metabolize: A chemical transformation that happens within the cells of living organisms.
Metabolism is the process whereby food is transformed into usable energy for the

organism.

Nitrogen Cycle: The nitrogen cycle is the procesemby nitrogen is converted into its
various chemical forms. In the fish tank, ammonia, nitrite and nitrate are all chemical

forms of nitrogen.
Organism:An organism is an individual form of life, such as plants, animals, protists,
bacterium, or fungiOrganisms have bodies made up of organs, organelles, or other parts

that work together to carry on the various processes of life.

Prokaryote: A group of organisms whose cells lack a membrane bound nucleus. Organisms

whose cells have a nucleus are calallaryotes.

Photosynthesisa process used by plants to convert light enénggrmally from the sui

into chemical energy that can be used to

Resource:a substance or object required by a living organism for nogroatth,

maintenance and reproduction.

Sustainable: the capacity to endure. In ecology, sustainability refers to the capacity of

biological systems to remain diverse and productive over a long period of time.
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A.2 Programming Guide

The hypertext resourcesuseds part of Progranmd@&idaM avr2e 6i ncl uded
following pages.

Modeling a science topic in CTSIM

A good way to think of how to build a model for a science topic starts with identifying the entities
that are part of the science topic amtiveely do something in the topic. For example, if we are
building a model for the traffic outside your school, cars, sehasés and pedestrians would be

examples of such entities.

These entities are callehents Once we have identified the agents in the model, we need to
describe properties of the agents that are of interest to us, and what the agents do. We refer to each
feature describing an agent asaaent propertyand each thing that an agent does as part of an

A

agent 0 s.Inoidr words, @ agent may have more than one behavior. For example, if we

consider the schodius agent, we could describe it using properties like speed, number of seats,
and color. The bus would have di dder &t olwve @ w

and O0Speed upb6.

After specifying the properties and behaviors for each agent, we need to describe what happens in
eachagent behaviorAn agent behavior describes how the agent interacts with other agents and

also with its surrounding environment. The entities in the environment are eallgdnmat

elementsand features describing them are knowemgronment element properties An agent 6
behavior can act on and change its own properties or propertieseofagints or environment
element properties. The behavior might also depend on different agent and environment element

properties and will have to sense those properties.

For example, in the bus agentds O0Slandwedaywno b
that the O6speedbdé property of the bus is acted
It could decrease when the bus is approaching a red light or stop sign, or when the road is icy, or
when there is a car moving slowly infrontiot . Thus, the 0S|l ow downdo b
will have to sense environment properties like traffijot color and road condition and agent

properties like car speed.
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The chart below shows what we have discussed above.

Science Topic

Agent Environment
genia Elements

Properties of Behavmrs descrlblng Properties of
Agents what Agents do Environment Elements

=

What properties does the What properties does the
agent behavior sense? agent behavior act on?

Read the pages @uentsenvironment elementgroperties andbehaviordor specific examples

and more information on how to describe a science topic in CTSIM.

Agents

When modelg a science topic, we need to first identify the entities that actively do something in

the topic. These entities are called agents.

For example, suppose we want to describe the traffic on the road in front of your school. Here, the
cars on the road argyents because they actively move at different speeds and in different
directions. If there are scheblses, bicycles and pedestrians on the road, they are other types of
agents that participate in our traffic model. So we see that a model can havertroe agdtiple

agents.
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Agent type 1: car

Agent type 2: schodbus
Agent type 3: bicycle
Agent type 4: pedestrian

Once we have identified the agents in the model, we need to describe features of the agents and
what the agents do. We refer to each feature describing the agerd@snampropertyand each

thing that the agent does asarent behaviorAgents interact with other agents, as well as other
things around them that are not agentkeske surrounding entities are calledvironment
elements

Environment elements

Unlike agents there are entities in a topic that do not actively do anything. We call them
environment elements.
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For examplesuppose we want to describe the traffic on the road in front of your school. Here, the
road is an example of an environmehengent. A model can have more than one type of
environment element. In our traffic model, traffic lights can be considered as another type of

environment element.

Environment element type 1: road

Environment element type 2: traffic light

Once we have ghtified the types of environment elements in a topic, we need to specify features
to describe each of the types. We refer to each feature describing an environment element as an

environment elememroperty

Propertiesi Agent properties and Environment element properties

Whendescribing a science topiwe need to specify propers for all the entities in the topic.

These properties help describe an entity and distinguish it from other entities.
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In any topic, there are broadly two kinds of entitiesyentswhich actively do something, and

environment elementshich surround the agents and do not actively do anything. Both agents and

environment elements have properties. For example, if we are describing the traffic on the road,

cars are a type of agent, and the roads and traffic lights are types of envirenmentme nt s . Cart
properties include color, size, and speed. RoO:
and condition (ice or dry, for exampl e), and

example, red, yellow, and green).

AGENT: CAR ENVIRONMENT ENVIRONMENT
ELEMENT: ROAD ELEMENT: TRAFFIC
Properties LIGHT
Properties
Color Property
Number of lanes
Speed Color
Speed limit
Size
Condition
Most properties have values. For example, if g
property has the value Aredo, and its fAspeedo
icy, we say its fcondid.ion0 property has the
AGENT: CAR ENVIRONMENT ENVIRONMENT ELEMENT:
ELEMENT: ROAD TRAFFIC LIGHT
Properties Values
Properties Values Property Values
Color Red
Speed limit 40 mph Color Red
Speed 45 mph Yellow
Condition Icy Green
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Once we have set the value of a property, we can refer to the property using just its property name,
rather than its value. For example, we can set
we can just say Af or wthecdr mpve forevardl50 anitswWhercwe ruw i | |
our program, the computer wil/ automatically

forward at that speed.

Agent behaviors

Agentsare entities that actively do something. We call each thing that an agent does a behavior.
When we are specifying an agentés behaviors,
different behaviors. Continuing our previousample with the traffic scenario, let us think of
examples of a cards behaviors in a traffic mo
traffic light is red. When the traffic light is green, the car moves forward. A car will slow down if

the 10ad is icy or if there is a slow moving vehicle in front of the car. In each of these scenarios,

do you recognize the carbés behaviors? The car

slowing down.

AGENT BEHAVIOR:
CAR BEHAVIOR

Stop
Move forward

Slow down

Once you specify an aogtank abog eathehaaov in ®rms of they o u  n ¢

properties it needs to sense and the properties it needs ta Reashthe next page for examples

on how to do this.
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Modeling agent behaviors using sensed and acted on properties

Onceyous peci fy an a goa needts thitkalboat whabareshe things a behavior
needs to kow and what are the things it changes. A behavior changes or acts on certain properties
and senses certain other properties in order to make these changes. An agent behavior can both

sense and act on own propertias well as otheagent propertiesr environment properties

/ \ / .
: \ / \
. ACTEDON
. SENSED | / . “\\ [ EEOEERTIES -.
.'II PROPERTIES I". H \‘\., ."I Acted on "-I
|I Sensed II I'I AGENT I"l II property 1 'I
e " BEHAVIOR | | aicdom
| Sensed | |I property 2 I
ll" b i e I'Il I'n, Acted on I,"I
II"I,\ ..and so on III."II III"'., property 3 ."II
5'\1.\ jﬁ 1.\ «and so on
‘\vﬁ
For exampl e, think about a carob6s AStop at r ed

light color is red, it slows down and finally stops by changing or acting on its speed. The figure

below shows howtoper esent the cards behavior in terms
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CAR BEHAVIOR: STOP AT RED LIGHT

SENSED PROPERTIES STOP WHEN
COLORIS
TRAFFIC LIGHT: COLOR RED

ACTED ON PROPERTIES STOPPING

CAR: SPEED MEANS
DECREASING
SPEED

Examples of Conceptual Modeling for Different Topics

Letds think of another example from real I
framework we read about ihé previous pages. Consider a scenario that involves a human and

the vacuuncleaning robot, Roomba, in a room. Roomba moves around the room to clean floors

and carpets. Roomba is also able to change direction when it encounters humans and walls in the
room When Roombads charge runs out, it goes t
recharge itself. Although Roomba can clean, move and recharge by itself, humans are responsible

for turning Roomba on and off.

To model this scenario, we can considenhns and Roomba as two typesgéntswith different
sets of behaviors, and we can consider the f

environment element§irst, we need to think about the properties of each agent and environment

el ement in this scenari o. E x a m@nlaedsenemyy, whileu ma n &
examples of the Roomba agentdéds properties are
Examples of the floorés property could be it:
Roombads chargi ngpostormti onés property it
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Next, we need to think about tagent behaviordHuman behaviors are switching Roomba on and

of f, and moving around t heanilgandgeshargimyoVdencoubdb s b €

represent this conceptual model as shown below.

AGENTS ENVIRONMENT ELEMENTS

HUMANS
FLOOR
Properties
Location Properties
Energy Cleanliness

Behaviors
Switch Roomba On and Off
Move around the room

WALL

ROOMBA Properties

Location

Properties
Location
Direction

Charge ROOMBA CHARGING
ON/OFF STATION

Behaviors Properties
Recharge Position
Clean

Now that we have specified the agent behaviors, let us try to describe all the behaviors in terms of

what the behavior needs to sense and what properties it actdMipen a human notices that the

floor is dirty, what happens? Well, the human senses the cleanliness property of the floor and acts

on Roombads On/ Of f .phergwherr Rogmbasgnsds itisrowni On/@ff sivitch o n
property has turned On, it cleans the room, which means it acts upon its own location and direction
properties as well as the floordés cleanliness
cleaning? M manso6 and walls6 | ocations! Humans move
own location and their energy. So when Roomba senses that a human or a wall is in its way, it acts
upon its direction property by changing direction. Finally, when Roombasstraget has run out

of charge, it will act upon its own charge property by recharging itself. Also, it will sense where

the charging station is located and act upon its location property by moving to the charging station.
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HUMAN BEHAVIOR: SWITCH ROOMBA ON AND OFF

SENSED PROPERTY

FLOOR: CLEANLINESS

ACTED ON PROPERTY

ROOMBA: ON/OFF

HUMAN BEHAVIOR: MOVE AROUND THE ROOM

SENSED PROPERTY

WALL: LOCATION

ACTED ON PROPERTIES

HUMAN: LOCATION
HUMAN: ENERGY

ROOMEA BEHAVIOR: CLEAN

SENSED PROPERTIES

ROOMBA: ON/OFF
HUMAN: LOCATION
WALL: LOCATION

ACTED ON PROPERTIES

FLOOR: CLEANLINESS
ROOMBA: LOCATION
ROOMBA: DIRECTION

ROOMBA BEHAVIOR: RECHARGE

SENSED PROPERTIES

ROOMBA: CHARGE
ROOMBA CHARGING STATION: POSITION

ACTED ON PROPERTIES

ROOMBA: CHARGE
ROOMBA: LOCATION
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Programming an agent model

While writing a program to model a science topic, we need to follow two steps. First, we write a
procedure or subrogram to describe eaelgent behavioWhile writing the procedures, we will

need to express how the agent interacts with @bentsand theenvironmenin that procedure.

To express these, we will need to learn about some corrguiggrce commands likk Re pe at o
andi Wh ené Do é Ot h e Then, wemeed tepécify each of the proceduresn d er a A Go

procedur e. T he fe@ooor prpgram cstarts uiunneng and onlw the procedures

specified there will be included while generating simulations for our program.

Let us consider the scenario on fiievious pag&ith humans and Roomba, the vacual®aning

robot in a room. Roomba cleans the room and recharges its own battery. Humans do not have to
clean the room but they move around and they switch Roomba on and off as needed. So, if we
want to wite a program for this scenario, we will need to write 2 procedures for Human agents

one called ASwitch Roomba On and Offo and an

procedures for the Roombaagemtne call ed AClI eando and anot her

We also need to write a main AGoo procedure f
t hat agent. I n our example, both Humans and R

their respective procedures, as shown in the figure below.

Apgent type: Humans Apgent type: Roomba
Procedure: Go w Procedure: Go w
Switch Roomba On and Off ~ Clean ~
I Move around the room \/ II Recharge \f
For example, for describing the ASwitch Roomb:
will check i f the floor is clean or dirty. | f

switch. Otherwise, they will turn it off. We can represenhist using the

AWhenéDoéOt her wi seéodo bl ock.
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Similarly, the ARechargeo behavior for Roomba
to sensef its battery chargeilw. When t he battery chaRepgad i s | o
bl ock to specify the following action multipl
till i t reaches its charging station.

So, how do you write a program for each agent procedure? You need to drag and drop different
blocks which will be provided to you and arrange them in a way that makes sense for the
procedures. The blocks can be of differgpies like Agents, Agent Properties, Actions, Sensing
conditions, Sensing amounts, Controls, and Chemicals. Each type of block is generally color coded
differently. For example, all Sensing Condition blocks may be purple, while all Action blocks may

be ble in color. So, what do each of these types of blocks express?

Block type Description Examples
Agents Entities that actively dc Humans, Cars
something
Agent properties Features describing an age Human energy, Car speed
Actions Things that agents do Move forward; Stop, Eat .
cookie
Chemicals A form of matter that ha: Dissolved Oxygen
constant chemice Dissolved Carbon Dioxidt

composition and properties (CO2)
Sensing conditions Conditions for sensing a il ssuintny out

agent 0s or thirsty?o

properties
Sensing amounts Property values sensed Number, Color, Weight
Time
Controls Used to write programs ar i Wh e n é Do € Ot h
express conditionals i Repeat o

iterations, etc.

When youbre draggi ng acdtdrerdembep that allglocksl canadk Ise, y O |

randomly dropped into other blocks. For exampl
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bl ock of a AWhenéDoéOtherwised block, and you
the ADood0 part ofrwa sfieWh eébnd bk dké OtYlmaw al so can onl
block if both of those blocks are of the same color. For example, in the figure below, the blocks in

the left pane were provided and they have been dragged to the right pane and arrangetldo descri

a swim procedure for human agents. Notice how you can only drop a pink sensing condition block
into the pink AWhenodo bl ock, and you can only c

within the sensing condition block.

Representingsensa ct processes using AWmené Doé Ot herw

We use the AWhen €& Do €& Ot hpapeiy acactinmneédvayob | o c k
another based on the measurante. Basi cal |l ysenseac® p edpwe si@nd n sae oi
whet her a property satisfies a certain condit

we sense.
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When:I IE]

Otherwise do:

An empty “When ... Do ... Otherwise do ...” block

Imagine you are told to play video games indoors if it is raining outside. We can express this using

the AWhen é Do é Otherwise do é0 block I|ike t
This is the condition
that we want to check.
==

when:| It is raining outside e I[Z]

Do:

I Play video games indoors |
- LY

Otherwise do:

\
| 1\ ~ |

—_—

This is what we want to do We can
if the condition is satisfied. leave “Otherwise do ...”
blank.

When it is raining outside, play video games indoors.

As we can see from this example, we first check whether a condition is satisfied. In this case, we

sense whether it is raining. When the condition is satisfied, we act in some way. In this case, the

decision is to Aplay video games indoors. o
Notice that we can | eave fAOtherwise do éo bl
condition is not satisfi d . However, we cannot | eave ADoo bl ;

A lot of times, we want to do something when a condition is satisfied, but do something else when
the condition isnot satisfied. For example, we may decide to stay indoors when it is raining.

Ot her wi s e ot(ramim@, nwe maly deside to go play football.

Now we can express this using AWhen é Do é Ot
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When:l It is raining outside |EZ]

I Play video games indoors |

Otherwise do:

I Play football ~ |
——

This is what we want to do if
the condition is not satisfied.

When it is raining outside, play video games indoors. Otherwise, play football.

We can al so put t hi s i nnoteaniogiphagfootbalaOyheraisedplay ay )

video games indoors. o

Instead of sensing whether it is raining,
we now sense whether it is not raining.

—
When:| It is not raining outside e — |EZ]

Do:
| Play football |

Otherwise do:

| Play video games indoors |

When it is rof raining outside, play football. Otherwise, play video games indoors.

Similarly, think of the scenario described on the previous page where Roomba cleans the floor
when humans switch Roomba on. We describe th

AiWhenéDoéOt herwi se doéo block as shown bel ow.

Agent type: Roomba

Procedure: Humans - Move around the room v
When: | wall in front '
Do:
Move sideways

Otherwise do:

Move forward

Decrease Human Energy | '
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Someti mes, you may DbDeédt hneurlwiispel ed oiowhkeln@c ks t

complex sensact processes

Representing multiple actions under one condition

Sometimes, when one condition is true, weiasct mul t i pl e ways. For exe
outside, we may decide to go swimming at the beach and eat ice cream. One way to represent these
two actions is how we did in the previous page.

It is hot outside
Go swim at the beach

It is hot outside

But we can also represent two actions under one conditiomg uonly one

AWhenéDoéOt herwise Doo bl ock i nst adaganddopt wo .
mul tiple actions under i Do w.dhisabloak telistus thvaiwhén | o o k
the condition, #Alt is hot outside, o0 is satisf

I Go swim at the beach

I Eat ice cream
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We can also decide to do something else when the condition is not satisfied. For exanmale, if it
hot outside, we may decide to swim indoors instead. See the block below. It says that when it is

hot outside, we go swim at the beach and eat ice cream; but if it not hot outside, we swim indoors.

| Go swim at the beach

| Eat ice cream

Swim indoors

Representing actions which happen when multiple conddns are true

So far, we have seen that when one condition is true, we act in one way or in multiple ways; and
when that condition is not true, we act in a completely different way. But what if multiple
conditions need to be true before we can act? Fongbea if you want to go swim at the beach,
these two conditions need to be satisfied: (1) It is daylight and (2) It is not raining.

You could try representing the scenari o using
shown below, but do you thinkelk correctly represent the scenario in which multiple conditions

need to be satisfied before an action can happen?

It is daylight
Go swim at the beach

Itis not raining outside
Go swim at the beach
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Actuall vy, the two AWhenéDoéOtherwise doo bl oc
daylight outside but it is raining, you cannat gwim at the beach. Similarly, if it is not daylight

outside, you cannot go swim at the beach, whether or not it is raining. Thus, both of the conditions
above need to be true at the same time. In other words, when it is daylight, we need to make sure

it is not raining outside, and if it is not raining outside, then we go swim at the beach. So how can

we represent these multiple conditions i n @Wh

the nested blocks below.

When: ['1: i daylight |/
Do:

When: : . :
| It is not raining outside I
Do:

| Go swim at the beach |

QOtherwise do:

I I

Otherwise do:

What we have done here is draggedfol®h e n é Do € Ot her wi se dodo bl ock i
of another AWhenéDoéOtherwise doo bl ock. We v

represent actions which take place when multiple conditions are true at the same time.

Representing -Acbmplpewxci@éSsese

I n the previous example, we said AWhen it is r
play football .o So we play football whenever

sunny.

But what if we only want to play taball only when it is cloudy? What if we want to go to the
beach when it is sunny? There are many situations like this, where we want to sense more than 1

condition. |l s there a wavyact e 0exWhenrs stehtebDdis & ¢

Ot her wios ebldooc kk? Yes, |l i ke t hi s:
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When: | It is raining outside v

Do:

Play video games indoors

Otherwise do:

—— — -
Jﬁen: It is sunny outside V]

Do:

Go to the beach P When it is not
(I raining outside,
check whether it is

Otherwise do:

\| Play football sunny.
\5-...._ __.Jj
When it is raining outside, play video games indoors.
When it is sunny outside and not raining, go to the
beach. When it is neither raining nor sunny outside,
play football.
Il n this fAWhen é Do é Otherwise do €0 Dbl ock, we

it is raining outside, we play video gamedoors. When it is not raining outside, we check whether
it is sunny. When it is sunny, we go to the beach. Otherwise, when it is neither raining nor sunny

outside, we go play football.

The ARepeat o command

ARepeat 0 nultipiedirkes tepeatqulg.r f or m an acti o

=
D
c
(7]
(¢
~—+
>
(1)
5

repeat W]

An empty “Repeat” block

For example, your fitness coach may tell vyou

we would express this:
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This is how many times we
want to repeat the action.

e — /
repeat 3 — ]

Run around the baseball field ~.
_~ S~

This is the action that
we want to repeat.

Run around the baseball field 3 times

As we can see from this example, first we put in the number of times that we want to repeat the

action,and then we put in the action that we want to repeat.

We can also repeat multiple actions in a fRep
the baseball field and then take a water break before running another round and had to do this

exercise 3itnes, you could express it as follows:

RUN
R DRINK
RUN
Run around the baseball field D:IIIPI:K
Drink a cup of water DRINK
Repeat

bath these
actions 3
times

Run around the baseball field and take a water break 3 times

Can you predict what would happen if we used the Repeat command in this way instead:

RUMN

RUN

RUN
DRINK
DRINK
DRINK

Run around the baseball field

Drink a cup of water

Then
repeat this
action 3
times
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APPENDIX B
Paper-based assessment artifacts used with CTSIM v2

B.1 Pre/post tests
B.1.1Kinematics pre/post test questions

1. Sghia and Jill start running at the same time and run in the same direction. In the diagram
bel ow, Sophiaés and Jill 6s starting positions

start running are also shown. Each small hash mark representsbro ot , asecbnd8 s 6 me a

I T S Al A o
et

a. Who is running faster, Sophia or Jill? Be sure to explain your answer using the numbers in the

diagram.

b. Do Sophia and Jill accelerate as they run?
Sophia accelerates: (A) YES (B) No
Jill accelerates:  (A) YES (B) No

c. Whose acceleration is greater?

(A) Sophia (B) Jill (C) Both accelerate at same rate (D) Neither accelerate



2. Mary and Keisha start running at the same time from left to right as shown in the diapram

Their positions as they run are marked and numbered at every second. Each small hash mark in

the picture represents 1 foot, & meansseconds

Do Mary and Keisha ever have the same speed?

START
1s 2s 3s 4s 5s
Mary \? b’g@ \’?; b?@ \,‘?ﬁe \‘?
1s

Keisha ??/
2s
ﬁ
START

(A) No, they do not.

(B) Yes, at time = 1s.

(C) Yes, attime =4s.

(D) Yes, attime = 1s and time = 4s.

(E) Yes, during the time period from 2s to 3s.

3. The graph below tells us how a ball ds pos:s
foll owing best describes the ballds mution?
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a. The ball moes along a flat surface. Then it moves forward down a hill, and then finally

stops.
b. The ball is moving at constant velocity. Then it slows down and stops.
c. The ball doesndét move at first. Then it mo

d. The ball moves along flat area, moves backwards down a hill and then it keeps moving.

4. The speedime graph below describes the motion of a moving object. Use the graph to answer

some questions about the motion of the object.

a. What happens to thpeed of the objeaiver time?

b. What happens to theeeleration of the objecver time?

c. What happens to thésthnce travelled by the objguér time unit?

5. A man starts at the origin (position =0 at origin) and walks backwards slowly at a constant speed
for 6 seconds. Then he stands still for 6 seconds, and then walks forward at a constant speed that

is twice as fast as before for 6 seconds.

i. Circle thevelocity time graphwhi ch best depicts the mands mot
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ii. Circle thepositiontime graph whichbesd epi ct s t he manés moti on
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6. A car is moving forward and applying its brakes. Circlepbsition-time graph which best

depicts this motion.

19C



L]

.

i

70

-
g

1|//“’ S

7. Consider a traffic scenario. A car arrives at a trdiffict at time=0 second, and sits at the red
light for 5 seconds. After 5 seconds, when the light turns green, the car starts increasing its speed
until it reaches a velocity of 10m/s at time = 12 seconds. After that, the car maintains its speed at

10m/s. Can you predict what the positiome and velocitytime graphs will look like for this

scenario?
Velocity-time Position-time
(x-axis=time, yaxis=velocity) (x-axis=time, yaxis=position)
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8. A ball is dropped from the top of a building on the Earth and takes 5 seconds to reach the ground.
A secondball, identical to the first one, is dropped from the top of a tall rock on the surface of the
moon that is of same height as the building. It takes more than 5 seconds for the second ball to

reach the moondés surface.

Predict the position of the ball aftér 2, and 3 seconds on the Earth and also on the moon by

drawing on the figures below.

The acceleration due to gravity on the ball is greater on the Earth than it is on the mopgso

the ball dropped on Earth will speed up faster tharthe ball dropped on the moon.

time=0 time =0

building
rock

Earth Moon
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9. Draw graphs to show how the speeds of the balls in Question 8 vary with time.

Ball Dropped on the Earth Ball Dropped on the Moon

Speed
Speed

Time Time

B.1.2 Ecology pre/post test questions

You are provided with a fish tank which contains the following:

Living species Chemicals
1. Goldfish 5. Oxygen (Q)
2. Duckweed 6. Carbordioxide (CQ)
3. Nitrosomonas bacteria 7. Ammonia
4. Nitrobacter bacteria 8. Nitrites
9. Nitrates

Now, answer questions3 with respect to this fish tank.

1. For each of the following species in frgh tank, mention which of-@ it directly needs to stay

alive. The first species, goldfish, has been filled in as an example.

Example Goldfish

2,5
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Duckweed
Nitrosomonas bacteria
Nitrobacter bactea
2. Explain the roles of the bacteria in the fish tank.
a.Give 2 reasonsvhy theNitrosomonasbacteria are important in the fish tank.

b. Give 2 reasonswhy theNitrobacter bacteria are important in the fish tank.

3. Your fish tank is errently healthy and in a stable state. Now, you decide to remove all traces of
Nitrobacter bacteria from your fish tank. Would this affect

a) Duckweed: OYes O No

If you answered Yes, explain how duckweed would be affected:
b) Goldfish: [Yes No O

If you answered Yes, explain how goldfish would be affected:
c) Nitrosomonas bacteria: Yes J No O

If you answered Yes, explain how Nitrosomonas bacteria would be affected:

4. Imagine a fish tank with only onesfi, some duckweed and some bacteria. The fish tank is in
balance and all the species have sufficient food to consume and enough oxygen andicziden

to breathe at all times.

a. If you add a second fish to this fish tank, what do you think will happ&h?® disturb the
balance? Will the living species in the fish tank still be able to survive? Explain your answer.

b. Now, think of what will happen to the fish tank if you add 20 more fish. Explain what will
happen to the different living species ah@micals in the fish tank
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5. Two organisms are said to havgyanbiotic relationshipvhen they mutually benefit each other.

In the fish tank provided to you, the goldfish and the duckweed have a symbiotic relationship.
a. How do the goldfishandtheduckve d b enef i t fespioation praceske8 ot her 6 s

b. Other than the respiration process there is another way in which the goldfish and duckweed
benefit each other. As shown in the figure below, the duckweed directly acts as a source of food
for the godfish that helps them gain energy, but the goldfish also indirectly provides nutrients for
the duckweedDescribe how the goldfish indirectly produces nutrients for the duckweed

helping the duckweed gain energy. Note that this answer may require more thame step.

feed
Duckweed ——=  Goldfish

How do the goldfish indirectly
produce food for the duckweed?

B.1.3 CT pre/post test questions

1. Emma writes code which says
Repeat 2
[Do a math problem

Write an essay

while,

John writes code which says
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Repeat 2

[Do a math problem

Write an essay

Which of the followingstatements is correct?

a. Both Emmadés and Johnds code say: Do 2 Math

b.

Emmadés code says: Do 2 Math problems and t

Do 2 Math problems and then write 2 essays

Emmadés code BagsobDem2 &#Mmad t hen write an e

Do a Math problem, write an essay, then Do a 2nd Math problem and then Wfiessa

Emmabés code says: Do a Math pr obMMath t hen
probl em, wh ishys: DdaoMuath preblem, thérewrite an essay, then 06 a 2

Math problem and then write 8°2ssay
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2. Consider the following program

If (quiz-score is equal to 10)

Then: Get the O6Youobre

Else:
If (quiz-score is greater than 7)
Then: Get the 6Good

Else:

sticker

Bill gets a score of 9 on the quiz while Janet scores 10 points on the quiz. What stickers should

Bill and Janet receive based on the above program?

a. Bill: 6Good jobbd
b. Bill: 6Good jobd sticker;
c. Bill: 6Good jobbd
d Bill: o6Good jobd sticker;

3. Consider the following program
If (quiz-score is greater than 7)
Then: If (quizscore is equal to 10)
Then: Get the

El se: Ge't t he

sticker; Janet : O6Youobr e

Janet : 6Good
and 6Youobre sticke

Janet :

OYouobdr e

6Good sticker



El se: Get the O6Try harder 6 sticker

Bill gets a score of 9 on the quiz while Janet scores 10 points angddénes 5 points on the quiz.

What stickers should they receive?

a. Bill:

b. Janet:

c. Kim:

4. Consider the following program:
If (time is after 6 pm)
Then: Work on science project
Else: If (time is after 3 pm)
Then: Play with friends

Else:

Jonah is in California and it is 4 pm, while Betty is in New York and it is 7 pimat\dre Jonah

and Betty doing based on the given code above?

a. Jonah: work on science project; Betty: play with friends.
b. Jonah: play with friends; Betty: work on science project.
c. Jonah: work on science project and play with friends; Betty: playfigihds.

d. Jonah: work on science project; Betty: work on science project and play with friends.
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5. You are training a robot to avoid obstacles as it moves. To make things more interesting you
tell the robot to turn right to go around the obstacle if therad the obstacle is red. If the obstacle

is of any color other than red, the robot should turn left to go around the obstacle. How will you
program your robot to follow these instructions usingytaen-Do-Otherwise dostructure?

When:

Do:

Otherwise do:

6. Imagine you have established a colony on the moon, and have robots helping you with your
tasks. Today you need to program your robot to go test an instrument that is 5 miles away. Your
robot can only &vel 1 mile on a fully charged battery. Fortunately, you have a charging station
every mile long the way. Using the loop structure (&epeatcommand), write a program to
command your robot to successfully reach the instrument so it can conduct tAegeste your

robot is fully charged when it starts its mission.

7. Do you know how ant colonies gather food? Each ant has two primary tasks: looking for food
and returning to the nest with the food. When an ant finds a piece of food, it returns towighnest

the food and releases a chemical as it moves. Ant nests have a specific smell which helps ants find
their way back to the nest. When ants look for food, they sniff the scent of the chemical and follow
the scent toward the food. As more ants carrylfmthe nest, the chemical trail becomes well
defined.

Can you conceptualize how to describe the ant colony using an agent based framework?

Agent type(s) and properties for each agent:




Environment element(s) and properties for each environment element:

Agent behavior(s):

1. Behavior name:
Sensed properties:
Acted on properties:
2. Behavior name:
Sensed properties:

Acted on properties:

8. You are given the task of modeling the motion of a car shown in the figure below and how its

speed varies on a given path.

The motion of the car can be broken down into 5 different segments. For each segewfy,

what things the car will need ggnse and what things it will change or act™men write a small

program to describe the motion in each segment using some or all of the constructs/building blocks

provided belowDo NOT create your own constructs.

The first two segments have bedtedl in as an example for you.
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Do NOT write in the blanks inside the boxes. Use the constructs in your program.

Action constructs: : " )
Sensing condition constructs:
Set speed = meters/second Stopsignvisible?
Forward meters
Forward at increasing speed till speed reac Traffic-light-is-visible?
mph
Forward at decreasing speed till speed reaq
mph
Turn right by dgees .
Conditional constructs:
Turn left by degrees
Pause for seconds When

Do:

Car properties:

Otherwise do:
Speed

Segment 1 The car initially has cruise control on and is travelling in a straight line at a constant

speed of 10 meters/second.

Sense: none
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Act on: carlocation

Program: Set speed 20 meters/second

Forwardspeedneters

Segment 2 The driver sees a STOP sign at about 10 meters before the stop sign, and begins

slowing down the car to come to a stop. Then, she pauses for 5 second&tap thign.

Sense: stop-signvisibility

Act on: carlocation, carspeed

Program: __ When: Stopsign-visible?

Do: Forward &idecreasing speed till speed reaches 0 mph

Pause for 5 seconds

Otherwise do:

Segment 3 The driver then picks up speed to reach the speed limit of 15 meters/second for that
stretch of the road.

Sense:
Act on:

Program:

Segment 4 The car needs to turn right at the next intersection. However, the rules say that the car

must come to a coptete halt at the intersection with traffic lights before it can turn right.

Sense:
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Act on:

Program:

Segment 5There is a Ndurn-on-red sign at the intersection. So, the car waits for the traffic signal

at the intersection to turn green in ordentake a right turn.
Sense:
Act on:

Program:

B.2 Modeling skill transfer test

1. In the following paragraphs, you will read about an ecosystem containing wolf, sheep and grass.
You are given the task of modeling this ecosystem and the relations béfsvegeecies based on

what you read. Remember, modeling involves first identifying the agents and environment
elements which make up the ecosystem, followed by describing each agent behavior using a sense

act framework and writing a program for each behavio
First of all, let us read carefully about the ecosystem.

The wolfsheep ecosystem consists of wolves, sheep, and grass where the wolves prey on sheep to
gain energy and the sheep eat grass to gain energy. The wolves prey on sheep whenever they are
hungly and sheep are available, and gain 5 units of energy every time they consume a sheep. The

sheep, on the other hand, can eat grass whenever they are hungry since grass is always available,

and they gain 2 units of energy every time they eat grass.

Other han energy from their food, the wolves and sheep need oxygen to stay alive. They die when
they run out of energy or when there is no oxygen present in the atmosphere. Both the animals

breathe in oxygen and breathe out carbon dioxide. The grass on theasttidireathes in carbon
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dioxide and breathes out oxygen. The grass withers and dies if there is no carbon dioxide in the

atmosphere.

Wolves and sheep wander randomly in their landscape. Each step they take costs them 1 unit of
energy. When they run out ehergy they die. Also, each wolf or sheep can reproduce if it has
sufficient energy and thus help their populations to continue. Reproduction causes energy to

decrease by 4 units for wolves, and by 3 units in case of the sheep population.

(a) Agent types§) in the ecosystem:

1.

(b) Environment element(s) in the ecosystem:

1.

(c) Identify agent behaviors, model them using a seadramework, and use some or all of the

constructs provided in the boxes below to write programs describing the behaviors.
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Action constructs: Sensing condition constructs:

Wander The wolf is hungry?

Eat The sheep is hungry?

Die Thereare sheep available here?
Create new Some left?

Set current energy = previous energy + No left?

Set current energy = previoasergy-

Increase .
Conditional constructs:
When
Entities:
Do:
Sheep Wolves Grass Otherwise do:

Agentand Environment properties:

Energy Amount of oxygen Amount of carbon dioxide

Agent 17 Behavior 1:

Agent name Behavior name:

Sensed properties:

Acted on properties:
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Program:

Agent1i Behavior 2:

Agent name: Behavior name:

Sensed properties:

Acted on properties:

Program:

Agent 17 Behavior 3:

Agent name Behavior name:

Sensed properties:
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Acted on properties:

Program:

Agent 17 Behavior 4:

Agent name Behavior name:

Sensed properties:

Acted on properties:

Program:

Agent 21 Behavior 1:

Agent name Behavior name:




Sensed properties:

Acted on properties:

Program:

Agent 21 Behavior 2:

Agent name Behavior name:

Sensegroperties:

Acted on properties:

Program:
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Agent 27 Behavior 3:

Agent name Behavior name:

Sensed properties:

Acted on properties:

Program:

Agent 21 Behavior 4:

Agent name Behavior name:

Sensed properties:

Acted on properties:

Program:




Agent 37 Behavior 1:

Agent name Behavior name:

Sensed properties:

Acted on properties:

Program:

Agent 31 Behavior 2:

Agent name Behavior name:

Sensed properties:

Acted onproperties:

Program:
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Agent 31 Behavior 3:

Agent name Behavior name:

Sensed properties:

Acted on properties:

Program:

Agent 37 Behavior 4:

Agent name Behavior name:

Sensed properties:

Acted onproperties:
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Program:
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