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ABSTRACT
Computing curricula are being developed for elementary school
classrooms, yet research evidence is scant for learning trajecto-
ries that drive curricular decisions about what topics should be
addressed at each grade level, at what depth, and in what order.
�is study presents learning trajectories based on an in-depth re-
view of over 100 scholarly articles in computer science education
research. We present three levels of results. First, we present the
characteristics of the 600+ learning goals and their research context
that a�ected the learning trajectory creation process. Second, we
describe our �rst three learning trajectories (Sequence, Repetition,
and Conditionals), and the relationship between the learning goals
and the resulting trajectories. Finally, we discuss the ways in which
assumptions about the context (mathematics) and language (e.g.,
Scratch) directly in�uenced the trajectories.

CCS CONCEPTS
•Social and professional topics →Computational thinking;
K-12 education;

KEYWORDS
K-6; Computational �inking; Learning Trajectories

1 INTRODUCTION
Several school districts, including public schools in Chicago, New
York City, and San Francisco, have begun CS for All initiatives that
will bring computational thinking (CT) instruction to all students,
elementary through high school. However, the knowledge to create
research-based curricula - namely what, how, and when to teach
CT material - is still emerging.

�ere exist two bodies of research literature to draw upon –
one discussing what CT concepts students should learn [2, 22, 38]
and the other exploring what students at di�erent ages did learn
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through various CT-related activities [11, 12, 14, 16, 17, 20]. �e
wide breadth of literature presents a challenge: How do we extract
cohesive learning trajectories for computational thinking concepts
from a body of literature largely discussing individual, disconnected
learning goals?

In this paper, we present the �rst three learning trajectories (Se-
quence, Repetition, and Conditionals) developed through analysis
of over 100 published papers over the past decade. In particular, we
make the following four contributions:

• Identify two study a�ributes common in current research
literature that limit the studies’ usefulness in creating full,
empirically-supported learning trajectories.

• Articulate a decision-making process, grounded in educa-
tion theory, to connect related learning goals.

• Present three learning trajectories and discuss their rela-
tionship to current literature.

• Discuss the ways in which assumptions about our con-
text (integration with mathematics) and programming lan-
guage (e.g., Scratch) directly in�uenced the trajectories.

�e rest of the paper is organized as follows. We �rst present
related work and our theoretical basis in Sections 2 and 3. We then
describe our methods in Section 4. Section 5 analyzes a�ributes of
the literature as it is relevant to this endeavor. Section 6 presents
the learning trajectories, and Section 7 discusses the ways in which
our assumptions in�uenced the trajectories. Finally, concluding
thoughts are in Section 8.

2 BACKGROUND
Our project is based on prior work in computational thinking and
is situated in particular curricular contexts.

2.1 Related Work
Wing’s foundational paper describes computational thinking as
“solving problems, designing systems, and understanding human
behavior, by drawing on the concepts fundamental to computer sci-
ence,” noting connections between CT and problem-solving strate-
gies of other disciplines [38]. �ese connections have been further
described by Barr and Stephenson [3] in a report on e�orts to
develop a de�nition of CT that is “coupled with examples that
demonstrate how computational thinking can be incorporated in
the classroom.”
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A challenge in bringing CS/CT to all has been understanding
what topics, to what depth, and in what order computational think-
ing can be taught at di�erent grades. Di�erent tools and approaches
have been used to explore this issue. Early work explored using
LOGO to teach a variety of content areas at di�erent ages [7, 8, 30].
�e reemergence of computing in elementary schools has largely fo-
cused on Scratch, a popular block-based language. Seiter [33] used
existing Scratch projects across di�erent grade levels to identify
how computational thinking concepts varied by level in their Pro-
gression of Early Computational �inking (PECT) Model. However,
existence of a block in a project is not evidence of understanding
the full meaning of the block, as Brennan et al. [5] found when in-
terviewing Scratch contributors. Others have looked more directly
at how CT content might be ordered. Dwyer et al. [11] explored
lower anchor points and learning progressions for early work in
algorithmic development, Franklin et al. [16] analyzed 4th, 5th, and
6th grade student work in sequence, events, and initialization, and
Grover and Basu [20] explored student misconceptions of loops,
variables, and Boolean logic.

2.2 Curricular Context
Learning trajectories in�uence curriculum, but they also are recipro-
cally in�uenced by curricular choices [9]. We made two curricular
choices that in�uenced our trajectories.

Mathematics integrated with CT is a promising approach. In-
tegration with a traditional subject connects new CT concepts to
what students and teachers already know. Additionally, a large
portion of the school day is already set aside for mathematics, al-
lowing this new content to �t into an already-full K-5 curriculum,
and there are many synergies between mathematics concepts and
CT concepts.

Visual Block-Based Languages (VBBLs), such as Scratch [27], have
become the language of choice for elementary level project-based
curricula. �e programming language and programming environ-
ment are the window through which learners interact with and
learn about computational thinking. VBBLs are popular because
they are used by dragging and dropping instructions (reducing
syntax errors as well as typing, spelling, and memorization re-
quirements) to create programs that involve the animation of 2-d
images.

3 THEORETICAL BASIS
Our work was in�uenced by several bodies of work. First, we draw
on the learning trajectory approach to de�ning and describing the
components of a learning progression in a manner that makes it
useful for guiding learning and instruction. Second, we draw on
work re�ecting a number of perspectives on how to organize and
express the progression of topics at di�erent ages (depicted four
di�erent ways in Figure 1).

3.1 Learning Trajectories
In our work, we use a learning trajectory (LT) approach. An LT is a
map, or route, from knowledge that students bring to the classroom
to more sophisticated and detailed understanding of a topic [9].
�e starting point of the route is a crucial aspect of a trajectory;
LTs are based on the assumption that their generation should be

based on understanding of the current knowledge of the students
being guided along the route [35] (a tenet of constructivism).

A learning trajectory begins as a thought experiment – a “hypo-
thetical learning trajectory” in the words of Martin Simon [34] (p.
133) – that anticipates ways that students might be engaged in the
kinds of thinking and learning necessary to move them toward the
target understanding. �ese conjectures are then cyclically re�ned
and tested in classrooms, with results with individual students or
groups of students eventually being aggregated into a instructional
sequence that might be considered “best-case” [9]. In this study,
we a�empted to synthesize scholarly literature to create initial
hypothetical LTs to be tested in future work. A similar approach
was used by Confrey, Maloney, and Corley [10], who developed
learning trajectories by organizing and synthesizing the Common
Core State Standards for Mathematics (CCSS-M), one of the most
widely-adopted standards documents in U.S. education.

To operationalize the assembly of LTs from literature, we con-
ceptualized LTs as having three parts: a set of learning goals, a
developmentally appropriate path through those goals, and a set
of illustrative activities that help students move along the path
[9]. Our literature review process was designed with the aim of
extracting information about these three elements from the articles
reviewed. In this paper, we focus on the �rst two elements of learn-
ing trajectories: goals and pathways. �orough discussion of tasks
is beyond the scope of this paper.

3.2 Shapes of Learning Trajectories
Several theories of learning in�uenced the manner in which we
organized our trajectories. �e in�uence of each of these theories
is described in Section 4.

First, learning progressions have been proposed that illustrate
a path (or choice of paths) that a student goes through while de-
veloping understanding of a particular topic, with the �nal goal
being some level of understanding appropriate to the student’s age
and experience [4]. �is might lead to a trajectory with a shape as
depicted in Figure 1a - largely linear with some choices in path.

Other scholars have made the argument that learning progres-
sion models, in general, are too simple to capture the learning
process. Hammer and Sikorski [23] argue that a particular level of
understanding requires di�erent pieces of knowledge. �ese pieces
of knowledge may not have a particular order and may be activated
di�erently depending on the learning context. �is perspective
might lead to a trajectory more like Figure 1b, with many more
independent pieces of knowledge that, once learned, result in a
deeper or more complete understanding.

A third in�uence on the shape of our trajectories is theory inspir-
ing spiral curricula, itself in�uenced by cognitive theory advanced
by Jerome Bruner [6]. Bruner wrote, “We begin with the hypoth-
esis that any subject can be taught in some intellectually honest
form to any child at any stage of development.” �at is, complex
topics can be simpli�ed in various ways for young children. �ose
same topics are revisited multiple times, teaching more depth and
complexity as students mature. In this case, the shape of a learning
trajectory would look like Figure 1c, in which students revisit some
of the same topics each year, building some new knowledge and
complexity each time.
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Figure 1: Shapes and Content of LTs as in�uenced by theoretical framings.

Figure 2: �e learning trajectories creation process
Finally, our work is in�uenced by the constructivist assumption

that all e�ective learning utilizes knowledge that learners already
possess [34]. �is perspective might lead to a trajectory that begins
with everyday experiences, then “�lters” them to identify the as-
pects that are most relevant to the new learning, gradually re�ning
everyday knowledge to apply to academic topics of interest. For our
work, we conceptualize the progression as starting with everyday
experiences, proceeding to broad CT ideas, then applying those
ideas to programming, as shown in Figure 1d.

4 METHODS
Our methods for building learning trajectories take place in �ve
iterative phases: (1) extracting learning goals (LGs) from literature,
(2) categorizing learning goals, (3) clustering learning goals, (4)
assembling clusters into trajectories, and (5) assigning evidence
levels to goals and relationships. We describe each of these phases
in the sections that follow. �e overall process is summarized in
Figure 2.

Phase 1: Extracting Learning Goals from Literature
�e literature search included all articles that cited Wing’s [38]

paper on computational thinking, keyword searches of the Edu-
cational Research Information Center (ERIC) database, and pro-
ceedings from the 2006–2016 Special Interest Group on Computer
Science Education (SIGCSE) Technical Symposium and the Inno-
vation and Technology in Computer Science Education (ITiCSE).
Application of retention criteria described in [31] resulted in 108
articles.

Table 1: Concept categories for sorting learning goals

Concepts[21]
Abstraction and pa�ern generalization
Systematic processing of information
Symbol systems and representations
Algorithmic notions of �ow of control
Structured problem decomposition
Iterative, recursive, and parallel thinking
Conditional logic
E�ciency and performance constraints
Debugging and systematic error detection

We de�ne a learning goal as any explicit statement or implicit
endorsement of what students can or should be able to do in relation to
computational thinking. Example heuristics for identifying learning
goals that meet this de�nition can be found in [31]. When possible,
text was recorded verbatim from the article, aside from minor
edits to be understood out of context. �is process resulted in
671 learning goals.

Phase 2: Categorizing Learning Goals
As each learning goal was extracted from an article, it was cate-

gorized by concept and support type. Concepts, taken from [21], are
listed in Table 1. �e two support types are student and theoretical.

Student support: �e authors describe evidence that students of
particular ages were able to engage with the learning goal.

�eoretical support: �e authors describe the goal and/or its
appropriateness for students without citing any particular evidence
other than their own expertise or work with learners outside the
target student population (e.g., teachers or other adults).

Each article was independently reviewed by at least two re-
searchers to extract and categorize learning goals. If intercoder
agreement of at least 80% could not be reached through discussion,
a third reader coded the LGs from the article independently and
decided the remaining discrepancies.

Phase 3: Clustering Learning Goals
Learning goals were sorted into large groups according to com-

binations of concepts. In this paper, we discuss the set of LGs
tagged as related to Conditional logic, Algorithmic notions of �ow
of control, or Iterative, recursive, and parallel thinking. We chose
these particular concepts because they were widely discussed in the
literature and had the most concrete learning goals, making them
a useful starting point for re�ning our process. In future work, we
plan to develop learning trajectories for the other aspects of CT
articulated in Table 1.
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Four researchers independently sorted this collection of LGs
into categories, with no predetermined categories. �e researchers
then met to discuss what major themes emerged. Based on these
thematic discussions, new categories were de�ned, and researchers
independently re-sorted the original collection into these categories.
Any LG that was sorted into the same category by at least three of
the four researchers was retained, with any goals that did not meet
this criteria removed from the collection. �e resulting collections
of goals were called clusters. �is paper discussed the LTs created
from three clusters: Sequence, Repetition, and Conditionals.

Phase 4: Assembling Clusters into Trajectories
We used a two-stage process to assemble each cluster of learning

goals into a trajectory. Due to the limited information available
within the literature (as discussed in Section 5), we gathered an
interdisciplinary team consisting of experts in computer science,
computational science, computer science education, mathematics
education, and mathematics curriculum to agree upon decisions
involving the trajectories.

First, we wrote “consensus goals” (CGs) to articulate big ideas
expressed within a cluster and assigned to each CG the learning
goals that supported it. An LG was characterized as directly sup-
porting a CG if the CG could be considered a restatement of the LG.
An LG was considered inferred support for the CG if it was not a
direct restatement, but was more speci�c than the CG, represented
an idea for which the CG was a prerequisite, or lacked su�cient
detail to provide direct support.

Second, we a�empted to articulate relationships and dependen-
cies among the consensus goals that de�ne potential pathways
through the goals. To do so, we applied the theories discussed in
Section 3.2 as follows. To apply the theory of learning progressions,
we noted any study results that suggested a progression in di�culty
(e.g., when students could complete one aspect of a task but not
another), and used this information to place the less di�cult ideas
before the more di�cult ideas.

We then adopted three general organizational heuristics based
on the pieces-of-knowledge theory, spiral curriculum ideas, and
constructivist assumptions, respectively:

1. Address and develop component ideas separately before ex-
pecting them to be applied in concert.

2. Identify the minimum knowledge needed to create an artifact
applying a concept, and place this knowledge into a progression.
�en add to the trajectory by adding alternative, branching paths
that add layers of complexity to the use of the concept.

3. Begin with the ideas most closely connected to students’
everyday lives, continue toward broad CT concepts, and �nally
apply CT to programming. In practice, this resulted in a pa�ern of
addressing “unplugged” ideas before programming-speci�c ideas.

In addition to these heuristics, we also applied knowledge of
mathematical skills, pedagogical approaches used in mathematics
instruction, and likely programming languages that would be used
in age-appropriate activities. We discuss the ways in which these
assumptions in�uenced the resulting trajectories in Section 7.

Phase 5: Assigning Evidence Levels
A last cross-check was performed on all consensus goals with

relevant learning goals to ensure that the CGs aligned with the
original intent of the LGs.

�e collection of learning goals supporting each consensus goal
was examined. If at least one learning goal supporting a CG had stu-
dent support, the CG was marked with student support; otherwise,
the CG was marked with theoretical support. Any CGs without
learning goals supporting them were removed. We also identi�ed
which arrows were supported by the literature and which were a
result of professional judgement guided by the heuristics above.

5 LITERATURE ATTRIBUTES
In this section, we describe two a�ributes of the CS education
literature that made it di�cult to create empirically-supported
learning trajectories.

Li�le research in K-6 has been performed on students deliberately
chosen to have computing experience.

Only 14% of the studies that produced LGs with student support
stated that the students had some programming/CT experience.
�e rest either stated that students had mixed experience (10%),
unclear experience (43%), or no experience (33%). As a result of
the low experience level of most study participants, similar goals
have been a�empted by students of disparate ages. For example,
one study showed that eighth and ninth graders could decompose
a game into a sequence of frames [32], while another showed that
Kindergarteners can parse a sequence of events into component
steps [14]. �ese goals could be generalized into the same consensus
goal about parsing a large task into parts, but the wide range of
grade levels gives li�le information about where this goal should
be placed within an age-graded trajectory. In addition, the grade
range in a study was sometimes too wide to be useful, such as an
analysis of Scratch projects created by students aged 8–18 in an
a�er-school program [28].

As a result, we were largely unable to use the ages or grade
levels of students to inform the relationships between consensus
goals. We instead relied heavily on our theoretical underpinnings
to determine relationships among goals.

Most research in K-8 focuses on independent learning goals rather
than the dependency between multiple learning goals

A related a�ribute of the literature is that most research (81%)
focused on a single learning goal or independent learning goals
rather than the relationship between multiple learning goals. For
example, studies asked questions such as, did students learn how to
think in parallel [19]? Or, are students able to create programs with
Booleans, variables, conditionals, loops, functions, or events, which
were the programming constructs taught [25]? �is is related to
the fact that most studies were on novice learners – most interven-
tions were short, so students would not learn enough in a single
intervention to study the relationships between di�erent learning
goals. �is was another factor that led us to rely on educational
theories to determine relationships among consensus goals.

6 LEARNING TRAJECTORIES

We now present three learning trajectories: Sequence, Repetition,
and Conditionals. We begin by presenting numerical summaries
of the trajectories, shown in Tables 2 and 3. Table 2 shows the
number of learning goals in each cluster, detailing how many had
student support and how many had theoretical support. In the
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Table 2: Learning goals for each cluster

Trajectory Total LGs LGs used
(Student / �eoretical) in trajectory

Sequence 48 (34/14) 37
Repetition 47 (30/17) 42
Conditionals 49 (34/15) 49

Table 3: CGs and arrows for each trajectory

Total CGs Total Literature-
Trajectory (O�ine / arrows supported

Computer-based) arrows
Sequence 10 (5/5) 11 3
Repetition 10 (5/5) 13 0
Conditionals 12 (6/6) 18 3

Table 4: �ree LGs leading to one Sequence CG

LG1 Correctly sequence a set of computational instructions. [13]
LG2 “[P]ut instructions in the correct sequence”. [1]
LG3 “[G]iven lines of pseudocode that need to be put in the

correct order to solve a problem”, put them in order. [24]
CG �e order in which instructions are carried out can a�ect

the outcome.

cases of Sequence and Repetition, a handful of learning goals were
discarded during the trajectory construction process due to being
miscategorized or being identi�ed as the same goal extracted twice
from di�erent reports of the same study. �e number of LGs used
to support the �nal trajectory is shown in the third column. All the
LGs in the Conditionals cluster were used in the trajectory.

Table 3 shows the number of consensus goals and arrows in
each trajectory, along with how many of the CGs are o�ine goals
versus computer-based goals, and how many of the arrows were
supported by information extracted from the literature.

Pictorial summaries of the trajectories are shown in Figures 3,
4, and 5. Gray boxes indicate o�ine, or “unplugged,” CGs, while
white boxes indicate computer-based CGs. Arrows indicate two
types of relationships between consensus goals. First, a black arrow
indicates that the understanding of the source box is necessary (or
at least very helpful) to understand the destination box. Second, a
grey arrow indicates that traversing through the previous box is
helpful, but not always necessary to reach the destination box. �ese
grey arrows are the beginnings of a spiral curriculum, allowing
students to make multiple paths through the same material, gaining
more understanding each time. Finally, information on the lower
right-hand corner of each box indicates the number of LGs that
were coalesced into this consensus goal and the stronger type of
evidence found for a CG or relationship arrow (S for student support
or T for theoretical support).

We now discuss each trajectory in more depth with details on
the LT construction process, including an example of a set of learn-
ing goals that were coalesced into a single consensus goal, and a
discussion of the ideas summarized in the trajectory.

6.1 Sequence
Construction Process �e Sequence cluster included 48 learning
goals, 34 with student support and 14 with theoretical support.
Table 4 lists the three learning goals that were coalesced into the
single “�e order in which instructions are carried out can a�ect
the outcome.” consensus goal. �is example shows two things.
First, the three learning goals were nearly identical, discussing
various activities involving pu�ing instructions in order. Second,
the consensus goal was expressed as an understanding goal rather
than an action goal. To articulate the consensus goal, we determined
a core knowledge students would either learn from or demonstrate
their understanding of by performing the speci�ed actions.

As the learning goals were synthesized into consensus goals,
two big ideas emerged: Precision and Order, as seen in the two
branches in Figure 3. Following Heuristic (1) discussed in Phase
4 of the Methods section, we placed CGs relating to each big idea
separately before CGs that combined them. Following Heuristic (3),
we articulated a path through each big idea that started with every-
day knowledge, proceeded to CT, and later addressed programming.
During this process, we also made use of three student-supported
dependence relationships pulled from the literature.

In this trajectory, both the early, o�ine CT goals and the later
programming goals are well-supported by LGs with student support.
�is was not the case for the other two trajectories, as discussed
below.

Trajectory Description �e Sequence trajectory begins with
two branches: Precision and Order. �e beginning treatment in-
cludes the Precision branch, whereas the intermediate treatment
includes both branches and the coordination of the two ideas. Note
that the arrows between consensus goals within the Precision
branch are largely black, while the arrows within the Order branch
are largely grey. �is means that the Order branch shows a possible
path, not a path based on strict dependencies. �e order of CGs
within the Order branch, as well as the choice to put this branch in
the intermediate treatment instead of the beginning treatment, was
in�uenced by our work in mathematics, as described in Section 7.

A�er the branches meet, our two subsequent consensus goals
are springboards to other learning trajectories. “Some commands
modify the default order of execution, altering when and which
instructions are executed.” leads to Repetition and Conditionals,
described below. “�e position of a new command can a�ect out-
comes.” describes the modi�cation process, as opposed to creation
process, of programming. �is not only relates to understanding in-
structions and ordering, but it also relates to debugging techniques,
the subject of a future learning trajectory not included in this paper.
Due to the need for coordination with other topics, we place these
CGs in the advanced treatment of Sequence.

6.2 Repetition
Construction Process �e Repetition (iteration / loop) trajectory

was assembled from 47 LGs, with a 30/17 split on student support
vs. theoretical support. Table 5 lists the four LGs that were used
to create one CG. �is example illustrates the ways in which we
inferred support from seemingly disparate LGs into one CG. LG1
articulates an understanding that restating instructions in fewer
commands can be desirable, implying that children should know
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Figure 3: Sequence learning trajectory.

Figure 4: Repetition learning trajectory.

Table 5: Four LGs leading to one Repetition CG

LG1 Recognize when it is not desirable to ”repeat code in the
same project”. [29]

LG2 Identify ”loop constructs but not necessarily working
code.” [18]

LG3 Use ”explicit looping”. [22]
LG4 Use “loops” (as an example of abstraction). [3]
CG Instructions like ”Step 3 times” do the same thing as ”Step,

step, step.”

how to do so. LG2 points out that students can be expected to think
about a loop construct without using it in a program, implying that
a broader, o�ine CT goal can appear before a programming goal.
“Explicit looping” in LG3 refers to using repetition and being aware
that you are doing so, implying that you should be able to express
the repetition ideas explicitly. Finally, LG4 points out that using
a loop requires abstraction, which we specify as identifying what
repeats and how many times it should repeat. �us we consider all
of these LGs to be inferred support for the understanding of how
to write instructions using repetition language.

Following Heuristic (3), the �rst CG in this trajectory relates to
how repetition manifests in everyday life. �e LT then proceeds
towards broad CT ideas related to repetition and �nally proceeds

to programming goals. Interestingly, we found that though ap-
proximately 64% of the LGs in this cluster had student support,
these tended to support the �ve programming consensus goals –
in particular, the CG about basic understanding and use of a loop
command (“Computers use repeat commands.”). We relied heavily
on theoretical literature to articulate the early CGs, and de�ned the
pathways based entirely on our heuristics.

Trajectory Description Figure 4 depicts the resulting Repeti-
tion learning trajectory. It begins with the idea that repetition is
used for many tasks, then expands into three branches addressing
broad CT ideas related to repetition. �e �rst relates to expressing
the need to repeat instructions via a simple, countable loop – this
is what we suggest for beginners. �e other two branches relate to
recognizing the power of repetition (“Repeating things can have a
cumulative e�ect.”) and how and when to stop a repetition. At the
end of the intermediate treatment, students have an understanding
of how and when to use multiple kinds of loops. An advanced treat-
ment introduces nested loops and using variables (and conditions)
to control loops.

6.3 Conditionals
Construction Process �e Conditionals trajectory was assembled
from 49 LGs, with a 34/15 split on student support vs. theoretical
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Figure 5: Conditionals learning trajectory.

Table 6: Four LGs leading to one Conditionals CG

LG1 Interpret the results of conditional statements [26]
LG2 Use an “if/else statement” [37]
LG3 Use an if/else statement [33]
LG4 “Write an algorithmic solution … that takes

into account all boundary conditions” [2]
CG Each of the two conditional states may have its own action.

support. Table 6 lists the four LGs that were coalesced into “Each
of the two states of a condition may have its own action.” �is
example illustrates that the context of the trajectory is necessary to
see the relationship between the LGs and the resulting CG. On its
face, the LGs do not necessarily speak directly to the importance
of considering the false state. However, this is what distinguishes
this CG from its predecessors – other LGs referred only to an if
statement or generally to conditionals. �e presence of the else
and the stated desire to take into account all boundary conditions
resulted in a separate CG focused on paying special a�ention to
considering the false state of a condition and specifying the else
clause of a conditional.

Following Heuristic (3), we began the Conditionals LT with
the basic understanding of cause and e�ect and of evaluating the
truthfulness of a statement. Spiral curriculum ideas (Heuristic (2))
strongly in�uenced the shape of this trajectory, as analysis of the
LGs in this cluster revealed many layers of complexity both in
consideration of possible conditions and in how conditionals might
be implemented.

Trajectory Description �e Conditionals trajectory is spiraled
to present three levels of advancement in understanding. At a begin-
ning level, students learn the binary nature of conditions, the cause-
and-e�ect connection between condition states and outcomes, and
the commands necessary to use conditionals in a program. At this
level of understanding, event-based programs could be used with-
out explicit if-then statements. An intermediate treatment adds
multiple conditions and overlapping conditions, requiring multiple
or nested conditionals, as well as explicit if-then-else code that

Figure 6: �ree ways to add 15 + 27. (a) uses a rote process,
whereas (b) and (c) show di�erent orders and steps.

breaks the sequential execution of a single code snippet. Finally,
an advanced treatment introduces Boolean variables.

7 DISCUSSION
In the absence of evidence from the literature to order consensus
goals, or when there were multiple reasonable possibilities, two
extra pieces of information were used to in�uence the ordering:
mathematics and programming language. In this section, we dis-
cuss more thoroughly speci�c examples of how mathematics and
programming language assumptions in�uenced the decisions made.

7.1 Mathematics
Mathematics in�uenced our trajectories by providing an existing
order in which CT concepts related to mathematics were introduced.
In essence, where the CT literature was lacking in tying concepts to
grade levels, mathematics instruction provided insight into existing
expectations for students to use those concepts, even if they are
not presented as such.

For example, in the Sequence LT presented in Section 6.1, which
concept should be taught �rst – that di�erent instructions can
have the same outcome or that the order of instruction a�ects the
outcome? �at is, should understanding instructions come �rst or
the e�ect of order? If we look to the CS K-12 Framework [15], we
see that order comes �rst.

Research-supported pedagogical approaches to early exploration
of mathematical operations, however, de-emphasize the importance
of order of steps. A traditional approach to teaching two-digit
addition is depicted in Figure 6a. To add 15 + 27, the digits in the
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Figure 7: 10-iteration loop, (a) Scratch and (b) C.

Figure 8: Testing a pixel for black, (a) Scratch and (b) C.

ones places are added (5 + 7 = 12). We write the 2 in the ones
column of the sum and carry the 1. �en 1 + 1 + 2 are added,
resulting in 4. We write the 4 in the tens column to get the �nal
answer of 42. �is is a speci�c algorithm in which the order of the
steps ma�ers. However, another approach encourages students to
explore the meaning of addition and invent their own methods for
computation. As they gain understanding of the counting sequence,
children o�en invent “jump” strategies such as jumping up 20 from
15, then jumping up 5 more, then 2 more, as shown in Figure 6b
[36]. A di�erent student may prefer to start from 0, then jump up
by the ones (5 from 15 and 7 from 27) and then by the tens (10 from
15 and 20 from 27), as shown in Figure 6c. Both methods result
in the same answer, 42. �e additions could be performed in any
order, and the numbers broken up in more than one way.

Now looking closely at the Order branch of the Sequence trajec-
tory, we see that it re�ects the order of math instruction, placing
“Di�erent sets of instructions can produce the same outcome.” be-
fore “�e order in which instructions are carried out can a�ect the
outcome.” Instead of the �rst puzzles in the code.org curriculum, in
which students use forward and turn blocks to navigate a character
through a maze with obstacles blocking all alternate paths, students
would be given a project that is explicitly designed to allow multiple
solutions. We do not have empirical evidence that would tell us
which approach is be�er. Instead, we observe that the trajectory
depicted in this paper is likely to align be�er with mathematics.

7.2 Programming Language
Finally, we found that assumptions about the programming lan-
guage used in elementary school in�uenced the dependencies for
the Repetition and Conditionals trajectories. In many languages
used by college students and industry professionals, loops and
conditionals are much more complex than in Scratch. In contrast,
Scratch is speci�cally designed to provide “low �oors and high
ceilings.” �is means that while Scratch includes very sophisti-
cated instructions that require knowledge of percentages, negative
numbers, and variables, it also includes blocks with minimal re-
quirements.

In Scratch, a programmer can set up a loop to execute 10 times
by merely entering 10 as an argument into a repeat block. An
equivalent loop in most languages, as shown in Figure 7, would
require the use of variables and conditionals, both more advanced
concepts than a simple repeat block. �is means that to use a loop
in a Scratch-like language, students need only be able to count
– a Kindergarten skill. �is is re�ected in the beginning level of
the Repetition trajectory. All that is necessary is to understand
that “Step 3 times” is the same as “Step, step, step.” �is is the only
prerequisite knowledge to using a simple repeat command; there
are no connections between Conditionals and Repetition in early
levels.

Likewise, a meaningful use of a conditional in conventional text-
based languages requires variables and a comparison operator, as
shown in Figure 8. Scratch, on the other hand, provides condition
primitives such as “touching [other sprite]” or “touching [color]”
in order to allow one to create code that reacts to conditions in
the visual screen. �is a�ects the Conditionals trajectory because
students can use conditionals in the elementary level, yet Boolean
variables can be delayed until the advanced level.

8 CONCLUSIONS
�is paper presents detailed learning goals, and connections be-
tween them, for three CT concepts: Sequence, Repetition, and
Conditionals. We provide insight into how these topics can be
developed by harnessing knowledge from students’ everyday expe-
riences, potentially leading to broader understanding of how CT
applies to the world than would result from teaching through pro-
gramming alone. We also discuss how integration context and pro-
gramming languages can in�uence (though not determine) learning
trajectories.

�is is merely a starting point. More empirical data is necessary
to be�er understand the relative di�culty of di�erent concepts,
how they map to speci�c grade levels, and how they change based
on integration with speci�c subjects. Finally, there are several more
trajectories to be created, such as Debugging, Decomposition, and
Abstraction.
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