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Abstract 

Contemporary science is a field that is becoming increasingly computational. Today’s scientists not only leverage 
computational tools to conduct their investigations, they often must contribute to the design of the computational 
tools for their specific research. From a science education perspective, for students to learn authentic science prac-
tices, students must learn to use the tools of the trade. This necessity in science education has shaped recent K–12 sci-
ence standards including the Next Generation Science Standards, which explicitly mention the use of computational 
tools and simulations. These standards, in particular, have gone further and mandated that computational thinking be 
taught and leveraged as a practice of science. While computational thinking is not a new term, its inclusion in K–12 
science standards has led to confusion about what the term means in the context of science learning and to ques-
tions about how to differentiate computational thinking from other commonly taught cognitive skills in science like 
problem-solving, mathematical reasoning, and critical thinking. In this paper, we propose a definition of computa-
tional thinking for science (CT-S) and a framework for its operationalization in K–12 science education. We situate our 
definition and framework in Activity Theory, from the learning sciences, in order to position computational thinking as 
an input to and outcome of science learning that is mediated by computational tools.
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Introduction
Computation has become critical to an ever-broadening 
list of disciplines, particularly within STEM (science, 
technology, engineering, and mathematics) fields (Kac-
zmarczyk & Dopplick, 2014). Computational tools have 
long been employed in science to conduct research with 
greater precision, accuracy, and efficiency than would 
otherwise be possible. These tools have also enabled 
new modes of investigation, analysis, and explanation 
(Grover & Pea, 2013; Wing, 2010). Further, advances in 

computation have led to fundamental shifts in how sci-
entific research is conducted, with computational tools 
expanding the epistemological problem space of sci-
entific inquiry, enabling scientists to investigate “grand 
challenges” in science (Denning, 2017; Foster, 2006; 
Wilson, 1989). As new technologies are developed, new 
applications of those technologies lead to new questions 
for investigation (Grover & Pea, 2013).

The importance of computational tools in science is 
not limited to adult practitioners—such tools are becom-
ing increasingly common in science classrooms. The use 
of computational tools has been shown to support the 
learning of science content (Aksit & Wiebe, 2020; Dickes 
et  al., 2016; Hutchins et  al., 2020; Malone et  al., 2018; 
Peel et  al., 2019; Sengupta et  al., 2013) and to help stu-
dents understand modern scientific practices (Foster, 
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2006; Malyn-Smith et  al., 2018; Weintrop et  al., 2016; 
Wiese & Linn, 2021). Increasingly, contemporary scien-
tific practices also include the design and evaluation of 
computational tools in the service of achieving science 
goals. To use, design, and evaluate these tools effectively 
for science, students must have some understanding of 
computation, as well as how computation can be lever-
aged to support a science goal (Grover & Pea, 2013). To 
wit, the field of computational science emerged from this 
increasing need for the power of computation to advance 
science—scientists in that nascent field used the term 
computational thinking to refer to the thought processes 
involved in using, designing, and evaluating computa-
tional tools (Denning, 2017). As computational science 
becomes increasingly descriptive of the practice of mod-
ern science in general, it follows that computational 
thinking for science is critical for science educators, 
learning designers, and assessment designers to attend 
to. To do this requires that these stakeholders under-
stand the types of science learning experiences in which 
computational thinking is likely to occur (i.e., where that 
thinking is likely to occur) and how those experiences can 
engage students in such thinking.

Our paper addresses this need by presenting the com-
putational thinking for science (CT-S) framework. For 
researchers, this framework can be used to (a) identify 
science learning experiences that are likely to elicit com-
putational thinking so that it can be investigated dur-
ing those experiences and (b) inform the development 
of assessments aimed at revealing CT-S so that it can be 
measured. For designers of science learning experiences 
and K–12 science educators, the CT-S framework can 
support the development of learning experiences at the 
intersection of computational thinking and science.

Efforts at defining and operationalizing 
computational thinking
The CT-S framework and definition presented here were 
informed by our review of two interrelated bodies of lit-
erature. First, we discuss prior efforts to define computa-
tional thinking and the cognitive processes that typify it. 
We then describe efforts to articulate the types of prac-
tices that engage students in computational thinking and 
work that has been done to integrate those practices into 
K–12 subjects. The framework and definition presented 
here build on and extend these prior efforts by articulat-
ing the cognitive processes that are likely to occur in sci-
ence classrooms that are characteristic of CT-S.

Defining computational thinking
The term computational thinking was introduced in 1980 
by Papert in a discussion of the potential impacts of com-
puters on the way people think and learn. He suggested 

that interactions with technology may actually contrib-
ute to the development of new types of mental processes 
(Papert, 1980). His perspective informed the field’s cur-
rent understanding of computational thinking as a cog-
nitive process—not an application of knowledge or of a 
technique (Grover & Pea, 2013; Li et  al., 2020; Selby & 
Woollard, 2013). Accordingly, a viable definition of com-
putational thinking must center on the concept of cogni-
tive processes. A widely employed definition that meets 
this criterion was proposed by Cuny, Snyder, and Wing in 
2010: “Computational thinking is the thought processes 
involved in formulating problems and their solutions 
so that the solutions are represented in a form that can 
be effectively carried out by an information-processing 
agent” (p. 1). Importantly for our work, which focuses 
on middle school science students who may not know 
how to program, Wing (2010) emphasizes that engaging 
in computational thinking does not inherently require 
programming knowledge. In fact, it does not require that 
computers be used at all—there are many computational 
thinking learning experiences that employ unplugged, 
or non-digital, pedagogical approaches (Bell et al., 2012; 
Folk et  al., 2015; Huang & Looi, 2021; Lealdino Filho 
& Mercat, 2018; Peel et  al., 2022). These unplugged 
approaches engage students in the design and use of 
computational tools—like algorithms—using paper, or 
even their own bodies, to learn about computation in an 
off-line manner that still aligns with the Cuny–Snyder–
Wing definition.

In cases where students are engaged in learning experi-
ences within computer science, the Cuny–Snyder–Wing 
definition, and variations of it (e.g., definitions proposed 
in Aho, 2011 and Nardelli, 2019)—which center on 
problem-solving with an information-processing agent—
can be operationalized due to their precision (Krugel & 
Hubwieser, 2018; Lowe & Brophy, 2017). But when com-
putational thinking is considered in a science classroom 
context, scholars, such as Denning (2017), have argued 
that these definitions lack sufficient clarity to position 
educators to teach or assess computational thinking 
in their specific context (see also Guzdial, 2015; Kite & 
Park, 2020). In recent years, efforts to further synthe-
size the literature on computational thinking have led to 
diverse results, and there remains a lack of consensus in 
the field about how to define and distinguish computa-
tional thinking from other cognitive processes like logi-
cal reasoning and critical thinking (Brennan & Resnick, 
2012; Grover & Pea, 2013; Rutstein et  al., 2014; Ulrich 
Hoppe & Werneburg, 2019).

Interacting with computers and other computational 
tools, even those that are unplugged, can engender criti-
cal thinking about the tool itself, and these cognitive pro-
cesses are distinct from thinking about the problem or 
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goal for which the tool is being employed (Ackermann, 
1996; Jonassen, 2000; Jonassen & Rohrer-Murphy, 1999; 
Kaptelinin & Nardi, 2006; Kuutti, 1995). These types of 
cognitive processes, emanating from and focused on 
interactions with computational tools, extend beyond 
the cognitive processes implied by definitions of compu-
tational thinking that center on formulating instructions 
for delivery to an information-processing agent. Whereas 
“delivering instructions” involves a transfer of informa-
tion from the thinker to the tool—“interactions with a 
computational tool” elicit a bidirectional exchange of 
information between the thinker and the tool (Csizma-
dia et al., 2019; Nardi, 1996; Solvie & Kloek, 2007). The 
cognitive processes involved in interactions with compu-
tational tools are an important aspect of computational 
thinking as originally conceptualized by Papert and are 
crucial for CT-S. Namely, to prepare students for the 
increasingly computational nature of science, it is essen-
tial to develop students’ abilities to think about the func-
tionality and positionality of computational tools within 
an activity—particularly in science learning contexts 
(Ah-Nam & Osman, 2017; Grover & Pea, 2013; Sengupta 
et  al., 2013; Shaffer & Clinton, 2006; Weintrop et  al., 
2016).

The CT-S framework and definition presented here 
were designed to account for the bidirectional exchange 
of information between the thinker and the tool, and the 
different types of computational tool interactions that 
can elicit computational thinking in science learning 
contexts. We ground our work in Activity Theory, which 
we describe in the “Theoretical Framework” section, as 
an analytic heuristic that is particularly well suited to 
examining the bidirectional and mediating relationships 
across the learner, computational tool, and science goals 
to which the tool’s use is directed.

Computational thinking practices
In 2006, Wing reintroduced the term computational 
thinking into the national lexicon, aligning the term 
with problem-solving practices and methodologies fre-
quently employed in the discipline of computer science. 
Wing argued that all students could benefit from learn-
ing how to think like a computer scientist. This led to a 
growing body of literature on ways to introduce compu-
tational thinking in K–12 education, especially by inte-
grating it into core subjects (Grover et  al., 2020; Jona 
et  al., 2014; Lee et  al., 2014; Settle et  al., 2012; Yadav 
et  al., 2016). Despite awareness of its importance, com-
putational thinking has remained elusive to operational-
ize as its definitions have historically been ostensive, or 
defined through example, and often refer to methods 
and conventions commonly employed by computer sci-
entists—for instance, “solving problems like a computer 

scientist” or “approaching tasks like a programmer” (Barr 
& Stephenson, 2011; National Research Council, 2010). 
To operationalize these definitions, a list of the computer 
science practices associated with computational think-
ing was needed. In 2010, the National Research Council 
convened a group to study the scope and nature of com-
putational thinking. A resulting report identified over 
20 practices that computational thinking could include 
(National Research Council, 2010).

Although computational thinking is most often asso-
ciated with computer science, such lists of practices 
associated with it fail to recognize that computational 
thinking is not synonymous with computer science, com-
puter literacy, or programming (Bell et al., 2010; Brinda 
et al., 2009; Computing at School Working Group, 2012; 
Grover & Pea, 2013; Selby & Woollard, 2013). Conceptu-
alizing computational thinking beyond computer science 
is essential for its inclusion in K–12 learning environ-
ments. There have been several notable efforts to iden-
tify the practices associated with computational thinking 
within K–12 core subjects. For example, Barr and Ste-
phenson (2011) proposed a framework that illustrates 
how such concepts as abstraction and parallelization 
could be incorporated into many K–12 subject areas. 
Malyn-Smith et  al. (2018) as well as Dong et  al. (2019) 
have introduced frameworks to support educators in 
identifying opportunities to engage students in computa-
tional thinking within disciplinary learning.

Others have emphasized specific subject areas. For 
instance, Weintrop et  al. (2016) and Lee and Malyn-
Smith (2020) have proposed frameworks for integrating 
practices related to computational thinking into K–12 
STEM subjects. Weintrop et  al. (2016) created their 
computational thinking in mathematics and science tax-
onomy to be an “actionable set of guidelines that can be 
followed to bring computational thinking into math-
ematics and science classrooms quickly and effectively” 
(p. 129). While such frameworks have many affordances, 
there are limitations that arise from their focus on those 
activities that can motivate computational thinking with-
out attending to how those activities engage students in 
such thinking. For example, many of these frameworks 
(e.g., K–12 Computer Science Framework, 2016; National 
Research Council, 2012; Weintrop et  al., 2016) list cre-
ating data visualizations as a computational thinking 
practice; however, as articulated in the K–12 Computer 
Science Framework (2016), “a student is not necessarily 
using computational thinking when he or she enters data 
into a spreadsheet and creates a chart” (p. 70). That is, 
it is possible to create a data visualization with or with-
out engaging in computational thinking (e.g., if a student 
merely follows a teacher’s step-by-step “recipe”), and 
without clarifying the cognitive processes characteristic 



Page 4 of 16Hurt et al. International Journal of STEM Education            (2023) 10:1 

of computational thinking, it is difficult to evaluate com-
putational thinking performance on a task in which it 
may be occurring (Weintrop et al., 2021). To hypothesize 
whether a student engaged in computational thinking 
while creating a data visualization would require a model 
of cognition (Brown & Wilson, 2011) that can account for 
the specific cognitive processes one would expect to find 
evidence of.

The CT-S framework and definition presented here 
describe a model of cognition for CT-S and thereby bet-
ter enable assessment and learning designers to identify 
how performance tasks can engage students in computa-
tional thinking for science.

Theoretical framework
To construct a definition of CT-S that attends to the 
mediating role of a computational tool in cognition, 
we draw on Activity Theory. Developed by the Russian 
theorists Lev Vygotsky, Aleksei Leont’ev, and Alexander 
Luria, Activity Theory is a framework for investigating 
human behavior, understood as goal-directed activity in a 
specific sociocultural setting (Engeström, 2015; Vygotsky, 
2012). Our research builds on prior work using Activity 
Theory to examine technology-centered learning (e.g., 
Barab et al., 2004; Blin, 2004; Brine & Franken, 2006; Iss-
roff & Scanlon, 2002; Murphy & Rodriguez-Manzanares, 
2008). Kaptelinin and Nardi (2006) argue that the use of 
Activity Theory directs attention away “from the com-
puter as the focus of interest”, allowing for the examina-
tion of “technology as part of the larger scope of human 
activities” (p. 5). Activity Theory positions intelligence as 
being distributed throughout an activity system: knowl-
edge and meaning-making emerge from a subject’s inter-
actions with tools and with others, rather than being 
created and held entirely by the subject (Pea, 1993). In 
using Activity Theory to frame our analysis, we under-
stand computational thinking as situated in activity and 
distributed across the actors and tools involved in the 
activity system (Engeström, 2015; Greeno, 1998). The 
intrapersonal cognitive processes we aim to describe here 
is but a piece of that broader goal-directed activity, but 
one that is critical to understand and describe (Greeno, 
2015).

The basic unit of analysis in modern Activity Theory is 
the activity system. This system is viewed from the per-
spective of a subject, a person or group who serves as the 
primary actor. The subject’s efforts are motivated by and 
directed toward an object. Defined by Leont’ev (1978, as 
cited in Kaptelinin & Nardi, 2006) as an activity’s “true 
motive” (p. 139), the object can be thought of as an activ-
ity’s goal. Imagine, for example, a science teacher leading 
a lesson about Newton’s law of universal gravitation. In 
this activity system, the science teacher is the subject. 

The teacher’s goal is to elucidate gravitational force. In 
Activity Theory, goals are transformed into outcomes—
results of the activity. Engeström (2015) clarifies that out-
comes may be out of the subject’s direct control and can 
even be unintended. In our example, an outcome may be 
that the teacher successfully communicated ideas about 
gravitational force to students. An unintended outcome 
might be that the students developed misconceptions 
about gravity.

Drawing from prior work in child development, Vygot-
sky (1978) devised the concept of mediation, which has 
become central to Activity Theory. He observed that 
when humans interact with the environment, they do 
so indirectly through mediating artifacts, or tools. Tools 
can be material or immaterial (e.g., a hammer or a theo-
retical framework). For instance, the science teacher in 
our example may use their understanding of the zone 
of proximal development (theory as tool) to determine 
which ideas about gravity to communicate next to stu-
dents. The teacher might also employ tangible items, 
such as basketballs, to demonstrate gravity. The teacher 
may likewise use symbols, gestures, or diagrams to illus-
trate concepts visually. Regardless of materiality, all these 
mediating artifacts are considered tools. Moreover, tools 
can, and often do, mediate an activity even if the subject 
is not consciously aware of their presence or intentionally 
employing them. In this example, the teacher’s activity 
might be mediated by their learned instructional strat-
egies, their own mental model of gravitational force, or 
their conceptions about student learning. Notably, tools 
do not need to be unique to the specific activity; many of 
the aforementioned tools could operate in other activity 
systems. The resulting outcome would be the product of 
this indirect interaction, or mediation, between the sub-
ject (the teacher) and the object (elucidating gravitational 
force) through the use of tools.

In addition to the components of an activity system, 
Activity Theory includes assumptions about the nature 
of relationships among components. Notably, in activity 
systems, a subject does not merely wield tools to accom-
plish a goal—a one-way direction of influence. Activity 
systems are dialectically structured, such that the system’s 
components are mutually dependent and influence one 
another. When a subject is using a tool to work toward 
a goal, it is not just the goal or the tool that is influenced; 
the subject is affected as well. The subject may learn 
something new about the tool or come to new under-
standings about the goal. This meaning-making process 
may then inform the subject’s decisions and actions. In 
turn, these decisions and actions affect the tool and the 
goal. This dialectal exchange repeats until an outcome is 
produced.
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Modern revisions to Activity Theory have sought 
to broaden this core Vygotskian subject–tool–object 
activity system to better reflect the social situativity of 
an activity system. Along these lines, Engeström and 
others (see, e.g., Cole et  al., 1997; Cole & Engeström, 
1993) have drawn on the work of Leont’ev to advance 
cultural–historical activity theory (CHAT), which 
includes attention to the mediating role of the norms 
and rules of interaction, the community of stakehold-
ers involved in activity, and the division of labor among 
actors within the activity. As its name implies, CHAT 
offers a framework to analyze the cultural–historical 
complexities of interpersonal, goal-mediated collective 
activity. Figure  1 depicts these relationships within a 
single-subject activity system.

Attention to this complexity has prompted further 
revision to Activity Theory to account for the tensions, 
contradictions, and synergies involved in multivoiced 
human social activity such as those in the workplace: 
we each bring our histories and our cultural norms to 
the activity, even as the goal may be shared. This third 
generation of Activity Theory includes, at a minimum, 
two intersecting activity systems working toward 
(ostensibly, at least) the same goal. This third genera-
tion is particularly well suited to analyze system-level 
interactions within and across organizations or social 
settings.

Our analysis of CT-S focuses on a subject’s interac-
tion with a computational tool toward a goal of creating 
a mental model of that tool’s functionality with respect 
to its use in a science activity. For example, a learner 
(the subject) interacts with a simulation (the tool) to 
understand how to use the simulation to learn more 
about the real-world (the goal). Thus, we explore activ-
ity systems viewed from the perspective of a single sub-
ject as the unit of analysis. Moreover, because we share 
CHAT’s perspective that the social, cultural, and his-
torical context through which a person acts will medi-
ate that activity in important ways, we include these 
elements in our analysis and locate our examples in the 
context of classroom learning. Because the particulars 

of those interactions are necessarily mediated by the 
cultural–historical context in which they occur, future 
applications of the proposed framework (e.g., in the 
design of learning experiences, research measures, and 
assessment, or how the cultural–historical develop-
ment of a particular tool mediates the computational 
thinking involved in its use) would be incomplete with-
out direct attention to the specific context(s) in which 
the framework is being applied.

Context
This section details the crucial processes and decisions 
that led to the CT-S framework we present. This work 
is part of a larger study to understand CT-S as both an 
input to and an outcome of science learning, and is situ-
ated within the Activation Lab, which offers a theoretical 
framework on science learning activation that accounts 
for both the proximal (near-term) and potential distal 
(long-term) outcomes of science learning that happens 
both in- and out-of-school (Dorph et al., 2016).

Our work was prompted by a need to identify or 
develop a conceptual framework that describes CT-S 
such that we could take an evidence-centered approach 
(Mislevy et  al., 2003) to design a CT-S assessment for 
administration in middle school science classrooms. 
That is, we needed a model of cognition (Brown & Wil-
son, 2011) to ground our development of assessment 
items likely to elicit CT-S. As this assessment was not 
going to be designed as part of an instructional inter-
vention, it was important that such a framework could 
identify the types of cognitive processes already being 
leveraged in science classrooms that reflect CT-S and not 
already accounted for in other models of cognition like 
critical thinking or scientific sensemaking. Such a frame-
work would enable us to (a) delineate subconstructs 
that specify cognitive processes characteristic of CT-S 
and (b) operationalize CT-S subconstructs to develop 
performance tasks likely to elicit CT-S. A review of the 
extant work in this area revealed several frameworks that 
defined subconstructs related to computational think-
ing (Bienkowski et al., 2015; College Board, 2019; Google 
for Education, 2019; K–12 Computer Science Frame-
work, 2016) as well as computational thinking in science 
(National Research Council, 2012; Weintrop et al., 2016). 
Though there was considerable overlap among the sub-
constructs in these frameworks, they lacked a model of 
cognition to describe the types of cognitive processes 
that typify CT-S, thus providing us insufficient traction 
for operationalizing the identification and measurement 
of CT-S. That is, beyond knowing which practices are 
likely to engage students in CT-S, we needed a testable 
model for how those practices engage students in CT-S. 
Further, we needed to identify which of those practices 

Fig. 1 A single-subject activity system
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students are likely to engage in during standards-aligned 
middle school science learning experiences. Our team, 
with input and feedback from a panel of a dozen experts 
and advisers with relevant expertise (STEM educational 
research, learning design, computer science and compu-
tational thinking, and assessment design), underwent a 
synthesis and distillation process where we interrogated 
the existing subconstructs and their relationships in 
order to define a set that would meet the following crite-
ria: each subconstruct should

• be distinct,
• pertain specifically to activities that could occur in 

science classrooms,
• specify the cognitive processes that constitute com-

putational thinking.

Through this distillation process, our team, with the 
expert panel, conducted multiple cycles of interrogation 
to vet and iteratively refine the set of CT-S subconstructs. 
To make the resulting framework comprehensive, we 
worked to ensure that the subconstructs related to com-
putational thinking in science described in prior work 
(listed above; e.g., Weintrop et  al., 2016) could also be 

located within this framework. While it is possible that 
relevant subconstructs may be missing from the CT-S 
framework, we posit that the framework, in its current 
form, is operationalizable for identifying learning experi-
ences where computational thinking is likely to occur and 
how those learning experiences can engage students in 
computational thinking.

Computational thinking for science framework
Presented in Fig.  2, the CT-S framework is intended to 
identify—and delineate—the subconstructs that can be 
used to inform the design of instructional sequences and 
assessments that promote or measure CT-S learning, 
respectively.

The framework is a table of four rows and three col-
umns, which creates 12 cells. The rows represent four 
categories of science activity (data collection, data pro-
cessing, modeling, and problem-solving) where compu-
tational tools are likely to be leveraged in K–12 science 
learning.1 The columns represent three interactions with 

Fig. 2 The computational thinking for science framework with examples

1 While each of these activities occurs in domains other than science, our def-
inition draws on prior work articulating the science discipline-specific instan-
tiations of each activity.
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computational tools (Reflective Use, Design, and Evalu-
ation of computational tools) that engage the cognitive 
processes characteristic of computational thinking. Each 
cell within the framework, therefore, represents CT-S as 
the intersection of a row with a column. That is, any time 
an individual engages in a science learning experience 
that can be categorized by one, or more, of the cells in the 
framework, they are engaging in computational thinking 
for science. For each cell in Fig. 2, an example question is 
given where an individual would likely need to engage in 
CT-S to successfully answer that question. For example, 
the individual answering the question in the upper left-
hand corner of the framework would need to engage in 
the Reflective Use of their phone (a computational tool) 
in order to work toward their data collection goal. These 
examples were chosen to illustrate the cells of the frame-
work and are therefore not necessarily representative of 
the variety of computational tools, or disciplinary sci-
ence content, that individuals could engage in that would 
likely prompt CT-S; notably, the majority of the computa-
tional tools described involve computers or digital tech-
nologies, but, as is described below, this is not a criterion 
for computational tools.

Defining computational thinking
The CT-S framework is built off a definition for computa-
tional thinking that centers on cognition that occurs dur-
ing engagement with computational tools. From Activity 
Theory, an artifact is considered a tool when the subject 
uses it as they work toward a goal. If the subject uses a 
tool in a way that leverages its computational affordances, 
then the tool is deemed a computational tool. Anything 
that can compute, or carry out sequences of arithmetic 
or logical operations, automatically in accordance with 
a well-defined model (e.g., an algorithm) has computa-
tional affordances (e.g., digital and analog artifacts like 
calculators and slide rules, respectively, have computa-
tional affordances).

An artifact with computational affordances can be a 
noncomputational tool when someone uses it to work 
toward a goal without leveraging its computational affor-
dances. For instance, using a calculator as a paperweight 
is still using the calculator as a tool but not as a compu-
tational tool. Whether a tool is computational in a given 
use depends on its functionality in that use—what it does 
as the subject interacts with it to work toward the goal in 
a given activity system.

With this understanding of a computational tool in 
mind, we offer the following definition: computational 
thinking is the cognitive processes involved in building 
or modifying a mental model of a computational tool’s 
functionality.

Defining computational thinking for science
CT-S occurs when an individual engages in computa-
tional thinking for their science activity. In the subsec-
tions that follow, we present three hypothetical cases of 
CT-S to illustrate how a student can engage in each of 
the three cognitive processes (Reflective Use, Design, 
and Evaluation of a computational tool) during a science 
activity. We define these cognitive processes as follows:

• Reflective Use of a computational tool: building or 
modifying a mental model of that computational 
tool’s functionality through interaction with that 
tool.2

• Design of a computational tool: building or modifying 
a mental model of an imagined computational tool’s 
functionality.3

• Evaluation of a computational tool: building or modi-
fying a mental model of the affordances and limita-
tions of that computational tool’s functionality.

These definitions are grounded in Activity Theory, 
which stipulates that cognition occurs through the inter-
action with tools toward a goal and that tools can be 
immaterial (e.g., the tool could be an individual’s mental 
model of a computational tool). Each of the above defini-
tions assumes that the cognitive processes are happening 
within a goal-directed activity and, in the case of CT-S, 
that the activity is necessarily a science activity (i.e., the 
row headers in Fig. 2).

Hypothetical cases of CT‑S activity
Context for the following hypothetical cases
To illustrate how science activities and cognitive pro-
cesses intersect for our definition of CT-S, we explore 
three hypothetical cases: Reflective Use of a compu-
tational tool for data processing, Design of a compu-
tational tool for data collection, and Evaluation of a 
computational tool for modeling. In each case, a student 
is engaged in a scientific investigation where they are 
investigating bacterial growth and their science goal is to 
better understand how bacterial populations change over 
time as part of their science class. While there are many 
different ways a student could conduct an investigation 
with this same goal, each example illustrates one way the 
student could engage in CT-S as they work toward their 

2 Note that the interaction does not need to be direct. That is, an individual 
could instruct their friend to interact with the tool, and so long as the friend 
communicates their actions and the computational tool’s behavior, the indi-
vidual could still be engaged in Reflective Use.
3 Imagined, in this instance, refers to the fact that the subject is generating 
a new-to-them mental model of a computational tool’s functionality regard-
less of whether that tool’s functionality currently exists in the world.
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science goal. These examples narrowly focus on how the 
student engages in CT-S during their science activity. 
However, it is crucial to understand that their engage-
ment in CT-S is only a step toward achieving their goal. 
To achieve their goal would likely involve other tools and 
cognitive processes than those discussed in the cases.

Reflective use of a computational tool for data processing
Imagine that each student in the class has been provided 
with a graphing calculator that has data on a bacterial 
population’s size at different times. The teacher has asked 
each student to use the calculator to help them identify 
any relationships between population size and time. This 
student, however, has never previously used a graphing 
calculator. Before they could use the graphing calculator 
to accomplish their science goal, they would need to fig-
ure out how to operate it and what computations it can 
do that may help them toward their science goal. They 
can do this by engaging in Reflective Use of the graph-
ing calculator as they interact with it. This student begins 
their Reflective Use by manipulating the calculator, selec-
tively pressing certain buttons, and observing the results 
of those actions. They then reflect on their manipula-
tions and begin to form a mental model of the graphing 
calculator’s functionality. As the student continues to 
interact with this computational tool, their discoveries 
reinforce, revise, or supplement their developing men-
tal model. In this way, Reflective Use is bidirectional in 
terms of information transfer: the student takes actions, 
reflects on what the computational tool does as a result 
of those actions, and then takes new actions based on the 
result of that reflection. Through this continued engage-
ment in Reflective Use, the student builds a mental model 
of the graphing calculator’s functionality and how it 
can help them toward their science goal; therefore, the 

student is engaged in CT-S. Once the student has a work-
ing mental model, they can use the graphing calculator 
more intentionally to process the bacterial growth data 
so that it is in a form that they can analyze to learn how 
the bacterial population changes over time. For exam-
ple, the student could create a scatterplot using the cal-
culator and identify that, over time, the bacterial growth 
rate increases, reaches a plateau, and then decreases. 
Figure  3 depicts the activity system described by this 
narrative where the student (subject) has built a mental 
model of how to graph bacterial growth data with the 
calculator (outcome) as they work to understand how a 
bacterial population changes over time. Importantly, the 
degree to which the student engaged in CT-S would dif-
fer if the activity system had been different—for instance, 
if the teacher does not typically provide much time for 
Reflective Use (classroom norms), students may need 
additional scaffolding to support such reflection (e.g., 
question stems or discourse routines), or they may not 
have adequate opportunity for meaningful engagement 
with this aspect of CT-S if their developing ideas are cut 
short by the need to move on to the next activity. Along 
these lines, if the district did not have an initiative to sup-
port access to technology (classroom community and 
stakeholders), classrooms may not have adequate avail-
ability of materials (e.g., too few working calculators for 
hands-on experiences), which would limit opportunities 
for students to engage in the iterative act/reflect cycles 
described above.

Reflective Use can also occur when the student 
starts their activity with an incomplete or inaccurate 
mental model of a computational tool’s functionality. 
For instance, if the student faces an unexpected out-
put or error, they may engage in Reflective Use of the 
computational tool to reinvestigate and modify their 

Fig. 3 Reflective use of a computational tool for data processing activity system
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mental model of its functionality. Additionally, Reflec-
tive Use can also occur even when the student is not 
directly interacting with the computational tool. If 
the student, after their science class, were to continue 
thinking about the calculator’s functionality by prob-
ing and modifying their mental model of it, then they 
would still be engaged in Reflective Use (e.g., “I bet if I 
had pressed that button, it would have given me a line 
of best fit, which could help me determine the growth 
rate”).

Reflective Use stands in contrast to rote use of a 
computational tool—wherein the student employs 
the graphing calculator without building or modify-
ing a mental model of its functionality. For instance, 
imagine that the teacher had provided a step-by-step 
“recipe” for students to follow in order to graph the rel-
evant data using the graphing calculator. Had the stu-
dent merely followed that recipe it would be considered 
rote use, not Reflective Use. Figure  4 depicts the rote 
use activity system where at no point does the student 
(subject) build or modify their mental model of the 
graphing calculator’s functionality; the underlined text 
in the diagram identifies the key components that dif-
fer between this activity system and the Reflective Use 
activity system in Fig. 3.

Rote use of a computational tool does not mean that 
the student is inadequately or unsatisfactorily engaged 
in science or science learning; instead, it means that, for 
the given activity, the student did not engage in CT-S 
but likely did engage in other cognitive processes—like 
scientific sensemaking. In fact, scientists often engage 
in rote use of familiar tools—those with which they 
already have a sufficient mental model—enabling them 

to focus more on the investigation at hand and less on 
the tool itself.

Design of a computational tool for data collection
Imagine that each student in the class has been given 
access to a petri dish, which has been inoculated with 
bacteria and placed in an incubator; students also have 
access to other equipment, including the classroom 
computers. The teacher has asked the students to work 
individually, or in pairs, to figure out how quickly the 
bacterial populations grow. This student realizes that 
to successfully complete this activity, they will need to 
collect data on the size of the bacterial populations at 
different times. They think that the populations might 
grow quickly—might go from being invisible to filling 
the petri dish over the course of one day. With this in 
mind, they decide that they will use a classroom com-
puter and camera to collect data on the growth of the 
bacterial populations. The student engages in Design 
by envisioning a computational tool’s functionality that 
would enable them to take a picture of the petri dish 
every 10  min for 24  h: the student thinks about how 
the camera and the computer could be programmed 
to take pictures of the petri dish at 10-min intervals, 
and determines that as long as the computer saves all 
the images, with the corresponding timestamps, it will 
be possible to analyze the images to determine how 
a given bacterial population changes over time. As a 
result of this line of thinking, the student builds a men-
tal model of this imagined computational tool’s func-
tionality and how it could be leveraged in their science 
activity; thus, the student is engaged in CT-S. If the 
student were to go on to run this experiment, they 
would be able to determine relationships between the 

Fig. 4 Rote use of a computational tool for data processing activity system
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bacterial population size and the amount of time it had 
to grow. Figure 5 depicts the activity system described 
by this narrative where the student (subject) has built a 
mental model of how to automate the computer’s cam-
era to take the pictures that they need (outcome) in 
order to learn how the bacterial populations grow over 
time. The student’s CT-S engagement would differ if 
the activity system had been different—for instance, 
had there been an expectation that the student would 
have worked with a partner (division of labor/student 
role), each student’s opportunity to engage in CT-S 
would depend on how partner roles were articulated 
and negotiated within the activity, potentially inter-
secting with long-standing power dynamics and his-
torical inequities in STEM.

Notably, because computational thinking is a form 
of cognition, an individual can engage in Design with-
out physically or digitally constructing their imag-
ined computational tool’s functionality. For example, 
the outcome of Design in the previous paragraph did 
not include the actual programming of the data col-
lection device. Another important aspect of Design is 
that it need not only precede the creation of a com-
putational tool’s functionality or occur only once in a 
creation process. That is, Design can occur through-
out an iterative creation process where the subject has 
to repeatedly update and modify their mental model 
of the computational tool’s functionality relative to its 
intended use to support their goal.

Evaluation of a computational tool for modeling
Imagine that the teacher has divided the class into groups 
where each group will be working with a different bac-
terial growth simulation, and each group has been asked 

to evaluate their simulation so that they can share out its 
affordances and limitations with the rest of the class. To 
engage in Evaluation, the students need to know what 
the simulation should do in different configurations 
to determine if it is a complete and accurate model. To 
do this, they conduct some research to determine what 
they should be comparing the simulation’s results to. For 
instance, they find that bacterial growth curves tend to 
exhibit distinct phases depending on certain factors—like 
time elapsed, nutrient concentration, and species. Based 
on this research, the students determine that the simu-
lation accurately models growth of a population that has 
unlimited resources, but, since the simulation does not 
include the ability to control resources, it is unable to 
model a growth curve for when nutrients are limited. As 
a result, each student would have built a mental model 
of the affordances and limitations of the computational 
tool’s functionality and how it could be leveraged in their 
science activity. Thus, the students are engaged in CT-S. 
Having completed this Evaluation, the students could 
then determine how well a given simulation works for a 
given use case based on what they learn from the other 
groups in the class. Figure  6 depicts the activity system 
of one student in this group as described by this narra-
tive where the student (subject) has built their mental 
model of the simulation to include its affordances and 
limitations (outcome) with respect to completely and 
accurately modeling growth of bacterial populations 
under different conditions. The degree to which the stu-
dent engaged in CT-S would differ if the activity system 
had been different—for instance, had the composition of 
student groups been different (classroom community and 
stakeholders), there may be very different capacities to 
conduct the research needed to “ground truth” the model 

Fig. 5 Design of a computational tool for data collection activity system
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in order to evaluate the tool’s affordances and limitations. 
Along these lines, if the roles within each group (division 
of labor/student role) had been prescribed in ways that 
assign different cognitive tasks to individual group mem-
bers (e.g., background researcher, evaluator, presenter), 
then opportunities to engage in thinking at the intersec-
tion of computational thinking and science to evaluate a 
computational tool may be limited or inequitably distrib-
uted across the group.

Discussion
With measurement development as the primary motiva-
tor of our work, the focus of our analysis has been on the 
individual contributions of the learner within activity: 
what are the cognitive resources brought to bear in tool-
mediated, goal-oriented activity and how might those 
resources, those mental models, become visible and get 
revised through activity? In grounding our analysis in 
CHAT (Engeström, 1999), we position learning, and 
CT-S, as situated activities that require explicit attention 
to how the cultural–historical mediators of activity play a 
role in the cognitive processes we put forward. For exam-
ple, we would expect CT-S to emerge differently in for-
mal versus informal contexts, or where classroom norms 
emphasize individual competition versus collaboration, 
or in relation to the myriad ways in which society has 
positioned computer science, and computational tech-
nologies, as the domain of certain populations but not 
others. Applications of the proposed CT-S framework, 
therefore, and any work toward a full understanding of 
CT-S would be incomplete without attending to the com-
plex situativity of learning represented in the rules, com-
munity, and divisions of labor within the activity system 
(Engeström, 1999).

Tool as object of scrutiny
Along these lines, the bidirectional relationship we 
propose between learner and tool draws attention to 
the computational tool as, itself, a sociocultural arti-
fact: whether a mental model, an algorithm, or a soft-
ware package, the tool is constructed, and it cannot 
be divorced from the situativity of its construction. We 
argue, then, that understanding how CT-S is devel-
oped or demonstrated in a particular learning context 
will require inspection of the tool qua artifact. Further, 
as we consider the role of the tool and its sociocultural 
development in mediating CT-S, we note that each of 
the hypothetical cases discussed in this paper relates 
to a technological tool—something broadly recogniz-
able as a computational artifact. However, computational 
tools need not be computers or computer programs. In 
fact, the history of STEM is filled with non-digital com-
putational tools that would serve an analogous role in a 
CT-S activity system: astrolabes, abacuses, mechanical 
harmonic analyzers, and so forth. These, and any num-
ber of physical manipulatives or mental models, could 
ground one’s engagement in CT-S. In this commitment, 
we stand firmly with the field’s growing consensus that 
computational thinking is not computer-bound. From a 
measurement development perspective, attention to the 
situativity of CT-S would mean careful consideration of 
not only the target set of cognitive processes to be dem-
onstrated at a particular grade level but also the particu-
lar set of tools to be utilized and the articulation of the 
object-oriented context for their use: both how a defined 
set of cognitive processes may be elicited through use of a 
computational tool and how that tool-as-artifact is likely 
to mediate expression of CT-S within a given population 
and in a given context. Future research, then, could probe 

Fig. 6 Evaluation of a computational tool for modeling activity system
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particular tools’ mediating roles within different CT-S 
activity systems—and examine the affordances, tensions, 
and contradictions that a particular tool may introduce 
for a learner’s (measurable) expression of CT-S.

Opportunities and challenges for assessing CT‑S
While our framework centrally locates the computa-
tional tool in expressions of CT-S, that engagement with 
such tools (material or conceptual) can take many forms. 
Here, we share Sengupta et  al.’s (2018) call that “com-
puting and computational thinking should be viewed as 
discursive, perspectival, material and embodied experi-
ences, among others. These experiences include, but are 
not subsumed by, the use and production of computa-
tional abstractions” (p. 49). In fact, we would argue that 
such discursive, perspectival, material, and embodied 
experiences are reflected in our framework insomuch as 
they are helping those engaged in the experiences build 
and revise their mental model of a computational tool’s 
functionality. As in Sengupta et al.’s example, “Embodied 
modeling introduces the students to the relevant com-
putational rules represented by the agent-based pro-
gramming commands” (p. 59), or, in other words, as the 
students modeled the computational tool’s functionality 
with their bodies, they built and modified their mental 
models. Thus, in designing CT-S assessment tasks, it will 
be important to consider multiple modes of engagement 
with a computational tool; not only would this provide 
alternative ways to demonstrate CT-S, but it would also 
reflect the variation that exists in practice.

An additional complexity for assessment design is that 
just as we see CT-S as situated in activity, we see the 
activity of CT-S as situated within the “mangle of prac-
tice” (Pickering, 2010) that characterizes all knowledge 
construction in science. As summarized by Sengupta 
et al. (2018), “Scientists struggle continuously in order to 
get theories and instruments on one hand and the natu-
ral world on the other to perform in the ways that their 
investigations require” (p. 52). Appreciating this requires 
appreciating the complex ways that CT-S is engaged by 
the learner and their peers, as well as by the professional 
scientist and their colleagues, however untidy this may 
be. For example, the hypothetical cases of Reflective Use, 
Design, and Evaluation presented above were provided 
to help illustrate CT-S concretely and simply. Because of 
this, the above examples did not illustrate their necessary 
entanglements with other cognitive processes or pro-
vide potential distal outcomes of engaging in CT-S. It is 
important that such outcomes be considered, even if they 
are not a requirement of CT-S, as they are often cited 
as a reason to promote CT-S within science and science 
education. For example, take a student who is engaging 
in the Design of a simulation of a real-world system. As 

they consider the parameters to include in their simula-
tion, they may realize that they do not actually know how 
to model one of the relationships within the simulation 
to accurately reflect the real-world system. This would 
likely lead them to research the real-world relationship 
until they are satisfied that they could model it correctly 
in the simulation. In this example, while it was not ini-
tially a goal of their activity, in order to continue work-
ing on their Design, they determined that they needed 
to increase their knowledge about a specific real-world 
phenomenon. This example illustrates how CT-S can 
motivate science learning beyond engagement with the 
computational tool. As a second example, we illustrate 
how CT-S can motivate science learning beyond the ini-
tial science goal while still focusing on the engagement 
with the computational tool: imagine a student is using a 
simulation to study predator–prey relationships. As they 
are engaged in rote use, they notice a menu option that 
allows them to modify the relative speeds of predators 
and prey. As the student enters into Reflective Use, they 
start asking new questions that go beyond their origi-
nal science goal. After modifying their mental model of 
the simulation’s functionality, they engage in a use of the 
simulation that helps them learn science beyond their 
original science goal. This example illustrates how CT-S 
Reflective Use can provide opportunities for students to 
ask and investigate new science questions. It also reveals 
one way in which computational tools developed through 
and for scientific research have enabled scientific dis-
coveries that were otherwise noninvestigatable: in much 
of modern science, scale, complexity, and observability 
limitations are mediated by computational tools that cal-
culate, model, and simulate natural phenomena in novel 
and transformative ways, enabling old problems to be 
solved and new questions to be asked. CT-S is inextrica-
bly wrapped up in the practice of modern science, and 
its isolation for the purposes of measurement or instruc-
tional design should not imply its severability from other 
scientific practices in vivo.

Implications and future directions
One test of this CT-S framework will be its potential use-
fulness in examining how the mangle of practice within 
science intersects with that of computer science, a field 
where computational abstractions are the principal out-
comes of activity as well as necessary mediating arti-
facts, and where programming knowledge is the coin 
of the realm. While we reject an interpretation of CT-S 
that requires such knowledge, we anticipate variation in 
how one engages in CT-S according to one’s program-
ming knowledge. Concretely, one who has a certain level 
of programming knowledge could engage in CT-S differ-
ently from one who does not, yet both could still engage 
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in CT-S. For example, a student engaged in CT-S must 
have some knowledge of, or have made certain types of 
assumptions about, the computational tool with which 
they are engaged. As we posit that CT-S is a form of cog-
nition that arises through engagement with computa-
tional tools in science-motivated activity, it is important 
that we consider programming knowledge, for instance, 
as a separate artifact that could mediate activity for a sub-
ject. Our treatment of science activities as integral to the 
CT-S framework (Fig.  2) is our attempt to operational-
ize this complexity of practice. However, further devel-
opment and scrutiny of measures and of the designs of 
learning experiences grounded within this framework are 
necessary to examine how useful this attempt at opera-
tionalizing CT-S will be. We posit that an operationaliz-
able CT-S framework will advance research and practice 
in science learning and propel efforts to position the 
experiences of individual computational thinkers within 
their situational learning contexts.

To illustrate how the proposed framework can be uti-
lized to design learning experiences likely to promote 
CT-S, we offer the following example of how learn-
ers may be supported in Reflective (versus rote) Use of 
a computational tool. Imagine, for instance, a science 
lesson in which students use a computer-based simula-
tion to investigate the Guiding Question: How are the 
moon’s phases related to the moon’s orbit around earth? 
The instructor could choose to begin the lesson by teach-
ing students how to manipulate the simulation. The stu-
dents might then employ the simulation, in accordance 
with what they have learned from the instructor, to make 
observations about the moon’s phases and the moon’s 
orbit. Through using the simulation, students would 
arrive at an answer to the Guiding Question. In a rote 
use scenario, students would engage in thinking about 
the moon’s phases and orbit; however, it is less likely 
that students would engage in CT-S because the activ-
ity did not require students to build a mental model of 
the simulation’s functionality in relation to their science 
goal. To promote CT-S more effectively, the instructor 
could instead structure the lesson to begin with Reflec-
tive Use of the computational tool. For example, the 
instructor could start the lesson by asking students to 
consider: How could this computer-based simulation sup-
port us in answering our Guiding Question? Answering 
this type of initial question requires that students inves-
tigate the simulation itself to gain an understanding of 
its functionality—in other words, answering this type of 
question requires that students reflectively use the tool. 
Students would need to attend to the affordances of 
the simulation’s functionality in relation to the ultimate 
goal of answering the Guiding Question. When the les-
son is structured in this way, using the computational 

tool could promote students’ CT-S in addition to their 
thinking about the moon’s phases and orbit. Moreover, 
we posit that designing lessons that engage students in 
Reflective Use could motivate additional science learning 
opportunities beyond those afforded by the initial Guid-
ing Question. For instance, perhaps during their Reflec-
tive Use, the student observes that the moon sometimes 
enters into an eclipse but does not do so every month; 
this observation could lead them to manipulating the 
simulation further to figure out how a 2-D model of the 
sun–earth–moon system is insufficient for understanding 
the 3-D interactions between the three objects. Critique 
of, and revision to, the 2-D model in this way could thus 
lead to a more sophisticated understanding of the sun–
earth–moon system as well as the affordances and con-
straints of different computational representations of that 
system. This example illustrates how the framework can 
support a teacher to design tasks that engage students in 
meaningful CT-S experiences. Additionally, performance 
on those tasks is likely to reveal student thinking, which 
creates rich formative assessment opportunities: as CT-S 
is elicited more clearly, it is easier to inspect and for a 
teacher to act on to support student learning.

As the above examples suggest, a number of questions 
still need to be worked out as researchers, instructional 
designers, and assessment developers make use of the 
framework. First, we invite exploration of cognitive pro-
cesses not already included in the current framework, for 
as the computational tools that scientists use continue to 
shape the practice of science and expand what modes of 
inquiry are possible within that practice, we would expect 
additional subconstructs of CT-S to emerge. It will also 
be important to explore whether there are discernible 
gradations within the cells of the CT-S framework. For 
example, how can an assessment task that elicits CT-S be 
designed to distinguish between a high CT-S-involving 
vs low CT-S-involving performance? Similarly, research 
could explore the possibility of a CT-S progression across 
columns (e.g., from Reflective Use to Design within the 
modeling row), or variation across rows within a given 
column (e.g., differences in CT-S for a modeling task ver-
sus a data processing task within the Design column). In 
addition to enabling more sensitive assessments and/or 
more targeted instructional design, such research would 
advance the field’s understanding of the cognitive pro-
cesses involved in CT-S.

Conclusions
The definition of CT-S that we propose was born out 
of a need to operationalize the construct so that it 
could be accurately and reliably measured. In working 
toward a model of cognition for CT-S, this definition 
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and accompanying framework draw particular atten-
tion to the bidirectional, mediating interactions between 
a learner, a computational tool, and the goals toward 
which those interactions are directed. We argue that this 
framework is well positioned to ground research into 
the nature of computational thinking for science and can 
serve as a guide for the design of assessment and learning 
experiences likely to elicit it. In addition to further test-
ing of its use for that purpose, we see a need for further 
research and theoretical work that can apply this defini-
tion to ground the design of learning experiences (e.g., 
designing tasks to provide students practice with CT-S 
in ways likely to advance learning), program evaluation 
(e.g., examining how well activities are aligned with goals, 
and goals with observable outcomes), and policy initia-
tives and funding decisions (e.g., predicting what set of 
initiatives is most likely to lead to desired outcomes).
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