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Abstract

Calls for science education reforms emphasize integrated learning of science practices and disciplinary ideas established
using those practices. In this paper, we present a novel approach to model and analyze student participation in Science
and Engineering Practices (SEPs) and learning of Disciplinary Core Ideas (DCIs) in a Next Generation Science Standards
(NGSS)-aligned curricular unit. We studied student participation and learning in a Computational Thinking (CT)-integrated
biology unit about natural selection taught in an urban under-resourced high school. Students (n =88) designed and con-
ducted different experiments using an agent-based computational model and answered questions about their experimental
investigations. Using Epistemic Network Analysis (ENA), we analyzed student responses (n=2026) to model and investigate
connections among DClIs and SEPs, which we call epistemic connections. An aggregate-level analysis of the centroids of
networks of epistemic connections shows statistically significant clusters indicating differences in participation in practices
and ideas in different lessons. The detailed analysis of the epistemic connections in networks of two students and their
written responses showed how various kinds of participation in science practices supported students in making sense of
disciplinary ideas, and their engagement in disciplinary ideas reciprocally supported the refinement of science practices.
Ours demonstrates the usefulness of analyzing students’ epistemic connections using ENA to investigate their integrated
learning of practices and disciplinary ideas. We discuss the implications of such analysis for improving curricular designs
and instructional strategies and studying student learning in NGSS-aligned curricular units.

Keywords Epistemic network analysis - Epistemic connections - Model-based inquiry - Science educationf - Agent-based
models

Many calls for science education reforms emphasize that the
goals of science education should not be limited to “know-
ing about science,” rather they should include “learning to
use science practices and tools to make sense of the world”
(Abd-El-Khalick et al., 2004; Schwarz et al., 2017). This
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shift in goals entails supporting students in learning contem-
porary scientific inquiry practices in addition to disciplinary
core ideas. Such learning would involve epistemologically
meaningful engagement in science practice for sense-making
rather than merely knowing about scientific inquiry (Ber-
land et al., 2016; Lehrer & Schauble, 2012). In other words,
student participation in science practices for constructing
knowledge about the world in classrooms should be similar
to how scientists participate in these practices. In contem-
porary scientific practices, the nature of scientific inquiry
is rapidly changing due to the integration of computational
tools for scientific investigations (Wilensky et al., 2014).
It is important that learning environments are designed to
engage students in these continuously advancing ways of
science practice.

Because of the increased use of computational tools
and methods, Computational Thinking (CT) has impacted
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how scientists engage in various science practices. CT has
recently garnered a lot of attention in the field of Learn-
ing Sciences, in general and science education in particu-
lar (Grover & Pea, 2013; Lee et al., 2020; Weintrop et al.,
2016; Wilensky et al., 2014). Researchers of education have
defined CT in several different ways, from CT as thinking
that Computer Scientists do to CT as a fundamental form
of thinking that cuts across domains (Grover & Pea, 2013;
Weintrop et al., 2016). In our work, we use a definition of
CT in the context of a specific disciplinary domain such as
science or mathematics (Weintrop et al., 2016). Weintrop
and colleagues have defined a taxonomy of practices that
scientists participate in when they use computational tools
and methods. Integrating these CT practices in a science cur-
riculum would foster student participation in contemporary
science practices in curricular contexts (Arastoopour et al.,
2020; Arik & Topgu, 2022; Swanson et al., 2019; Waterman
et al., 2020).

The Next Generation Science Standards (NGSS) in the
USA emphasize participation in a set of science and engi-
neering practices (SEP) to engage in disciplinary core ideas
(DCI) (NGSS Lead States, 2013). SEPs describe behaviors
that scientists use as they investigate and make sense of
phenomena in the natural world and the key set of engi-
neering practices that engineers engage in as they design
and build models and systems. DCIs are the key ideas that
students should know in order to understand multiple sci-
ence disciplines. NGSS recommends science learning that
involves the integration of these dimensions. This means
that these dimensions should not be used in isolation, nor
should they be combined at a superficial level, instead they
should be integrated while designing science curricula (Ber-
land et al., 2016; Linn et al., 2016; Manz et al., 2020; Reiser
et al., 2017).

In this paper, we study student learning in an NGSS-
aligned CT-integrated curriculum designed to foster their
participation in SEPs using computational models to learn
about DCIs. We designed an agent-based computational
model (Wilensky & Rand, 2015) to serve as an experimen-
tal system (Dabholkar & Wilensky, 2024). Using this model,
we designed a CT-integrated high school biology curriculum
that included activities for students to learn by participating
in scientific investigations to construct knowledge about nat-
ural selection. Supporting science learning with such activi-
ties using computational tools raises new questions about
student participation and learning, such as what counts as
meaningful engagement in integrated learning of science
practices and disciplinary ideas in a specific curricular
unit; and how we can characterize student learning as they
participate in such knowledge construction activities using
a computational model. In this paper, we primarily focus
on the second question about characterizing student learn-
ing by developing an analytical approach to study student
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participation in specific science practices as they engage
with specific disciplinary ideas. We call these co-occur-
rences of specific practices and ideas epistemic connections.
We use Epistemic Network Analysis (ENA; Shaffer et al.,
2009) to visualize and analyze students’ epistemic connec-
tions in two ways as they participated in the CT-integrated
biology curriculum. First, the aggregate centroid analysis in
ENA highlights patterns of students’ science practices and
disciplinary ideas that changed sequentially as they contin-
ued through the curriculum. Second, the detailed network
analysis of epistemic connections and written responses of
two students highlight individual differences in student par-
ticipation in terms of how they engaged with the practices
and ideas and how their participation in science practices in
a disciplinary context supported learning of both.

Theoretical Framework
Epistemic Connections

Classroom learning environments need to be designed to
support student participation in epistemic activities in dis-
ciplinary learning contexts (Barzilai & Chinn, 2018; Ber-
land et al., 2016; Duschl, 2008; Wilkerson et al., 2018). An
epistemic activity is a learning activity in which students
participate in specific practices to construct knowledge. Such
activities would involve construction, evaluation, and revi-
sion of knowledge of disciplinary ideas. Broadly speaking,
student participation in epistemic activities in the science
classroom would entail becoming familiar with the context
of a phenomenon they are learning about, asking relevant
questions that they can investigate the phenomenon using
an experimental system, testing and verifying claims by
designing and performing investigations, constructing and
sharing explanations regarding the phenomenon based on
their investigations, and reflecting on the process of the
knowledge construction (Berland et al., 2016; Schwarz et al.,
2017). A key to supporting such learning is to design an
experimental system that would allow students to meaning-
fully investigate disciplinary ideas related to a phenomenon
by participating in science practices. For this, we use an
approach to design computational models called Emergent
Systems Microworlds (ESMs) that combines two established
theories of learning and design: agent-based modeling of
complex systems (Wilensky, 2001, 2003; Wilensky & Jacob-
son, 2014) and constructionism (Papert, 1980). The core
design features of an ESM, agent-based representations and
abilities to manipulate and observe in a microworld, when
combined, are known to facilitate learning of a complex
phenomenon (Jacobson & Wilensky, 2006; Klopfer et al.,
2005; Wilensky, 2003; Wilensky & Papert, 2010; Wilker-
son-Jarde & Wilensky, 2010). In this paper, we study student
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Fig. 1 Demographic distribution of participating students (total students = 88)

participation in epistemic activities using a computational
model designed as an ESM (Dabholkar et al., 2018a). For
example, in a curricular unit about natural selection, such
participation in epistemic activities would involve asking
questions, analyzing data, and constructing explanations
using specific ideas such as heritability, environment, and
survival.

In our analysis, we focus on the co-occurrence of discipli-
nary ideas and practices in student participation in epistemic
activities, which we call epistemic connections. Epistemic
connections are connections between Practices <> Prac-
tices, Ideas <> Ideas, and Practices <> Ideas. We analyze
changes in students’ epistemic connections to characterize
the learning of science practices and disciplinary ideas. We
hypothesize that using ENA to visualize and measure stu-
dents’ epistemic connections would help in understanding
the connections between practices and ideas and specifically,
how a disciplinary context provided opportunities to learn
science practices and how engagement in science practices
help students in learning about disciplinary ideas. In this
paper, we investigated the following research question:

What do students’ epistemic connections reveal about
their learning of science practices and disciplinary core
ideas?

Methods

Research Context

Evolution of Populations is a 10-day CT-integrated biol-
ogy unit designed by the lead author in consultation with

high school biology teachers (Dabholkar et al., 2018b). The
unit is freely available for editing and using in classrooms

(https://ct-stem.northwestern.edu/curriculum/preview/681/).
The computational models in the unit are built using Net-
Logo, an agent-based modeling platform that is intention-
ally designed to foreground emergent systems modeling for
educational and research purposes (Wilensky, 1999). The
unit focused on predator—prey dynamics, competition among
individuals, and natural selection. The unit was taught by a
biology teacher, Ms. Lydia (pseudonym), in a large Mid-
western city’s public high school. Ms. Lydia taught the unit
in four 9th grade high school biology classes to students of
ages 14—15 years over 2 weeks. All the classes were con-
ducted in person. One hundred percent of the participating
students were on free lunch (an indicator of belonging to an
underserved population). Students were predominantly of
Hispanic or Latino ethnicity with a roughly equal number of
male and female identifying and a few non-binary students
(Fig. 1).

The unit used an anchoring phenomenon (Reiser, 2014)
about a population of rock pocket mice in New Mexico’s
Valley of Fires reported in a Howard Hughes Medical Insti-
tute (HHMI)' Biolnteractive classroom resource. The unit
consisted of six lessons, three of which were about natural
selection. In our analysis, we included only student par-
ticipation in the lessons that were about natural selection.
The Natural Selection lessons progress from introducing
the anchoring phenomenon to students performing scien-
tific investigations using the ESM. There were two main
tools embedded in the curriculum: (a) a video developed
by HHMI to introduce students to the anchoring phenom-
enon and (b) a computational model designed as an ESM

! https://www.biointeractive.org/classroom-resources/making-fittest-
natural-selection-and-adaptation.
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(Dabholkar & Wilensky, 2024) that simulated natural selec-
tion and adaptation in a rock pocket mice population. The
pages of the lessons typically had embedded tools, informa-
tive text, and question prompts. Student responses to the
prompts were recorded on the platform for teachers as well
as for researchers.

The curricular activities were delivered through an online
portal and were split into lessons. Each lesson consisted of
three to four pages. Typically, on each page, students read
a prompt with a description of a computational model and
suggestions for exploration. Then, students answered two to
five embedded questions on the same page. Figure 2 shows a
page in lesson 2 in which students explored the ESM (using
the drop-down menu and sliders to change parameters and
run simulations with different conditions) and wrote answers
to embedded questions in the lessons. Each student had an
account on the curriculum portal, which they accessed on
their laptop computers to use the embedded model and write
responses to the question prompts. The data analyzed in this
paper includes written responses of 88 consented students to
the embedded questions. In the next section, we discuss how
we analyzed the student responses to infer their participation
in science practices and engagement with different aspects
of disciplinary ideas.

The computational model (Fig. 2) is designed so the
students can manipulate several parameters about the
system such as the composition of the initial popula-
tion of rock pocket mice, the background colors—dark,
light, or mixed, and so on. Such manipulations are use-
ful for students to investigate how system-level changes
emerge because of agent-level interactions (Dabholkar &
Wilensky, 2024). The predation probability in the model
depends on how well a mouse camouflages with the color
of its surroundings. The button “Add a mutant" adds a
heterozygous mutant at a random location. The model
allows temporal visualizations of population changes
under specified conditions. This unit incorporates spe-
cific disciplinary ideas in the NGSS (Table 1) related
to the evolution of populations for high school students
(NGSS Lead States, 2013).

Agent-based representations were used in the following
manner for students to investigate specific aspects of the
phenomenon related to genetic inheritance, survival, envi-
ronmental factors (Table 2).

The task structures in the curriculum used construc-
tionist design principles such as facilitating personally
meaningful self-driven explorations and expressing and
testing ideas using a constructionist microworld (Pap-
ert, 1980). Students worked in groups of three or four
to discuss their answers but wrote answers individually
on their laptops. The teacher projected pages from each
lesson on a projector screen and discussed curricular
activities. The teacher then asked students to participate
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in the activities as groups. As students participated
in curricular activities, the teacher walked around the
class, checked on the progress of each student group,
and answered their questions. The teacher occasionally
held class-level discussions to facilitate sharing among
student groups.

Identification of Epistemic Connections

We characterize student learning of practices and ideas
together by studying changes in their epistemic connec-
tions using Epistemic Network Analysis (ENA) (Shaffer
etal., 2009, 2016). ENA involves creating network models
based on when and how often learners connect domain-rel-
evant elements. ENA has been demonstrated to be an effec-
tive way to visually and statistically compare networks;
it allows researchers to reflect the weighted structure of
connections and quantitatively compare the networks in a
variety of domains (e.g., Arastoopour et al., 2014; Bagley
& Shaffer, 2015; Siebert-Evenstone & Shaffer, 2019).
These network visualizations and statistical comparisons
furthermore allow researchers to characterize and assess
student learning as they express their ideas (Arastoopour
Irgens et al., 2015).

We build on our work (Arastoopour Irgens et al., 2020) to
present novel methodological insights into the operationali-
zation of the newly defined analytical construct—epistemic
connections. In this paper, we analyzed student responses to
embedded questions in three different lessons of the unit to
study their engagement in science practices and disciplinary
ideas. We treat student responses as a part of the discourse
between students and the curriculum.

Top-down Coding of SEPs

We coded for students’ explicit engagement in science
practices such as, using a model or analyzing data, as well
as explicit mentions of aspects of disciplinary core ideas
(DCls) such as adaptation or inheritance. We used both a
top-down and a bottom-up approach to develop codes (Miles
et al., 2019). To identify student responses that showed stu-
dent engagement in science practices (SEPs?), we used top-
down codes derived from NGSS science practices (NGSS
Lead States, 2013) and Weintrop et al.’s (2016) taxonomy of
computational thinking practices: Asking Questions, Devel-
oping and Using Models, Planning and Carrying Out Inves-
tigations, Analyzing and Interpreting Data, and Constructing

2 Though we primarily focused on science practices, we use the
term SEP and not SP because SEP is a more common term among
researchers and practitioners who use the NGSS framework.

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Journal of Science Education and Technology (2025) 34:1039-1054 1043

Fig.2 A page from lesson 2 in
which students explored a Net-
Logo model of rock pocket mice
(Dabholkar & Wilensky, 2020)
about the predator—prey rela-
tionship and natural selection

Exploring the model

File: New

» powered by NetLogo Pocket Mouse-Natural Selection_v2 Export: NetLogo | HTML

Mode: Interactive ~ Commands and Code: Bottom

model speed

ticks
goonce o light tdark tmixed: Add a mutant
i Predation?  pance-of-predation 0.35
% ¢
Initial settings
— Data
initial-homozygous-dominant-males 50
“ AA males AA females
initial-heterozygous-males 50 ° 0
—
initial-homozygous-recessive-males 50 Aamales | | Aafemales
0 o
—
initial-homozygous-dominant-females 50
— aa males aa females
initial-heterozygous-females 50 o o
—

initial-homozygous-recessive-females 50

Phenotype frequencies =

light-colored-mice
0

dark-colored-mice
0

frequency

o 7 ) total mice
generations o
— Homozygous dominant  — Heterozygous
"~ Homozygous recessive
Command Center v
NetLogo Code v
Model Info v

Questions

Please answer the questions below.
Question 2.1
Explain how the value set by the ‘chance-of-predation’ slider affects the population size.

(Try setting at least five different values and observing how it affects the model before explaining the effects.)

B I US x x* -

Question 2.2

Start a new experiment with a mixed population: some mice with dark fur and some mice with light fur.
Let the model run for at least 100 generations ("ticks"). Now change the background and let it run for 100 generations again.
Repeat the experiment a few times with different backgrounds.

‘What sorts of things did you observe in your experiments?

B I USx x|%-

Question 2.3

‘What might explain the observations that you wrote down in the previous question?

B I USX x %-
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Explanations. Please see Appendix for the definitions and
examples of the codes.

Bottom-up Coding of DCls

We used a bottom-up coding approach to devise codes for
characterizing student knowledge of DClIs. In 10% of written
responses, we identified the parts about disciplinary ideas
related to natural selection and used an inductive coding
method (Miles et al., 2019) to label the contextual engage-
ment of different aspects of disciplinary ideas in students
written discourse (Shaffer & Ruis, 2021). Based on iterative
refinement of coding categories using constant comparison
(Miles et al., 2019), we arrived at the following coding cate-
gories for disciplinary ideas: Populations/Individuals/Agents,
Phenotypic Properties or Characteristics (Phenotype),

Table 1 NGSS Disciplinary Core Ideas (DCls) incorporated in the unit

Genotypic Properties or Characteristics (Genotype), Envi-
ronments, Heritability, Survival, Adaptation Mechanism, and
Change/Mutation/Variation (see the codebook for explana-
tions of codes and examples in the Supplementary Materials).
Because the data (of 88 students) contained a large number
(n=2026) of responses, we developed an automated coding
algorithm that used keywords and regular expressions (see
Arastoopour Irgens et al., 2020 for a similar methodological
approach), refined the coding scheme, and conducted final
pairwise inter-rater reliability tests among two human raters
and the algorithm using Cohen’s Kappa and Shaffer’s Rho
(Shaffer, 2017) (see Table 3).

The automated coding algorithm used keywords and reg-
ular expressions to code for student participation in SEPs
and their engagement with DCIs. Regular expressions are
sequences of characters and special symbols that delineate a

HS-LS4-2

Construct an explanation based on evidence that the process of evolution primarily results from four factors: (1) the potential for a

species to increase in number, (2) the heritable genetic variation of individuals in a species due to mutation and sexual repro-
duction, (3) competition for limited resources, and (4) the proliferation of those organisms that are better able to survive and

reproduce in the environment
HS-LS4-4

Construct an explanation based on evidence for how natural selection leads to adaptation of populations

Table 2 Modeled agent-based representations and emergent outcomes in the agent-based model

Agents Mice
Agent properties

Agent behaviors

Genotype—homozygous/heterozygous; phenotype—dark/light fur color
Movement, reproduction, inheritance, change in genotype and phenotype because of mutation,

death because of predation

Agents’ environment

Emergent outcomes

Color of the surroundings (to camouflage), predators

Changes in the genotype and phenotype frequencies in the population (adaptation and survival)

Table 3 Code categories and inter-rater reliability values for each code (*Shaffer’s Rho <.05)

Code category Code

Cohen’s Kappa between rater 1 and rater 2,
rater 1 and automation, and rater 2 and auto-

mation
Scientific Inquiry Practices Asking Questions and Defining Problems 1.0*, 1.0%*, 1.0%*
Developing and Using Models 92%, 91%, .83
Planning and Carrying Out Investigations 91, 73%, T7*
Analyzing and Interpreting Data .85%, .91%, .77
Constructing Explanations .86%, .65, .81*
Disciplinary Ideas Populations and Individuals 1.0%*, .92%, 92%
Phenotypic Properties 1.0%*, .[78%, [78%
Genotypic Properties 1.0%*, .82%, .82%
Environments 1.0%, 79%  79%
Heritability 98%, 75%, TT*
Survival 92% 83% 91*
Adaptation Mechanism 94% 81*, 88*
Variation and Mutation 92% 76%, .83*
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search pattern for text strings. For example, for SEP.asking.
questions one regular expression that was developed was */
bwhy/b. In this regular expression, the * symbol indicates
to only search at the start of the text string, the /b indicates
a word boundary, and why indicates searching for the word
“why.” Another regular expression for SEP.asking.questions
was Mbwhat(?!T had)\b. This regular expression searches for
the word “what” but not if “I had” follows. This expression
was used to identify student’s questions that started with
“what,” but not to identify when students made statements
about their work, such as “What I had was 152 mice.” (The
keywords and regular expressions for all the SEPs and DCIs
are listed in the Appendix.)

Two human coders and the regular expressions algorithm
coded 50 student responses for all the SEP and DCI catego-
ries. We then used nCoder, an online software for devel-
oping, validating, and implementing automated classifiers.
The tool allows for testing inter-rater reliability among two
human coders and the automated algorithm (Eagan et al.,
2017; Shaffer et al., 2015). When we had a disagreement
between the algorithm and a human for any coding category,
we refined the keywords and regular expressions until we
reached an acceptable agreement and rho values using an
unused set of 50 student responses. After reaching accept-
able agreements for all the code categories, we applied the
algorithm to the full dataset.

We applied Epistemic Network Analysis (ENA) (Shaf-
fer, 2017; Shaffer et al., 2016) to the coded data of student
responses and operationalized epistemic connections in terms
of co-occurrences among the codes. The accumulation of the
co-occurrences of codes for each student was represented as
a weighted node-link network. The nodes in the networks
represent scientific practices and disciplinary ideas and the
links represent how often a student linked particular science
inquiry practices and core disciplinary ideas. In addition to
a network representation, we used ENA to visualize the cen-
troid of each student’s network and plotted the centroids in
a fixed x—y axis space determined by the ENA algorithms.
In this representation, the centroid of each student’s network
is projected into a two-dimensional space so that all student
networks can be viewed together at one time. Since the posi-
tion of the centroid is dependent on the prominent nodes in a
student network, this representation allows us to identify the
nodes that were prominent in students’ epistemic connections
as they progressed through the unit.

Additionally, we performed a detailed, micro-level analy-
sis of individual students’ network representations and their
responses to curricular questions. We present a purposeful
sample (Palinkas et al., 2015) of two student cases: Alejandro,
a Hispanic male, and Jane, an Asian female (all pseudonyms).
We identified the two student networks based on the changes
in their epistemic connections—one with prominent changes
in connections with a Science and Engineering Practice (sep.

asking.questions) and another with prominent changes in the
connections with a Disciplinary Core Idea (dci.heritability).
Our analytical choice of purposeful sampling is justified
because we use these cases to illustrate how analysis of net-
work representations with a focus on changes in epistemic
connections of individual students helps in characterizing stu-
dent learning of practices and disciplinary ideas and discuss
possibilities for the general validity of the analytical approach
and inferences about student learning (Hammer et al., 2018).
We identified written responses of the two students that cor-
responded to their networks in different parts of the unit. We
used these responses to interpret students’ epistemic connec-
tions in terms of how they engaged with specific disciplinary
ideas by participating in specific practices and what changes
in the connections meant in terms of their learning.

Findings

In this section, we first present a broad, macro-level epis-
temic network analysis of student progression using the
centroid representation. We then present a micro-level dis-
course analysis of student responses in which we focus on
two students.

Aggregate Analysis of Student Progression
through ESM Lessons

For each lesson, students had statistically distinct clusters
of epistemic connections between disciplinary core ideas
(DCIs) and science practices (SEPs), as represented by the
means (Fig. 3A, Table 4). Thus, students’ engagement in
SEPs and DClIs in their written responses were significantly
different for each lesson (Fig. 3B).

The centroids of student networks for lesson 1 (red dots)
are in the same cartesian space where the nodes about the
phenotypic and genotypic properties of the mice agents
and practices of asking questions and planning investiga-
tions are situated. This indicates that in lesson 1, students’
epistemic connections were primarily between properties
of the agents and practices of asking questions and plan-
ning investigations. This aligns with the intended learning
goals of lesson 1 about asking research questions about the
phenomenon that they can answer using the model. The
centroids of student networks in lesson 2 are in the space
with practices nodes—using models, planning investiga-
tions, and analyzing data and nodes of disciplinary ideas
about survival, environments, and heritability (Fig. 3B).
This aligns with the learning goals of lesson 2 of using the
model to investigate disciplinary ideas related to natural
selection by analyzing data. The lesson 3 centroids (purple
dots) are in the space where the disciplinary ideas nodes for
change, heritability, and environment and practices node
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Fig.3 (A) Centroids of networks for all students for lesson 1 (red), 2
(blue), and 3 (purple). Average is represented as a square with confi-
dence intervals. Axes represent the first two dimensions of the multi-
dimensional scaling in ENA to maximize variance in the data. (B)
Mapping of DCI and SEP nodes on the ENA space. The first quad-
rant (positive x, positive y) represents asking questions and planning
investigations; the second quadrant (negative x, positive y) represents
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core natural selection ideas such as heritability, mutation, and envi-
ronment; the third quadrant (negative x, negative y) represents ana-
lyzing data and other key ideas such as survival and adaptation; and
the fourth quadrant (positive x, negative y) represents using models
and knowledge about agents and their properties. The SEP codes are
marked with orange squares

Table 4 Comparison between means of centroids of students’ epistemic networks for each lesson

X-axis Y-axis
Mean SD  P-value (two-sample Cohen’s d (effect size) Mean SD  P-value (two-sample Cohen’s d (effect size)
t-test) t-test)

Lesson1 0.85 0.44 0.00* (Lesson 2) 2.82 (Lesson 2) 0.01 0.43 0.00* (Lesson 2) 1.12 (Lesson 2)
(N=87) 0.00* (Lesson 3) 3.05 (Lesson 3) 0.00* (Lesson 3) 0.85 (Lesson 3)
Lesson2 —0.46 0.49 0.00* (Lesson 1) 2.82 (Lesson 1) —0.48 0..45 0.00* (Lesson 1) 1.12 (Lesson 1)
(N=84) 0.51 (Lesson 3) 0.10 (Lesson 3) 0.00* (Lesson 3) 1.77 (Lesson 3)
Lesson3 —0.41 0.39 0.00* (Lesson 1) 3.05 (Lesson 1) 0.45 0.59 0.00* (Lesson 1) 0.85 (Lesson 1)
(N=86) 0.51 (Lesson 2) 0.10 (Lesson 2) 0.00* (Lesson 2) 1.77 (Lesson 2)

for constructing explanations are situated (Fig. 3B). The
co-occurrences in lesson 3 indicate that students constructed
explanations about natural selection by primarily discussing
change, heritability, and environment, which are fundamen-
tal ideas to understand how natural selection works.

Qualitative Analysis of Student Epistemic
Connections

We present a qualitative analysis of written responses
and epistemic networks of two students to investigate
student participation and learning science practices and
disciplinary ideas.

@ Springer

Refining a Science Practice in a Disciplinary Context

The unit asked students three times to propose and refine the
research questions about natural selection that they wanted
to investigate. In lesson 1, after watching the introductory
video, Alejandro mentioned two questions that he wanted to
investigate: “i would investigatesf [investigate] how many
small pocket mouse [mice] are there in that area. also [,]
another question is how long did it take the lave [lava] to
cool down.” Here, Alejandro proposed a question to inves-
tigate the number of mice in the New Mexico desert and
another to ask about the time it took for the lava to cool
down. These open-ended questions indicate Alejandro’s
curiosity about the contents of the video. His question
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considered mice population and the environment sepa-
rately, but not in the context of the unit’s focus on population
change due to natural selection.

Later in the same lesson, he refined this question: “Want
to investigate how many black mice there would be in a[n]
area that had white, and have the background of the floor
white on one side and black on the other side.” Alejandro’s
second question was about investigating the survival of mice
in different environments (sandy vs rocky) based on their
fur color. Between question (A) and question (B), Alejan-
dro performed a series of structured but self-driven learning
activities about using the ESM model. He answered ques-
tions that required playing around with the model parameters
to deduce how mice genotype and phenotype are modeled in
the ESM. Alejandro’s new question included several specific
aspects of disciplinary ideas such as environment (color of
the background) and mouse phenotypes (color of mice fur).
Compared to the first question, Alejandro’s second question
was more specific, more feasible, and more aligned to the
context of ESM.

Alejandro’s network in lesson 1 (Fig. 4) shows the promi-
nent co-occurrences in his responses to all the questions in
this lesson. The connections between sep.asking.questions
and other nodes are highlighted. Three of these connec-
tions are evident in his refined question: dci.environments
(“the background of the floor white on one side and black
on the other side”), dci.phenotype (“black mice”), and sep.
planning.investigation (“want to investigate”). However, he
did not make a connection in lesson 1 with dci.heritability,
which is an important aspect of understanding natural selec-
tion as a process that causes changes in populations after
several generations.

After conducting computational mini-experiments about
the mechanism of inheritance and predation in lesson 2, Ale-
jandro chose to investigate the following question in lesson

sep.asking.questions

sp/planning.investigations
/&)
jdci.properties.phenotype |
ns/ .

s /bdm.agents
‘.dci.properties.genotype

. = //
dci.environmeénts
v
sep.constructing.exﬁana

U
sep.analyzing.data

@ sep.using.models

Fig.4 Alejandro’s Network (Lesson 1). Alejandro’s SEP node of sep.
asking.questions in connected to dci.environment, dci.properties.phe-
notype and dci.properties.genotype, which shows that his question in
lesson 1 was about these three aspects of DCIs

3: “If we have a few [mice] with light fur coat in a popula-
tion of homozygous dominant (dark fur coat) mice that are
moving in a mixed background environment, how will the
population change after 200 generation(s).” This question
is about investigating change in the population when light-
colored mice are introduced in a population of dark-colored
mice. Here, Alejandro framed a question for which he could
design an experiment to study two important aspects of natu-
ral selection, heritability and change in the environment,
using the model. His question considered several aspects that
are important to understand natural selection: change in the
population, inheritance of fur coat color, genotype (homozy-
gous dominant), and phenotype (dark fur coat color) of mice.

In lesson 2, Alejandro connected an important aspect
of disciplinary ideas, namely, the heritability of a trait to
asking questions (Fig. 5SA). Alejandro’s responses in les-
son 2 illustrate how he made these connections. After he
conducted an experiment to see how a population of mice
with a specific initial genotype combination changed, he
noted “after generations past there was only white mice,
totals mice was 489 white mice 242 aa male and 247 aa
female.” This shows how Alejandro described the change in
the mouse population concerning the inheritance of the fur
coat color in his response after performing a computational
experiment using the ESM.

Understanding natural selection as a process that happens
over generations because of changes in the environment and
mutations in inheritable traits requires an understanding of
both heritability and environment. In lesson 1, Alejandro
made connections with dci.environment, and in lesson 2,
he made connections with dci.heritability. Alejandro con-
sidered these two aspects together in lesson 3 (Fig. 5B), in
which his question “If we have a few [mice] with light fur
coat in a population of homozygous dominant (dark fur coat)
mice that are moving in a mixed background environment,
how will the population change after 200 generation(s)”
asks about population changes in a mixed environment (dci.
environment) after several generations (dci.heritability). The
lessons in the unit were designed to provide opportunities
for students to revise their research questions. Analysis of
Alejando’s epistemic connections shows that making con-
nections with central aspects of disciplinary ideas (the idea
of heritability in the case of natural selection) in different
parts of the unit is likely to have helped him in refining his
research question. His refined question was more specific
and included the core aspects of the phenomenon related to
natural selection.

The states of ESMs corresponding to Alejandro’s research
question (Fig. 6) indicate how an experimental investiga-
tion using the ESM designed to address Alejandro’s question
can potentially result in identifying changes in a population
because of natural selection. Alejandro’s written responses
to other questions in the unit show that he performed such an

@ Springer
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sep.asking.questions
dci.heritaﬂitx‘d_:/

‘/dci/. roperties.phenotype .
dci.agents

dci.properties.genotype

A. Alejandro’s Network (Lesson 2)

sep.asking.questions

dci.heritability ///7
=
= s/%ﬁng.investigations
°

dci.environmerits
w°
,/dci,.i,')/'foperties.phenotype .

"S)I‘D dci.agents
@ dci.properties.genotype

> 4
sep.constructing.explanas

@
sep.analyzing.data

@ sep.using.models

B. Alejandro’s Network (Lesson 3)

Fig.5 Alejandro’s epistemic networks in lesson 2 and lesson 3. (A)
Alejando’s epistemic network in lesson 2 has four DCI nodes con-
nected to his SEP node, sep.asking.questions, but it is missing a node
dci.environment, which was there in his lesson 1 network (Fig. 4). (B)

investigation in lesson 2 using the ESM. This analysis shows
how Alejandro refined the practice of asking questions as
he participated in many other practices in connection with
disciplinary ideas and did not learn asking questions as an
isolated research skill.

Refining Disciplinary Ideas by Engaging in Science
Practices

A question in the unit asked Jane to predict the inheritance
in a population of homozygous recessive (light-fur-colored)
mice. Jane’s prediction was that she would have mostly light-
colored mice. However, after performing a mini-experiment
using the ESM, she refined her idea because she noticed
something different. She responded: “My population is all
light pocket mice when I run an experiment after 47 genera-
tions.” Jane’s response shows that she ran the experiment
for several generations to establish that “all” the population
remained light colored, which allowed her to learn how light
fur color inheritance works in this ESM.

This observation possibly helped Jane in designing,
conducting, and interpreting another mini-experiment to
conclude an important insight regarding how Mendelian
inheritance worked in the model. She wrote, “When both
parents are homozygous dominant, ALL of the babies are
all dark. When both parents are heterozygous, the babies
could be dark or light.” Jane mentioned two initial experi-
mental setups with different initial population genotypes
and highlighted the outcome differences. She used all-caps
for “ALL” to highlight an aspect that she found crucial in
her results: Homozygous dominant initial genotypes will

@ Springer

In Alejandro’s network in lesson 3, all the five DCI nodes (from his
lesson 1 and lesson 2 networks) are connected to sep.asking.questions
node, indicating that he has incorporated all those dci aspects while
asking a question in lesson 3

result in all dark fur offspring, while heterozygous geno-
types may result in dark or light offspring.

Network representation of Jane’s epistemic connec-
tions (Fig. 7) provides insights into how the connections
she made helped her overall learning of natural selection
and her participation in the science practices. In lesson 2,
Jane made a connection between sep.using.models and dci.
heritability. Both these nodes were absent in Jane’s epis-
temic network in lesson 1. in lesson 3, the node dci.herit-
ability is connected to dci.change, dci.environment, dci.
properties.phenotype, dci.agents, and sep.analyzing.data in
Jane’s network. Her experiment design in lesson 3 reflects
what she learned about dci.heritability and dci.properties.
genotype. She wrote: “I will make the homozygous [domi-
nant] males/females to 0, heterozygous males/females to
0, homozygous recessive males to 150 and homozygous
recessive females to 100. I would use a light background
with 0.1 chance of predation. I would have 3 mutant[s]
who are dark mice. For every trial, I would add 2 mutants
and add 0.05 chance of predation per trial.” Jane’s answer
included a clear mention of the genotype of her initial
population. In addition, she mentioned in her response to
the next question that she ran all the trials for 270 genera-
tions, which indicates that she tracked the inheritance of
the fur color over many generations.

This analysis of Jane’s participation and co-occurrences
of SEPs and DCls illustrates how Jane corrected her under-
standing of how the inheritance of fur coat color worked for
rock pocket mice. Thinking about how heritability worked
across many generations while considering phenotypes
of mice agents in the model is likely to have helped Jane
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After 200 generations, the mice with dark fur color are predominantly
present in the dark background areas and the same is true for the mice
with light fur color
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Lesson 1 Lesson 2
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-

dci.properties.phenotype
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Lesson 3

dci.change

dci.heritability
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@ dci.agents / @ doiagents
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Fig.7 Jane’s epistemic networks in three lessons. In lesson 2, Jane
made a connection between sep.using.models and dci.heritability, the
nodes that were absent in her network in lesson 1. In lesson 3, the

develop a nuanced understanding of the dominant expression
of the dark fur trait.

Discussion

As new curricular design approaches are being advocated
for and developed to support students’ integrated learning
of science practices and disciplinary ideas (Berland et al.,
2016; Linn et al., 2016; Manz et al., 2020; NGSS Lead
States, 2013; Reiser et al., 2017; Weintrop et al., 2016), it
is important to develop analytical strategies to study stu-
dent participation and learning. Integrating Computational
Thinking (CT) through model-based inquiry curricula is
one such approach that supports students in participating in
contemporary ways of doing science (Weintrop et al., 2016).
In this paper, we studied student learning in a biology unit
about natural selection that was integrated with CT learning
activities using computational models designed as Emer-
gent Systems Microworlds (ESMs) (Dabholkar & Wilnesky,
2024).

We developed an ENA-based analytical approach to visu-
alize and measure students’ participation in science practices
in a model-based inquiry unit designed to support students’
integrated learning of science practices and disciplinary
ideas. We conceptualize “epistemic connections” as con-
nections among knowledge-building practices (SEPs in a
science curriculum) and disciplinary core ideas (DCls) that
are being used to make sense of a phenomenon. We argue
that student participation and learning in curricula designed
to knowledge building activities (Barzilai & Chinn, 2018;
Berland et al., 2016) can be studied by modeling and meas-
uring students’ epistemic connections. Our research question
investigates student learning of SEPs and DClIs by analyzing
their epistemic connections.

@ Springer

node dci.heritability is connected to dci.change, dci.environment, dci.
properties.phenotype, dci.agents, and sep.analyzing.data which shows
how new DCI and SEP nodes got incorporated in Jane’s network

We use ENA to model and analyze integrated learning
of SEPs and DClIs by characterizing epistemic connections
in a CT-integrated biology curriculum to investigate stu-
dent learning. The findings show how ENA can be a use-
ful methodological approach to operationalizing epistemic
connections for analytical purposes. With ENA, one can
visualize the student engagement with SEPs and DCIs at an
aggregate level and analyze which SEPs and DCIs that most
students participated in during different parts of the unit. An
individual-level analysis of students’ epistemic connections
using ENA, along with qualitative analysis of their written
responses, can be useful to investigate how participation in
specific SEPs can support learning of specific DCIs and vice
versa.

The aggregate-level ENA analysis of centroids of indi-
vidual student networks in the Natural Selection unit dem-
onstrated statistically different engagement in sets of prac-
tices and disciplinary ideas during different lessons. These
changes in the networks at the aggregate level revealed tem-
poral shifts in participation in practices as students moved
from asking questions to constructing explanations about
system-level emergent patterns, such as changes in a popula-
tion because of the introduction of a mutant phenotype. This
analysis also showed that students made epistemic connec-
tions with more core aspects of natural selection as they pro-
gressed through the curricular unit, moving from genotypic
and phenotypic properties of individuals to heritability, the
impact of environmental factors on survival, and changes
in a population. As core ideas and new practices became
prominent nodes in student networks, they also contained
and were connected to earlier nodes, which shows that as
students integrated new ideas and practices into their works,
they continued using the earlier ideas and practices. To make
sense of changes in a population because of natural selec-
tion, connections of multiple ideas such as genotypic and
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phenotypic variation, heritability of a trait, and environmen-
tal factors influencing the chances of survival and reproduc-
tion are important (e.g., Nehm & Schonfeld, 2008). Analy-
sis of how students integrate these ideas as they participate
in science practices can be helpful in understanding their
sense-making of the phenomena as well as specific aspects
of disciplinary ideas (Gouvea, 2023). Our work shows how
ENA-based analysis of epistemic connections is useful for
studying how students engage in different practices to inves-
tigate specific aspects of the phenomenon.

We further used ENA to conduct in-depth qualitative
analyses of the changes in two students’ epistemic con-
nections in the unit to investigate what the temporal shifts
entailed in terms of learning DCIs and SEPs. This analysis
of students’ epistemic connections revealed how different
kinds of participation in SEPs and investigations of various
aspects of DCIs supported learning of SEPs and DCIs in
a reciprocal manner. Alejandro’s participation in the sci-
ence practice of asking questions increased in complexity
as he made more epistemic connections with different dis-
ciplinary ideas. Jane’s engagement with a disciplinary idea,
heritability, increased as she made epistemic connections
with specific science practices. Such analysis of epistemic
connections is helpful in understanding whether and how
students participated in integrated learning of practices and
ideas (Berland et al., 2016; Linn et al., 2016; Reiser et al.,
2017). This analysis also demonstrates how a CT-integrated
model-based inquiry unit supported student learning of prac-
tices and ideas in a sequential yet integrated manner through
iterative refinement. Over time, students participated in more
refined and sophisticated aspects of practices and used core
aspects of the disciplinary ideas to construct.

Conclusions and Implications

In this paper, we presented an ENA-based novel analytical
approach to investigate students’ epistemic connections in
an NGSS-aligned CT-integrated biology curriculum about
natural selection. Our characterization of students’ epis-
temic connections using ENA at aggregate and individual
levels showed how ENA could be useful for investigating the
changes in students’ epistemic connections in terms of their
refined participation in practices and understanding nuanced
aspects of disciplinary ideas. Such analysis of epistemic con-
nections can help study specific aspects of student participa-
tion and learning in NGSS-aligned science curricular units
as we demonstrated in this paper. For example, an aspect of
student participation we studied in this paper is the refine-
ment of practices and ideas by creating multiple opportuni-
ties for students during the unit and checking if and how
iterative participation helps in the refinement of ideas in a
model-based curriculum.

Additionally, the analysis of aggregate networks (Fig. 3)
and individual student networks (Figs. 4 and 5) can be help-
ful from both the perspective of analyzing the usefulness
of a curriculum and classroom instruction. Understanding
which practices and ideas students engage with and learn
about in different lessons is useful in modifying the lessons
to enhance participation in the ideas and practices that are
not present as expected. For example, in lesson 1, connec-
tions with dci.heritability are not as prominent as connec-
tions with dci.genotype or dci.phenotype. The low engage-
ment with dci.heritability in lesson 1 indicates that lesson 1
did not engage students in thinking about the transmission
of genes and traits across generations. Access to aggregate
students’ networks of practices and ideas in a teacher dash-
board can help a teacher highlight those ideas in class dis-
cussions. Access to individual student networks can help
teachers support students in participating in and learning
about practices and ideas that are less prominent in their
networks. For example, while Alejandro refined his asking
questions practice, his network for lesson 3 does not have a
connection between sep.using.models and dci.heritability.
This lack of epistemic connection indicates that he may not
have considered how the idea of heritability is implemented
in the model. A teacher could ask Alejandro a question to
verify if he has understood the idea of heritability and its
connection to natural selection.

Limitations and Future Directions

This work also provides insights into how ENA as a meth-
odology and studying student learning by characterizing
their epistemic connections in NGSS-aligned model-based
inquiry units can be improved further. Regarding the use of
ENA in science education research, findings in this paper
suggest that using ENA to analyze students’ epistemic con-
nections can be a powerful way to characterize students’
integrated learning in a science classroom. However, there
were limitations in using ENA to operationalize epistemic
connections. In this study, we demonstrated how it is pos-
sible to infer student participation in science practices based
on their written responses in CT-integrated model-based
learning environments. However, such inferences may not
be feasible in all kinds of learning environments, and we
might have missed out on modeling student participation in
some practices they did not write about. This limitation can
be overcome by leveraging multimodal ENA approaches that
have been demonstrated to be effective in modeling partici-
pation in specific practices, such as surgical residents doing
simulated hernia repair (Lund et al., 2017; Ruis et al., 2018).
Analysis of logs of student actions using a NetLogo model
(Levy & Wilensky, 2005; McBride et al., 2016) can be help-
ful in future work to refine this analytical approach further.
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In addition, ENA networks are mathematically con-
structed by counting co-occurrences within a given tem-
poral segmentation. However, after the construction is
complete, the interpretation of the links is left up to the
researcher to go back to the discourse data and close the
interpretative loop (Arastoopour Irgens & Eagan, 2022).
For example, a connection between sep.using.models and
dci.environment could mean that a student used the model
to investigate the background color of the environment
or they investigated the impact of predators in the envi-
ronment. The interpretation of the relationship between
SEPs and DClIs is critical to further conceptualizing epis-
temic connections. Thus, leveraging computational assis-
tance in interpreting the links themselves and helping the
researcher close the interpretive loop would be helpful.
For example, ENA could integrate natural language pro-
cessing tools to help the researcher identify the context
within which co-occurrences of each pair of codes occur
and draw the researcher’s attention to particular configura-
tions of co-occurrences, which would aid in the interpreta-
tion of the different forms of epistemic connections that
students make.

The Next Generation Science Standards (NGSS) advo-
cates three-dimensional learning, which involves learning
Disciplinary Core Ideas (DCIs), Science and Engineering
Practices (SEPs), and Cross Cutting Concepts (CCCs).
Since we designed the curricular unit to integrate Com-
putational Thinking through SEPs, our analysis focused on
SEPs and DClIs. The future work will extend this approach
to model NGSS-aligned three-dimensional learning to
incorporate CCCs related to Natural Selection, such as
Scale, Proportion, and Quantity; Systems and Systems
Models; and Stability and Change (NGSS Lead States,
2013). This design and analytical shift would require
changing the curricular activities and question prompts to
draw students’ attention to these CCCs and coding student
responses for these CCCs in addition to SEPs and DCls to
study three-dimensional learning.
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