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This study lies at an intersection between advancing educational data mining methods for detecting
students’ knowledge-in-action and the broader question of how conceptual and mathematical forms of
knowing interact in exploring complex chemical systems. More speciﬁcally, it investigates students’
inquiry actions in three computer-based models of complex chemical systems when their goal is to
construct an equation relating physical variables of the system. The study’s participants were 368 highschool students who interacted with the Connected Chemistry (CC11) curriculum and completed identical pre- and post-test content knowledge questionnaires. The study explores whether and how
students adapt to different mathematical behaviors of the system, examines how these explorations may
relate to prior knowledge and learning in terms of conceptual and mathematical models, as well as
components relating to understanding systems. Students’ data-collection choices were mined and
analyzed showing: (1) In about half the cases, mainly for two out of the three models explored, students
conduct mathematically-astute (ﬁt) explorations; (2) A third of the students consistently adapt their
strategies to the models’ mathematical behavior; (3) Fit explorations are associated with prior conceptual
knowledge, speciﬁcally understanding of the system as complex, however, the three explorations’ ﬁtness
is predicted by the understanding of distinct sets of systems’ components; (4) Fit explorations are only
somewhat associated with learning along complementary dimensions. These results are discussed with
respect to 1) the importance of a conceptual understanding regarding individual system elements even
when engaged in large-scale quantitative problem solving, 2) how distinct results for the different
models relate to previous literature on conceptual understanding and particular affordances of the
models, 3) the importance of engaging students in creating mathematical representations of scientiﬁc
phenomena, as well as 4) educational applications of these results in learning environments.
! 2010 Elsevier Ltd. All rights reserved.
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I have always thought the actions of men the best interpreters of their thoughts. wJohn Locke [Excerpt from An Essay Concerning
Humane Understanding, Volume 1 MDCXC, Based on the 2nd Edition, Books 1 and 2]

1. Introduction
1.1. Motivation
What does exploratory action reveal about understanding? More speciﬁcally, what can we learn from students’ inquiry actions regarding
their understanding of the investigated domain? This study involves students’ active exploration of computer models in a chemistrylearning unit and educational data mining of such explorations. It will be shown that their data-collection choices reﬂect an understanding
of the system at hand.
* Corresponding author. Tel.: þ972 8 931 8784; fax: þ972 4 824 9354.
E-mail addresses: stlevy@construct.haifa.ac.il (S.T. Levy), uri@northwestern.edu (U. Wilensky).
1
CC1 denotes Connected Chemistry, Chapter 1, a unit devoted to the topic of gas laws and kinetic molecular theory. Under the umbrella of Connected Chemistry, the Center
for Connected Learning and Computer-based Modeling (CCL) has created several curricular units.
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Furthermore, the study addresses a central question in science learning: How do conceptual and mathematical models of knowledge
interact with each other, and in particular – with regards to exploratory action? Research has demonstrated that students’ ability to solve
quantitative chemistry problems does not necessarily reﬂect a conceptual understanding of the problem at hand (Nakhleh, 1993; Niaz &
Robinson, 1992). It will be shown that this picture changes in the context of inquiry activities that involve exploring well-designed
computer models and constructing the associated mathematical representations. Many students adapt their search for quantitative
information to the model’s mathematical structure. Moreover, this adaptation corresponds with a deeper prior understanding of the
conceptual model, but not the mathematical model. Thus, in an inquiry context of exploring models with mathematical goals, conceptual
knowledge plays a central role.
Commonly, students’ understanding of science is assessed through their verbal and textual articulations as well as their performance in
solving problems. These expressions are all part of the domain of symbols. However, students’ rich expressions through action – exploratory
(bringing knowledge from the world) or performatory (enlarging desires onto the world) – (Bruner, 1973; Gibson, 1988) – while informative
to expert teachers, are rarely drawn upon in educational settings. As data mining of students’ actions in digital learning environments
advances, new expressions of knowing become accessible (Baker & Yacef, 2009; Pahl, 2004). Detailed observation of each student’s
interactions with learning materials is beyond a single teacher’s capabilities. However, with the assistance of logging and data mining, such
observation and subsequent support for learning are made possible. In this study, we propose a simple method by which students’
mathematical understandings of the behavior of complex systems can be assessed through the actions they perform with computer-based
models.
In the current study, the students are involved in forming quantitative descriptions of the explored systems. The activity of creating
rather than consuming and manipulating given equations is infrequent in science curricula. Previous studies into activities that engage
students in constructing mathematical representations of scientiﬁc phenomena are sparse and target more advanced undergraduate
students (Bopegedera, 2007; Laugier & Garai, 2007). It is proposed that experiences in which students explore models that provide access to
causal explanations and use them to create symbolic representations may promote a deeper understanding of the mathematical representations and how they relate to conceptual explanatory models.

1.2. Educational setting: the Connected Chemistry (CC1) curriculum
The students in this investigation interacted with the Connected Chemistry curriculum (named CC1 to denote Connected Chemistry
Chapter 1; Levy, Novak & Wilensky, 2006; you are invited to download the curriculum through the provided website link). Connected
Chemistry is a computer-based environment for learning the topics of gas laws and kinetic molecular theory in chemistry. It views chemistry
from an “emergent” perspective, how macroscopic phenomena result from the interaction of many submicroscopic particles. In analyzing
systems, the terms “macro” and “micro” are used to describe aggregation levels in the system – whether a global or local perspective is
approached – with the goal of relating these two levels. In this paper, the term “micro” is supplanted by the term “submicroscopic” to align
with a chemistry perspective, where “micro” describes a real size, and is not appropriate for describing gas particles that are much smaller.
CC1 is part of the Modeling Across the Curriculum project (Gobert et al., 2003). It employs NetLogo (Wilensky, 1999a) agent-based models,
models that compute a system’s behavior from its components’ individual actions and interactions with other components. These models
are embedded in Pedagogica scripts (Horwitz & Christie, 1999) that provide several forms of guidance, assistance, and assessment, while
logging students’ actions and responses to questions. Under the umbrella of Connected Chemistry, the Center for Connected Learning and
Computer-based Modeling (CCL) has created several curricular units (Stieff & Wilensky, 2003; Wilensky, 1999b, 2003). These Connected
Chemistry units focus on topics in chemistry and employ multi-agent NetLogo models to enable students’ inquiry: creating, manipulating
and observing interactions between objects at the molecular level in order to gain insight into emergent patterns and macroscopic
phenomena.
As the system under study involves a multitude of interacting entities, the topic is introduced through a complexity perspective. This
perspective combines an understanding of the objects, actions and interactions at the submicroscopic level with that of the macroscopic
level, and relating the two. Complex systems are made up of many elements, which interact among themselves and with their environment,
resulting in the system’s coherent self-organized behavior (Holland, 1995; Kauffman, 1995). NetLogo (Wilensky, 1999a) is a modeling
language and environment that supports creating, exploring and analyzing agent-based models, such as those used in CC1. Exploring this
type of models of chemical systems, that integrate multiple representations (visual representations of both the micro- and macro- levels and
symbolic representation of its properties) have been shown to be effective in helping students gain a deeper understanding (Ardac &
Akaygun, 2004; Kozma, 2000; Russell et al., 1997; Snir, Smith, & Raz, 2003; van der Meij & de Jong, 2006).
A conceptual framework was developed to structure students’ experiences and learning through exploring the models (Levy & Wilensky,
2009a). The same framework will be used in the current study to investigate students’ understanding of the chemistry ideas they explore
with the Connected Chemistry activities (see Fig. 1). The framework describes three spheres of knowledge: conceptual, symbolic and
physical; and four forms of access to understanding the system: descriptions at the submicroscopic and macroscopic levels, mathematical
representations and physical experiences. Activities were designed to help students build an integrated view of the chemical system, by
focusing on understanding along each form of access, and promoting multiple transitions between the spheres of knowledge. The macrolevel observable phenomena were used to bridge between the three spheres and support these shifts.
An investigation was conducted into high-school students’ learning with Connected Chemistry (Levy & Wilensky, 2009b). Results have
shown a strong effect size for embedded assessment and a medium effect size regarding pre-post-test questionnaires. Stronger effects were
seen regarding learning about the submicroscopic level and bridging between it and the macroscopic level, two central components in
understanding complex chemical systems. Signiﬁcant shifts were found in students’ epistemologies of models: understanding models as
representations rather than replicas of reality and as providing multiple perspectives (Gobert et al., 2010).
The focal activities in the current study involve students’ construction of the gas law equations. It was found that more than half the
students succeeded at this task, including the four-variable Ideal Gas Law: Pressure " Volume ¼ constant " Number of
particles " Temperature (Levy & Wilensky, 2009b). Through collecting data about the system’s response to various changes, and further
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Fig. 1. Conceptual framework for supporting learning through model exploration in the Connected Chemistry curriculum (CC1). With kind permission from Springer ScienceþBusiness Media: Journal of Science Education and Technology, Crossing Level and Representations: The Connected Chemistry (CC1) Curriculum, 2009, 229, Sharona T.
Levy & Uri Wilensky, Fig 1.

transformations of this data, the students were able to formulate the algebraic form of these relationships, the gas laws. The current study
focuses on how they collect the data, from which such constructions were created.

1.3. Related literature
1.3.1. The importance of conceptual understanding in learning chemistry
Relevant to this study is the relationship between students’ conceptual and mathematical understandings of how gas particles are
impacted by changes to the system, such as heating or expanding the container, which holds them. These issues can be addressed with
mathematical representations such as the algebraic gas laws (e.g. Boyle’s Law: Pressure " Volume ¼ constant; when temperature and
the number of gas particles are constant). They can also be discussed within a conceptual model of the gas particles’ properties,
behaviors and interactions. For example, expanding the containing vessel results in greater space through which the gas particles can
travel; due to the greater travel distance within the container, each particle hits the container walls less frequently so that the pressure
exerted on the walls, which is related to the rate of such collisions, is reduced. In learning such topics in high-school chemistry and
physics, the focus is usually upon mathematical problem solving. A typical test question provides a bare setting involving objects,
materials, values of several variables, and asks the students to ﬁnd the value of the missing variables: “At constant pressure and 25 $ C
a sample of gas occupies 4.5 L. At what temperature will the gas occupy 9.0 L?” To answer this question, the student needs to select the
correct equation (Volume1/Temperature1 ¼ Volume2/Temperature2) and insert the correct values for volume and the temperature in
Kelvin degrees.
This focus on the mathematical model has elicited critique regarding the “mindless” form of knowledge application as well as research
into how students’ conceptual and mathematical models relate to each other. In the literature on chemistry education, they are usually
named conceptual and “algorithmic” types of knowledge, the latter referring to well-practiced quantitative problem solving. Several
researchers demonstrate how students may be capable of solving problems that involve using equations to predict the properties of gases
under a variety of conditions; yet their conceptual understanding lags far behind (Gabel, Sherwood, & Enochs, 1984; Mason, Shell, & Crawley,
1997; Nakhleh, 1993; Niaz & Robinson, 1992; Nurrenberg & Pickering, 1987; Russell et al., 1997; Sawrey, 1990; Zoller, Dori, & Lubezky, 2002;
however, see Chiu, 2001; Costu, 2007). Moreover, such understandings may be even more limited when the problems do not fall into
familiar and practiced problems (Lin & Cheng, 2000).
In this study, we focus in on how the conceptual and mathematical models may interact within the setting of mathematically geared
explorations that involve computer-based models that provide access to conceptual understandings.
1.3.2. Educational data mining
Educational data mining (EDM) is an emerging ﬁeld aimed at developing methods of exploring data from computational educational
settings and discovering meaningful patterns (Baker & Yacef, 2009). Pahl (2004) focuses on the interactive nature of learning in such
settings and has deﬁned EDM in the following way: “Data mining is a non-intrusive objective analysis technology that is proposed as
a central evaluation technology for the analysis of the usage of computer-based educational environments and in particular, of the
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interaction with educational content”. Due to this study’s concentration on students’ interactions with models, EDM has been the method
of choice.
The goals of EDM are varied: from constructing and improving student models, designing support in digital settings to scientiﬁc
discovery about learners and learning (Baker, 2010). Its areas of application are predictive (decision support), generative (create new or
improved designs for learning) or explanatory (scientiﬁc analysis) (Pahl, 2004) and include studies into individual learning from educational software, computer supported collaborative learning, computer adaptive testing and factors relating to student failure or nonretention in courses (Baker & Yacef, 2009). Hershkovitz and Nachmias (2009) offer another classiﬁcation of applications for EDM using two
dimensions; one is whether a group or individual are the subject of research and the second is the time reference regarding learning –
whether the end point or process are of interest. While the present study concentrates on scientiﬁc discovery about learners and is of an
explanatory type, it is also generative in that its goal is also to support improved designs for learning with models, in which inquiry actions
can be used as a diagnostic tool for mathematical and conceptual understandings of the explored phenomena. It can also be classiﬁed as
focused on process and on the individual learner, as differences among individuals in how they interact with computational media is
explored.
Methods in educational data mining include usage statistics, classiﬁcation and prediction, association rules, sequential pattern
analysis and time series, clustering, relationship mining, discovery with models, and distillation of data for human judgment (Baker,
2010; Pahl, 2004). The current research falls into the category of relationship mining, identifying strong relationships between
a large set of variables (various components of prior knowledge and learning gains) and a particular variable of interest (model
exploration strategies).
Few studies investigate students’ interactions with exploratory learning environments, open learning platforms such as computer
models. In one such recent study, Amershi and Conati (2009) have found that undergraduate computer-science students’ interactions with
exploratory applets distinguish among successful and less successful learners: the former pause for longer times after presentation of a new
problem and tend to follow suggested sequences and guidelines. The current research hopes to further understanding of such interactions
and related learning.
1.4. Framework of the study
This investigation focuses on how students explore computer models of complex systems and what such explorations reveal about
their understanding. We examine data that students collect when their goal is to further use this data to construct equations. The
spacing of this data is investigated as an indicator of their understanding of the model’s underlying mathematical behavior. Usually,
work in school science laboratories structures a linear constant addition of values to the independent variable (e.g. 100-150-200-250).
Yet, when the inspected system behaves in a nonlinear way, varying the dependent variable at constant intervals would better capture
the system’s full range of change2. An example addressed in this study is the inverse function. If the relationship between the variables
is inverse (y ¼ k/x; y as the dependent variable, x as the independent variable, k a constant), the system’s behavior changes more quickly
for smaller values of the independent variable. If one wanted to observe this region of swift change, it would make more sense to space
the data collection at higher density for lower values of the independent variable. Fig. 2 presents a comparison between two strategies
in data collection for the same inverse function. On the left, Fig. 2a shows sampling at constant intervals for the independent variable
on the x-axis: 50, 100, 150.. On the right, Fig. 2b presents sampling at constant intervals for the dependent variable on the y-axis: 10,
20, 30. One can see that the ﬁgure on the right (Fig. 1b) captures a more detailed sampling of the zone of greater change than does the
left one.
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Fig. 2. Graphical representation of sampling six points along the same inverse function. On the left (a), constant intervals are sampled on the x-axis. On the right (b), constant
intervals are sampled on the y-axis.

In the study, we consider three possibilities regarding how students would explore the models when their goal is to quantify relationships. One is that the students would employ mainly the commonly taught laboratory strategy: vary the independent variable at even
increments. The second possibility is that no dominant pattern would emerge: students were not guided in their collection of data, as this
is an open exploratory environment. The third possibility is that they would increment the dependent variable at approximately even

2

This observation assumes experimental error in collecting data regarding the system.
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intervals to capture the full range of change. Varying the independent variable systematically is reasonable when little is known about
how the system behaves, as it captures a wide span of values in the parameter space. Knowing how the dependent variable changes
requires prior knowledge of the domain. Thus, it is proposed that the latter strategy reﬂects understanding of the system at hand. In the
study, we look into students’ data collection strategies in terms of spaces between the values of data collected, describe the patterns to
which they conform, their ﬁt to the model’s mathematical behavior, and relate them to the students’ prior knowledge and subsequent
learning. The value of these ﬁndings is in detecting knowing-in-action (Schön, 1983) a form of understanding that is more difﬁcult to tap
onto. In educational settings, such detection may prove valuable is helping gauge students’ progressing understanding in service of
appropriate support.
1.5. Research questions
The following research questions guide this study:
Research question 1: What strategies describe how students explore computer models when they are collecting data with which they
will construct an equation relating the system’s variables?
Research question 2: How consistent are the strategies students use in exploring the computer models in terms of ﬁtness to the models’
mathematical behavior?
Research question 3: How does prior knowledge impact students’ model exploration strategies?
Research question 4: What associations can be found between students’ exploration strategies and their learning gains regarding the
related content?
2. Materials and methods
In this study content knowledge questionnaires administered before and after the curricular activities were analyzed, three logged
activities were data-mined, consistency between activity patterns was examined, associations between pre-test knowledge and activity
patterns and between activity patterns and learning gains were explored, as elaborated in the following section.
2.1. Procedure
The students engaged with seven activities of CC1 as part of their high-school chemistry course during the 2005–2006 year,
replacing the topic of gas laws and kinetic molecular theory. Before and after the activities, spaced 2–3 weeks apart, the students
completed content knowledge questionnaires. The students’ click-type interactions with the models and answers to open and closed
questions were logged through the Pedagogica environment. The research was reviewed and approved by an Institutional Review
Board.
The focal sections in this analysis are part of three of the later activities and involve mathematical modeling. In these sections, the
students constructed the gas laws based on scatter-plots of data they collected from models in which they manipulated one variable: the
number of particles (N3), temperature (T) or volume (V) and observed the resultant pressure (P) (Fig. 3). They had explored the models prior
to the activity, and following it, tested their constructed equations with the models.
In each of the three activities, manipulating the independent variable is done in a different way and equilibration time until a reading can
be made is varied. Perhaps more important, the change in the independent variable is immediately observable for two explorations (NP, VP)
but slower to stabilize for the third (TP). These differences are described in Table 1 and portrayed in Fig. 4.
2.2. Participants
The sample included 81–368 students (depending on the portion of the data analyzed) who participated in both pre-test and post-test,
engaged with the activities, and their logs were successfully captured. Of these, 49% were male students and 51% female students; 13% in 9th
grade, 22% in 10th grade, 61% in 11th grade; 4% in 12th grade. 41.3% were in a regular class, 30.4% in an honors class, 17.2% in a Pre-AP class,
7.6% in a college-level class and 3.5% were unspeciﬁed. These students come from 13 diverse high-schools across the United States, whose
principal or science department head volunteered to participate in our project; thus, individual students did not themselves volunteer to
participate. These schools represent a wide range of socio-economic levels (estimated by the percentage of students in the school who
receive free- or reduced-lunch) with schools ranging from 0% to 41% of students receiving free- or reduced-lunch. Across all 13 schools, the
average percentage of students receiving free- or reduced-lunch was 16%. School size ranged from 120 students to slightly more than 2000
students, with the average school size 1200 students. The average number of students in the science classes in these schools was 24
students.
2.3. Instruments
In this study, two main instruments have been used: a pre-test/post-test content knowledge questionnaire and logs of the students’
actions in exploring the models.
Identical pre- and post-test content knowledge questionnaires were administered (Appendix A). They contain 19 multiple choice questions
which were designed to assess students’ understanding of the gas laws and kinetic molecular theory with particular focus on targeting

3
The following symbols are used: N for the number of particles in the container; V for the volume of the container; T for temperature; NP is the relationship between the
number of particles and pressure; VP is the relationship between volume and pressure; TP is the relationship between temperature and pressure.
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Fig. 3. A sequence of four screenshots from the “Volume and Pressure” activity, portraying construction of Boyle’s Law through experimenting with the agent-based model. The
focal screen in the study is highlighted.

problematic areas as reported in the science education literature. It is fully described elsewhere in a paper describing research into students’
learning with Connected Chemistry (Levy & Wilensky, 2009b). Two sets of subscales were created: one distinguishing between conceptual
and mathematical questions; the other, more ﬁne-tuned, focused on complex systems and mathematical modeling (submicro- and macrodescription levels, mathematical representations, submicro/macro and model/math bridges). The questionnaire is related to two of the three
Table 1
Comparison between the connected chemistry models in terms of acting on the model and subsequent changes until stabilization.
Model

Manipulation of the independent variable

Change to the independent variable
following manipulation

Typical time from manipulation
until equilibration of pressure,
the dependent variable (seconds)

Number and
pressure (NP)

A slider is set to the number of added particles,
and a neighboring button is
pressed to release them into the box.
A button is pressed to enable changing
the volume and the container in the model is
clicked upon at the location
where the wall should move to
One of two buttons is pressed – one for heating,
one for cooling – changing the temperature of the walls.
The number of button presses determines the
increment of temperature change.

Increased density of particles in
container is observed immediately.

10

Volume and
pressure (VP)

Temperature
and pressure (TP)

Increased volume is
observed immediately

The container’s walls are ﬁrst heated
(or cooled); then, moving particles may
hit the wall and become faster (or slower);
ﬁnally, through collisions with other particles –
the energy is redistributed until a
stable temperature is reached.

4

10
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Fig. 4. Focal screens in the three activities (from top to bottom): Number and pressure, Volume and Pressure, Temperature and Pressure. The manipulated model components that
change the independent variables are highlighted with double-framed black rectangles.
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Fig. 4. (continued).

spheres of knowledge in the conceptual framework (Fig. 1): the conceptual model and the mathematical model, as well as the links and
bridges between the different forms of access. Within the conceptual model, a further separation is made between a focus on submicroscopic and macroscopic levels of descriptions and transitions among them. All questionnaires and activities were scripted and the students’
answers were made available for analysis. Typical items are provided in Table 2.
Table 2
Sample questionnaire items and their relation to the conceptual framework of the study.
Conceptual/mathematical
sub-scale

Framework components

Sample questionnaire item

Conceptual

Submicroscopic (3 items)

How would including the attraction among particles change the
RATE or FREQUENCY at which a single particle reaches
the wall?
B
B
B

Macroscopic (3 items)

The rate would not change.
The rate would decrease.
The rate would increase.

The following diagram shows a piston in a sealed cylinder. In (b)
the piston has been pushed in. No air entered or left the cylinder.
Let us assume that no energy was added or removed
and that the temperature is constant.

The pressure is
B
B
B

the same
larger in (a)
larger in (b)
(continued on next page)

Table 2 (continued )
Conceptual/mathematical
sub-scale

Framework components

Sample questionnaire item

Submicroscopic/
macroscopic (8 items)

Imagine a box with a wall inside it as in the following picture.
One side of the box [A] contains a gas. A window is then
opened in the wall that separates the two parts of the box.

If the gas in the box is heated, will that change what
happens to the gas when the window is opened? (C)
B

B

B

B

B

Mathematical

Symbolic (1 item)

If the gas is heated, the particles move faster, and hit the wall more often.
However, this doesn’t make a difference in how they go through the
window. Therefore, the gas will go through the window at the same rate.
If the gas is heated, the particles become larger, making it more difﬁcult
for them to go through the window. Therefore, the gas will go through
the window more slowly.
If the gas is heated, the particles become larger, making it more difﬁcult
for them to go through the window. Therefore, the gas will go through
the window more slowly.
If the gas is heated, the particles move faster, hit the wall more often,
and have a better chance of reaching the window and going through.
Therefore, the gas will go through the window more quickly.
If they gas is heated, the particles will rise to the
top of the box, and will not reach the window. Therefore,
the gas will go through the window more slowly.

How would you describe the relationship between the
volume of the container (V) and the temperature of the gas (T)?

V describes the volume of the container.T described the temperature
of the gas.k is a constant number.
B
B
B
B

Conceptual/
mathematical model (4 items)

V
V
V
V

"
"
¼
¼

T¼k
T2 ¼ k
k " T2
k"T

The following graph shows how the air pressure
inside the basketball changed with time.

Which of the following could have caused the pressure to
change in this way? (D)oThe basketball was pumped up with air.

Table 2 (continued )
Conceptual/mathematical
sub-scale

Framework components

Sample questionnaire item
B

B

B

The basketball had a leak (a hole which lets air come out),
the leak was then ﬁxed.
The basketball was placed in a very cold container
and then taken out until it warmed up.
Someone stepped on the basketball, squishing it and
making it smaller, then got off, so that it returned to its original shape.

The students’ actions in exploring the models, click-type interactions with the models (pressing buttons such as “setup” and “go”,
clicking on the interface to change a container’s volume) and answers to open and closed questions were logged through the Pedagogica
environment (Horwitz & Christie, 1999), saved on a server and made available to the researchers. Speciﬁc to this study, students’ entries into
a table of data they have collected from a model in a single screen in three activities are analyzed, as described hence.
2.4. Data analysis
The content knowledge pre- and post-test questionnaires’ responses were coded as correct or incorrect and a total score was averaged.
The pre-test and post-test results, overall and using the two subscales, were analyzed with descriptive statistics (mean and standard
deviation), pre- and post-test scores were compared using a paired samples t-test and Cohen’s effect size (Cohen, 1988) was calculated.
Students’ data collection strategies were analyzed in the following way. The above-described sequences of values the students entered
while exploring the model were captured. The ﬁrst complete series of ﬁve values they entered into the table for the manipulated variable
(N for the NP relationship; T for the TP relationship; V for the VP relationship). Expert knowledge was used to label one of four patterns,
which were mapped as describing a wide variety of monotonic, canonical and familiar mathematical functions: the intervals between values
of the manipulated variables were converted into one of four patterns: constant, increasing, decreasing and mixed intervals (Fig. 5). The ﬁrst
and second derivatives of these sequences of values for the manipulated variable were calculated. The second derivative was then recoded as
its sign: positive (indicating increasing intervals), negative (indicating decreasing intervals) or zero (constant intervals). The 27 combinations of the three signs of the second derivative were sorted into four categories: mainly constant intervals (at least 2/3 constant additions),
mainly increasing intervals (at least 2/3 increasing additions), mainly decreasing intervals (at least 2/3 decreasing additions) and mixed
(otherwise). The four interval patterns are described in short form as “constant”, “increasing”, “decreasing” and “mixed”. Descriptive
statistics – distribution and mode – represent these results.

Fig. 5. Method of extracting students’ exploration strategies from their table data entries.

These patterns were further coded as “ﬁt” or “unﬁt” with respect to the models’ behavior. Regarding the linear NP and TP relationship, a ﬁt
exploration strategy is “constant intervals” as it covers the parameter space systematically; for the inverse VP relationship, it is “increasing
intervals” as it captures the faster change in pressure for lower volumes (Fig. 1). A cumulative ﬁtness score was computed as the number of ﬁt
explorations (ranging 0–3 for the three explored models).
Consistency between the exploration strategies was computed using the Chi-square test, both for the actual patterns (constant,
increasing, decreasing, mixed intervals) and with respect to their ﬁtness to the models’ behavior (ﬁt, unﬁt).
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These strategies were related to prior knowledge (overall and subscales) using a logistic regression for the individual explorations’ ﬁtness
and ANOVA for the cumulative ﬁtness score. It is noted that the subscales used as independent variables may not be completely orthogonal. For
example, understanding more about the macro-level behaviors of the system may be related to knowing more about molecular interactions.
Learning gains were calculated as the proportion of gained knowledge with respect to prior knowledge in the following way: ((post-test
score) % (pre-test score))/(pre-test score). The exploration strategies’ ﬁtness (individually and cumulative) was related to the learning gains
using independent samples t-tests.
3. Results
3.1. Model exploration strategies
Students’ explorations of the gas models are described in terms of the intervals between the values of the independent variable
(constant, increasing, decreasing, mixed) and are depicted in Fig. 6. Distinct distributions are observed for the different models. For the NP

Fig. 6. Students’ model exploration strategies. Corresponding gas law equations are on the left: k is a constant; P is pressure; N is the number of gas particles in a container; V is its
volume; T is the temperature of the gas. n ¼ 134.
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model, a clear mode is seen – the “constant intervals” exploration strategy (66%). For the TP model, a rather ﬂat distribution is observed, the
mode at “increasing intervals” (34%). For the VP model, the mode is the “increasing intervals” strategy (47%), however the “decreasing
intervals” strategy soon follows.
When the strategies are recoded for ﬁtness with respect to the models’ mathematical behavior, we can see that the students are using
mainly ﬁt strategies for the NP and VP exploration, however no clear result is seen for TP. The cumulative number of ﬁt explorations is
M ¼ 1.41, SD ¼ 0.851, about half of the explorations.
Students’ consistency in exploring the different models was tested by looking at (1) the actual strategies; and, at (2) their ﬁtness with
respect to the model’s mathematical behavior. Regarding the ﬁrst, the Chi-square Test shows no consistency between the three explorations.
As for the second, the Chi-square Test shows no signiﬁcant relationships between NP and TP (c2(1) ¼ 0.27, ns), or between VP and TP
(c2(1) ¼ 0.15, ns). A signiﬁcant relationship is found between NP and VP (c2(1) ¼ 4.55, p ¼ .033). In exploring both of these two relationships,
37% of the students used ﬁt strategies.
3.2. Prior knowledge and model exploration strategies
Students’ pre-test and post-test results (Table 2) show greater learning gains for the submicro- and submicro-to-macro subscales and for
conceptual understanding (Table 3).
Table 3
Descriptive and comparative statistics of students’ content knowledge in the Connected Chemistry Curriculum (CC1) with respect to the conceptual framework.
Conceptual framework component (# of items in questionnaire)

Test
Pre

All (19)
Form of access (7)
Submicro (3)
Macro (3)
Symbolic (1)
Bridge (12)
Submicro/Macro (8)
Conceptual/Symbolic models (4)
Mathematical (5)
Conceptual (14)

Paired t

Effect sizeCohen’s d(95% CI).

Post

M (SD)

M (SD)

56 (17)

66 (19)

%17.61**

0.55 (0.46–0.65)

45 (28)
76 (29)
42 (49)

60 (31)
82 (27)
58 (49)

%13.14**
%6.01**
%8.21**

0.51 (0.41–0.60)
0.21 (0.12–0.31)
0.33 (0.23–0.42)

56
56
56
55

65
62
65
65

%11.72**
%6.83**
%7.37**
%17.33**

0.42
0.21
0.31
0.53

(21)
(28)
(29)
(18)

(22)
(29)
(30)
(20)

(0.33–0.51)
(0.12–0.21)
(%1.62–2.16)
(%0.76–1.68)

Note. Scores are mean percentages of correct answers on pre-test and post-test questionnaire.
**p < .01.

Results of a logistic regression between the students’ prior knowledge and the exploration strategies’ ﬁtness, and ANOVA for the
cumulative ﬁtness are presented in Table 4. These results show that only some of the components of knowledge impact the students’ model
exploration strategies, and in different ways for the different relationships: NP exploration is impacted by conceptual but not mathematical
understanding; and more speciﬁcally by prior knowledge of both the submicro- and macro- levels as well as bridging the macro-level with
its mathematical representations; TP exploration by understanding of the macro-level alone; VP exploration by understanding of the
submicro-level alone.

Table 4
Logistic regression testing association between prior knowledge and the model exploration strategies, and ANOVA of their cumulative ﬁtness score.
Prior knowledge component

NP exploration strategy (c2)

TP exploration strategy (c2)

VP exploration strategy (c2)

All exploration strategies F(1,83)

All
Submicro
Macro
Symbolic
Submicro/Macro
Symbolic/Conceptual model
Conceptual
Mathematical

6.36**
3.50*
3.51*
0.36
0.36
8.53**
7.67**
1.98

0.02
0.20
3.11*
0.14
0.40
0.15
0.10
0.01

0.19
5.43*
0.10
0.03
0.05
0.32
0.11
0.15

0.584
2.324
0.580
0.147
0.213
1.316
0.329
0.018

*p < .05.
**p < .01.

3.3. Model exploration strategies and learning
Independent samples t-tests relate the explorations’ ﬁtness and learning gains (Table 5). Small associations between exploration
strategies and learning are found. Fitness in NP exploration (and more weakly for VP exploration) is associated with learning more advanced
complexity reasoning: bridging of submicro/macro-levels. Less signiﬁcant, cumulative ﬁtness of the three explorations and ﬁt NP exploration is associated with overall learning gains, and, more speciﬁcally along the quantitative dimension.
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Table 5
Association between model exploration strategies and learning gains.
Knowledge component

NP exploration strategy (t-testa)

All
Submicro
Macro
Submicro/macro
Conceptual/symbolic model
Conceptual
Mathematical

1.76
%0.911
0.611
2.08*
%1.497
0.116
%1.728

(244)b
(241)
(232)
(258)
(227)
(249)
(222)

TP exploration strategy (t-test)

VP exploration strategy (t-test)

All explorations F(3,n%1)

1.01
%1.063
1.429
0.112
0.824
1.249
0.506

0.55
0.977
0.198
1.82
%0.022
%1.414
1.010

2.64
0.349
0.418
1.516
0.286
1.987
0.578

(222)
(178)
(212)
(225)
(202)
(230)
(201)

(264)
(212)
(258)
(280)
(254)
(268)
(246)

(81)
(66)
(78)
(81)
(76)
(85)
(73)

*p < .05.
a
Independent samples t-test.
b
n’s are in parentheses.

4. Discussion
The present study addresses two issues related to learners’ interactions with computer models of complex systems. One involves
advancing the ﬁeld of educational data mining by developing a method that associates inquiry actions with understanding. The second
concerns the relationship between conceptual and mathematical knowledge in a setting where students construct mathematical representations of complex chemical systems. Students interacted with three models and extracted data from them regarding two system-wide
variables. Their goal was to construct an algebraic equation that connects the manipulated and observed variables. Among the three
equations, two involved linear relationships and one involved an inverse relationship. Their choices in extracting such data were investigated and related to prior knowledge and learning. In the following discussion, we address the research questions, interpret the study’s
results, extend the literature on learning about complex systems and offer implications for educational data mining and the design of
learning environments.
4.1. Research question 1: what strategies describe how students explore computer models when collecting data with which they will construct
an equation relating the system’s variables?
This ﬁrst question focuses on describing patterns in students’ data collection strategies within unguided exploratory environments. We
had considered three possibilities. One is that the students would employ mainly a commonly taught strategy in science laboratories: vary
the independent variable at even increments. A second option is that no dominant strategy would evolve, as these interactions are unguided
and may be randomly distributed. A third possibility is that the students would space the data they collect so that it would capture the
functional change in the dependent variable and support extracting the mathematical equation. Overall, about half of the students’
explorations are well-adapted to the model’s mathematical behavior. More ﬁne-tuned, it was found that the three models elicit distinct
strategy distributions. For two of the three models – one involving a linear relationship (NP), and one an inverse relationship (VP) – the mode
strategy is one most ﬁt to capture the full range of change to the dependent variable. For the ﬁrst, an “even increments” strategy was most
commonly used (two-thirds of the students). As for the second model, many students (about half) displayed an “increasing increments”
strategy. However, for the third model that involved a linear relationship (TP), no dominant pattern is observed.
Thus the ﬁrst important ﬁnding is that students’ unguided exploration of models with the goal of constructing an equation is well-adapted to
portraying change for two out of the three models. Rather than randomly manipulating the model or using the commonly taught laboratory
strategy, in half the cases, students space the data they collected to support obtaining a scatter-plot that would provide the span and density
to help them conclude regarding the associated mathematical representation.
Why are the explorations of the ﬁrst model more ﬁt than the second? In the ﬁrst model varying the number of particles in the container, the
relationship between the two variables is linear. An inverse function describes the relationship between the variables in the second, volumevarying model. Inverse relationships among physical entities prove more challenging in a variety of domains (e.g. Bar, 1987; Nemirovsky,
1994; Stavy & Tirosh, 1999). Given many students’ greater difﬁculties with inverse relationships in comparison to linear relationships,
fewer students adapted their explorations to the second model’s mathematical behavior with respect to the ﬁrst.
Why are the results different for the third model, where no dominant exploration strategy is observed? All three models are used to explore
the effect of one variable (number of particles, volume and temperature) on the pressure exerted by gas particles inside a container. We offer
two interpretations for the “no pattern” result regarding inquiry actions in the temperature-varying model. One relates to students’ greater
difﬁculties in understanding temperature with respect to the other two variables. The other focuses on the model itself and greater challenges it may present in concluding about how the variables relate to each other.
People’s understanding of temperature has been explored in the domain of science education. Many high-school students tend to
confuse temperature and heat energy (Erickson, 2006; Tiberghien, 1983; Wiser & Carey, 1983), conceive of heat as a substance (Reiner, Slotta,
Chi, & Resnick, 2000), view heat and cold as separate entities rather than a continuum (Engel Clough & Driver, 1985), believe that
temperature is an inherent property of materials and differs among different materials and ﬁnd the idea of equilibration difﬁcult to
understand (Driver, Squires, Rushworth, & Wood-Robinson, 1994). Volume and the number of particles, the independent variables in the
ﬁrst two models, are quite straightforward and can be immediately perceived – volume as a bigger and smaller container, number of
particles as more or less dots on the screen – and no reports in the literature have shown students’ difﬁculties in understanding them.
Different from these two variables, the widespread difﬁculties in understanding temperature may provide the basis for confusions regarding
the mathematical relationship based on understanding this very concept.
A second interpretation focuses on the model itself. As previously described (Table 1), the changes to the model following manipulation
are distinct. For the ﬁrst two models – adding particles and increasing the volume of a container – once the student makes the change, its
effect is almost immediate. The student needs to focus only on the resultant changes to the system. However, in the third model, manipulating temperature requires attending to a more gradual process of equilibration. The container’s walls are ﬁrst heated (or cooled); then,
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moving particles may hit the wall and increase (or decrease) their speed; ﬁnally, through collisions with other particles – the energy is
redistributed until a stable temperature is reached. The challenge in observing change to the manipulated variable is exacerbated by the fact
that these are not three distinct steps, but co-occurring interactions that produce the change. Only following these three concurrent and
mutually dependent processes, does the pressure in the container equilibrate and the resultant changes can be observed. Thus, with respect
to the other two models, this model presents a more difﬁcult task in relating causes and effects in the system.
Given initial difﬁculties in understanding temperature and the greater challenge of following its change in the computer model it would
be reasonable that students’ strategies in making sense (both conceptual and mathematical) would be more varied and less focused than for
the relatively simpler relationships in the other models.
4.2. Research question 2: how consistent are the strategies students use in exploring the computer models in terms of ﬁtness to the models’
mathematical behavior?
Students’ consistency in adapting their data collection strategies to the model’s mathematical behavior was examined. Consistency was
found, with a third of the students using well-adapted strategies in both the particle number (N)- and volume (V)-varying models.
This points once again to the mindful way in which many students explored the models. Students that explored one model adaptively
explored the other one adaptively as well. Not only are many students adapting their explorations to the model’s mathematical behavior, but
they are also doing this consistently. Thus, examining the quality of students’ adaptation to the model’s’ behavior forms two groups: those
that conduct mathematically-astute explorations and those that do not. It would seem that the method developed in this study to portray
students’ inquiry actions is useful as a data mining metric. It taps onto a signiﬁcant difference among students in the strategies they employ to
interact with models when the goal is to quantify relationships. In the next section, this argument is continued as this distinction is shown to
reﬂect an understanding of the phenomena explored.
Regarding the lack of consistency in exploration of the temperature-varying model, the same difﬁculties described above (Section 4.1)
would counter consistency in students’ adaptation to the models.
4.3. Research question 3: how does prior knowledge impact students’ model exploration strategies?
This question turns to the possible impact of prior knowledge upon how the models are explored, asking whether ﬁt explorations may be
related to greater prior knowledge. Previous research has shown that learners with greater domain knowledge select more sophisticated
strategies in solving problems (Alexander & Judy, 1988), particularly in exploring models and simulations (Gredler, 1996; Hmelo, Nagarajan,
& Roger, 2000; Lazonder, Wilhelm, & Hagemans, 2008; Njoo & de Jong, 1993; Schauble, Glaser, Raghavan, & Reiner, 1991). In exploring
submicroscopic and macroscopic graphics of cell transport, it was found that students with high prior knowledge tended to focus on the
submicroscopic representations, those more critical to understanding the phenomena depicted; while students with low prior knowledge
observed the macro-level phenomena and transitioned among them; moved frequently between these and the submicroscopic representations and expressed more difﬁculty in coordinating these representations (Cook, Wiebe, & Carter, 2008). Liu, Andre, and Greenbowe
(2008) have found that students with higher level prior knowledge tend to use chemistry computer simulations mainly in a conﬁrmatory
mode after working out the problems with equations and formulas; while students with lower level prior knowledge tend to use the
simulations as a main resource to accomplish their tasks. Thus one would expect that students expressing greater prior knowledge would
perform a more efﬁcient search for information in the simulations.
What has been found in this study supports the above-described research and extends it: prior knowledge impacts interactions with the
model, however the particular qualities of such knowledge are distinct among the relationships explored. Thus, we offer a more discriminate look
into the kind of knowledge that guides explorations. It was found that only for one of the models, a general prior knowledge impacts the
strategies with which the models are explored – that varying the number of particles in the container (NP). It is interesting to note that
conceptual knowledge rather than mathematical knowledge are associated with the more ﬁt explorations. In some cases, while the goal of the
interaction was to extract a quantitative representation of the model’s behavior, conceptual and not mathematical understanding of the domain
guides the interaction itself. This ﬁnding is consistent with previous research that highlights the greater importance of conceptual knowledge
in understanding science and particularly chemistry, the domain of this study (Nakhleh, 1993; Niaz & Robinson, 1992). However, different
from these studies, it shows that when “quantitative” problems are posed in a way that requires active exploration in relatively open
environments, many students demonstrate a well-adapted connection between their conceptual understanding and their quantitative
problem solving. This points to the value of such challenging activities that engage students with creating mathematical representations and
not just applying externally provided equations. Previous studies into activities that engage students in constructing mathematical
representations of scientiﬁc phenomena are sparse and target more advanced undergraduate students (Bopegedera, 2007; Laugier & Garai,
2007). In this study, we show that not only do students succeed at such an advanced activity of creating algebraic representations; they also
harness their conceptual understandings in the process and connect the two forms of understanding.
When shifting to a more discriminate examination of the kinds of conceptual knowledge that support more informative explorations of
the models, a complex systems perspective is introduced. Items in the questionnaires were designed to address an understanding of gas
particles at the submicroscopic level, phenomena at the macroscopic level, mathematical representations and bridges between these forms
of describing the system. It was found that among the three models, students’ exploration strategies were impacted by distinct components of
prior conceptual understanding of systems. In the model varying the number of particles (NP), three components were associated with ﬁt
explorations: prior understanding of the submicroscopic level, the macroscopic level and bridging the latter with its mathematical
representation. More adaptive explorations of the temperature-varying model (TP) were associated with a greater prior understanding of
the macro-level phenomena. Fit explorations of the volume-varying model (VP) were associated with a greater understanding of the
submicro-level particles’ behaviors.
Interpretation of these results is tentative. There is not enough evidence in the study to corroborate and explain these ﬁndings. Further
studies such as a more detailed observation of knowledge, learning and interaction with such models could inform such an interpretation in
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a better way. The following explanations are based on comparing the three models with respect to two main features: the conceptual and
the mathematical challenges they present.
It was found that explorations of the model varying the number of particles were more tightly related to prior knowledge. With respect to
the other two models, this relationship is much easier, in that the scientiﬁc concepts are non-problematic and the mathematical relationship
is linear. More students explored this model efﬁciently and the kinds of conceptual understandings related to this efﬁciency are more varied
and relate to critical components of understanding systems: understanding of the two description levels and mapping the conceptual model
onto the mathematical one. Given the non-problematic aspect of this model, its exploration provides a clearer result regarding what it
means to understand the system. In fact, the one system-related component that does not impact the model’s exploration – relating the
submicro- and macro- levels – is associated with learning by those that conducted efﬁcient model explorations.
As described above, the concept of temperature is more challenging than the other concepts engaged with in the models. In terms of the
mathematical relationship – a linear one – it is easier. Thus, it seems that rather than understanding the mechanism at the particles’ level,
a more global understanding supports well-adapted explorations. It is possible that the conceptual challenge is too great for most students.
Efﬁcient explorations of the volume-varying model were supported by an understanding of the submicroscopic particles level. This
model presents a greater mathematical challenge, an inverse relationship; however, it is less problematic in terms of conceptual difﬁculty. In
this case, students were more apt to resolve how they relate to quantitative symbolic expressions by harnessing their understanding of the
causal submicroscopic level.
To summarize this section, prior knowledge does indeed impact model exploration when the goal is to quantify relationships; however
different components of this knowledge are important for the different models. Relationships between conceptual understanding and
model exploration are more tightly coupled when the model is less problematic both in terms of conceptual and mathematical understandings. When the conceptual model is less accessible, macro-level associations elicit more ﬁt explorations. When the mathematical
structure is more challenging, the deeper conceptual level is of impact on ﬁt explorations. These ﬁndings suggest a more discriminate view
of how prior knowledge and strategies interact, when these are compounded with additional challenges – conceptual or mathematical. As
a data mining metric, not only does the form of interaction with the models signify the efﬁciency of collecting data, but it also reﬂects prior
knowledge.
4.4. Research question 4: what associations can be found between students’ exploration strategies and their learning gains regarding the
related content?
Different from prior knowledge, learning gains are only weakly associated with how the models are explored. The one clear signiﬁcant
association is between more adaptive explorations of the model varying the number of particles, and learning to bridge the submicro- and
macro- levels, a critical component in reasoning about complex systems. This shows that when the model is relatively unproblematic in
terms of conceptual and mathematical understandings, more efﬁcient searches for information evolve into deeper understandings of the
system as complex.
It is important to note the weak associations with learning. One could consider an educational application such as teaching the students
how to explore models more efﬁciently. However, the weak associations between these strategies and learning preclude such an approach.
In the study, students were free to explore the model in any form they choose. Their ways of exploration were impacted by prior knowledge
but didn’t relate to learning gains. Therefore, these strategies, while indicative of understanding, should not necessarily be externally
structured. Contrary to this, it is proposed that supporting the development of conceptual knowledge would be of more value in advancing
students’ learning, an issue taken up in more detail in the following sections of the discussion. This study has found the association between
conceptual knowledge and ﬁt exploration strategies to be stronger, even when the mathematical relationship is challenging. Upon detection
of a students’ less informative model investigation, introducing interventions geared at gaining a greater understanding of the central
concepts would be more beneﬁcial towards advancing learning of the mathematical representations of the system.
4.5. General discussion
The discussion turns to the broader issues that have guided this study: the importance of understanding systems as complex, the
conceptual basis of mathematical understandings of systems, educational data mining in exploratory environments and applications to
educational settings.
4.5.1. Conceptual basis of a mathematical understanding of systems
One of problems raised in the introduction is the disconnect between conceptual and mathematical understandings of chemical systems
in typical problem solving situations. Previous research has found that many students can solve quantitative equation-based problems and
yet fail to comprehend the related conceptual model. In this study, we have seen that when quantitative problem solving is set in a more
constructive setting – having the students create the mathematical representations rather than only use them – a stronger linkage is found
between students’ conceptual model of the domain and their approach towards constructing a mathematical model. In fact, it is mainly the
conceptual and not the mathematical knowledge that guides such activity. Adding to our previous ﬁndings that many students succeeded in
constructing such equations (Levy & Wilensky, 2009b), it would seem that this activity is certainly beneﬁcial and possibly applicable to
additional settings of learning, where conceptual and mathematical understandings meet and interact.
4.5.2. Importance of understanding systems as complex
One central conclusion touches upon the importance of understanding systems as complex even when the goal is to quantify the
relationship between global properties. For two out of the three models, understanding the submicroscopic particles’ behaviors and
interactions was essential to making the search for information in the model pertinent to its macro-level mathematical behavior.
The proclaimed goal of exploring the model was to relate between two global variables, such as volume and pressure. In terms of
efﬁciency, it would seem that understanding the local behaviors of particles and their interactions is unrelated to obtaining this goal – one
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could reason about the system in terms of its general properties, associate them and attain the relationship among them. Yet results of this
study show that understanding local behaviors is critical in the search for global information. Given the above-described centrality of
conceptual understanding to strategic explorations of models and simulations (Section 4.3), it would seem that the kind of conceptual
knowledge that is critical to understanding is that connecting the submicroscopic level particle behaviors and interactions to the emergent
system-wide macro-level. Such reasoning makes up the heart of understanding complex systems (Wilensky & Resnick, 1999). In fact, in
creating the Connected Chemistry curriculum, our contention was that in the articulation of the submicroscopic behaviors, noticing and
expressing in speciﬁc and causal terms interactions at the molecular level, our view gradually expands to include local interactions and
emergent behaviors (Levy & Wilensky, 2009a). We have seen this kind of reasoning arise spontaneously among sixth-grade students as they
explained a social emergent phenomenon – the scattering of classmates in gym class as they prepare for calisthenics (Levy & Wilensky,
2008). Some of the students well described how local interactions and negotiations (e.g. making sure you do not hit each other, move
away if there is someone there) emerged into patterns in small groups (e.g. clustering). These very same students also had a deeper
understanding of the system as complex, expressing ideas regarding the stochastic nature of the individuals’ behaviors and equilibration
processes in the system. Blikstein and Wilensky (2009) have restructured an undergraduate level materials science course, in which
a multitude of equations is replaced with having the students construct agent-based models based on a small set of simple rules. Their
research has shown that students who are engaged with such a curriculum develop a deeper understanding of the central concepts in the
domain, and are able to identify unifying principles and behaviors across phenomena in the domain. The results of this study lend additional
support to the idea that a complex systems perspective provides accessible and deeper understanding of systems.
4.5.3. Educational data mining in exploratory environments
The developing ﬁeld of educational data mining seeks ways to extract information about people’s knowledge and learning in computational environments. This study provides a contribution in the less researched domain of exploratory environments. The students were free
to choose their style of exploration. It was found that this style was indicative of an understanding of the system explored. Moreover,
students were consistent in whether or not they adapted their exploration to the model’s mathematical behavior. These ﬁndings suggest
that this method of looking at the increments students use in extracting quantitative information from a model provides a metric for
knowing-in-action, tapping onto knowledge as expressed in problem solving strategies in an inquiry environment. It can be applied to any
learning environments in which models are explored to obtain mathematical relationships. Its application is also limited to models, where
students would have fewer difﬁculties with the scientiﬁc concepts behind the manipulated variables. In such inquiry environments, mining
students choices of data can suggest interventions to help improve learning. Based on the results of this study, it is suggested that contentbased interventions, geared at a deeper conceptual understanding would be of greater value than one that is procedure-based, on how to
conduct strategic explorations. For example, if a student is using a non-adaptive strategy, it may be useful to suggest some additional
conceptual support in obtaining a deep understanding of the basic scientiﬁc properties and concepts, the submicro- and macro- levels of the
system and how they relate.
4.6. Limitations of the study
While this study proves useful in developing our understandings of students’ mathematical and conceptual knowledge of systems and
how this relates to their exploration, it is also limited in a number of ways. One limitation stems from the way data mining was undertaken.
Using expert knowledge to presume what may be indicative of knowledge limits the possibilities to those that have been thought of.
Possibly a better approach would be to use a much larger set of variables related to the students activity and cluster the data to form the
labels on students’ behavior. Fewer assumptions may suggest a wider array of information and discovery.
4.7. Future research
Future research should address the differences among the models in the kind of prior knowledge that impacts inquiry. We have seen that
both conceptual and mathematical challenges may be related to differences in students’ strategies in exploring the models. This could be
tested more systematically in more settings, varying such features systematically. In addition, replication studies using the method with
additional models and systems would help understand how general the ﬁndings are and whether they can be applied across different
models and content domains. Finally, based on the method developed in this study for examining students’ mathematical understandings of
complex systems, the efﬁcacy of adaptive supports in promoting conceptual understanding when model explorations are found less ﬁt may
be tested within computational model-based environments.
5. Conclusions
This study has investigated students’ exploratory actions with computer-based multi-agent models when their goal is to construct an
equation. More speciﬁcally – the data they collected and its spacing was used to determine their expectations regarding the model’s
mathematical behavior. It was found that conceptual knowledge of the fundamental causes underlying the system’s behavior impacts these
strategies. This suggests that engaging students in constructing symbolic representations may provide a bridge between frequently
disconnected conceptual and mathematical forms of knowledge.
This study contributes towards the development of methods in educational data mining that may support detection of knowledge-inaction and suggests ways that may be more beneﬁcial to support deeper learning. In designing for learning about complex systems through
exploring models, the data mining method presented in this study can be used to capture students’ exploration strategies. In this way, their
conceptual understanding can be tapped into via action-based forms of expression, complementing detection of verbally expressed
understanding. Using such ﬁne-tuned means of detecting understanding may be used to support appropriate interventions for further
learning. Moreover, appropriate supports suggested by this study are conceptual, rather than strategic, particularly based upon a complexity
perspective – understanding simple micro rule-based behaviors as generating global patterns.
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