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Abstract: A chronic problem in engineering education is that students’ knowledge is 

superficial, fragmented, and ungenerative. I embark from the conjecture that these 

shortcomings result from cognitive discontinuity between intuitive forms of sense-making that 

deal with objects and actions and algebraic formulas traditionally used in this discipline. I 

propose and that a new form of representation, agent-based models, may offer greater 

cognitive continuity from sense-making to disciplinary knowledge. Study 1, an analysis of 

textbook content and lecturer practice, confirmed the cognitive-discontinuity conjecture by 

implicating the epistemic challenges of converting sense-making into formulas. Study 2 was a 

longitudinal evaluation of an agent-based, complementary curricular unit for materials science 

undergraduates. A micro-ethnographic case study of one student’s progress through this unit 

documents the challenges and achievements of appropriating the agent based perspective as 

means of empowering sense-making. 

Introduction 
Representations are not benign curators of content. Rather, the medium in which knowledge is encoded may 

profoundly affect its message. It took a vast body of twentieth century scholarship in semiotics, philosophy, 

anthropology, and cognitive sciences to arrive at this counterintuitive thesis by which representations are far 

more than impartial containers for transferring abstract ideas (Brock & Price, 1980). Wilensky and Papert (2006) 

illustrate this relation between knowledge encoding and generativity by evoking paradigm shifts in the history of 

numeral systems. Consider the task of using Roman numeral to do multiplication. This task is so challenging 

that, in ancient Roman times, only a very specialized caste of workers, “professional multipliers” with years of 

training, could perform it. That multiplication would one day become a normative goal for all elementary-school 

children would have appeared ludicrous to the Romans, because their notion of what multiplication is was 

vested in its cumbersome semiotic system. Yet what multiplication is was irrevocably transformed with the 

advent of Hindu–Arabic numerals and the place-value system and, with them, the prospects of democratizing 

multiplication (see also diSessa, 2000; Kaput, Noss, & Hoyles, 2002). 

Restructurations (Wilensky & Papert, 2006) of such epic epistemic magnitude occur in science, too. In 
particular, computational representations of phenomena are deeply transforming scientific practice (Oden et al., 

2006). The redescription of natural phenomena via new ontologies is challenging knowledge encoding schemes 

previously taken for granted and consequently reorganizing discipline-based theory and practice (Kaput et al., 

2002; Wolfram, 2002). Implicated in this current paradigm shift is a new domain of research, complexity science,

which is changed what is being researched as well as the nature and knowledge this research is generating. The 

essence of the epistemic revolution is in focusing on micro-behaviors, emergent properties and stochasticity of 

natural and social phenomena, thus complementing or replacing the traditional emphasis on equational, 

differential, and deterministic modeling (Ioannidou, Repenning, Lewis, Cherry, & Rader, 2003; Wilensky & 

Resnick, 1995).  

Learning sciences researchers have examined the cognitive and pedagogical affordances of complexity 

science methodology in STEM education (e.g., Chi, 2005; Hmelo-Silver & Pfeffer, 2004; Jacobson, 2001; 

Jacobson & Wilensky, 2006), and whereas a number of studies have evaluated the prospects of introducing 

complexity as a new content area at the elementary (Danish, Peppler, & Phelps, 2011), secondary (Levy & 

Wilensky, 2009), and university levels, few studies have evaluated the utility of restructurating traditional 

engineering content via principles and methodologies of complexity. In this paper, I will focus on materials 

science as a content area, where agent-based modeling is widely used by experts. As I will demonstrate via 

interpreted ethnographic observations, although expert sense-making of material science phenomena is 
essentially agent-based, their inscriptions and documents make this sense-making process opaque to their 

students. During lectures, material scientists’ agent-based sense-making is manifest in their semiotic practices, 

most emphatically in narratives, sketches, and gestures they employ in order to communicate to students aspects 

of “the phenomenon itself.” Yet immediately the lecturers leap to a parallel system of practice involving the 

production and manipulation of symbolic inscriptions—equations describing the same phenomenon – and they 

are regarded as the “official” representational form, and what students are supposed to “really learn.” As such, 

inherent yet undisclosed in expert practice is the recognition that agent-based narratives of materials science 

processes better enable learners to grasp the essence of phenomena, yet that these ultimately are second-class or 

naïve epistemic forms.  
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The current study is part of a larger research program that seeks to fill this gap in the literature by 

exploring the potential of restructurating existing college-level engineering content via epistemic practices of 

complexity science, including a re-taxonomization of the curriculum highlighting common micro-mechanisms 

across several different phenomena. In particular, this paper explores two research questions: (1) What are 

experts’ standard forms of content representation apparent in their multimodal discourse (utterance, gesture, 

inscription) during course lectures, and to what extend they use micro-mechanisms and principles of complexity 

science in their representations?; (2) Do students who design and build computational models in alignment with 

experts’ forms of content representation develop new forms of reasoning that are more productive in 

approaching familiar and unfamiliar phenomena? 

Methods 
The project was conducted in the design-based research approach (DBR). In particular, iterative cycles of design, 

implementation, and reflection generated empirical data whose analysis informed the development and 

refinement of theoretical models as well as improvement to the design (Collins, 1992; Confrey, 2005). DBR was 

selected as a suitable approach since I wished to investigate the experimental intervention in the actual context 

for which it was designed, an ongoing materials science college course, so that my data would authentically 

reflect the complexity of instructional practice. 

This study was part of a larger project in which 18 volunteer students from one sophomore materials 

science classroom participated in model-building activities, pre/post semi-clinical interviews, and questionnaires 

(Blikstein, 2009). The data are divided into two main parts. Part A: classroom observations and materials 

collected during a ten-week period of a materials science course, “Microstructural Dynamics.” I recorded, 

transcribed, and coded classroom episodes, collected handouts, homework, and textbooks, and kept a time-
stamped log of all equations, plots, drawings, and other materials instructors used during the lectures. Part B: 

materials collected as I worked with students in the course. I facilitated a three-week classroom assignment in 

full coordination with the lecturer. The outcome of the assignment was a computer model, a written report with 

a description of the algorithm, and an account of its validation with published data. I met each participant 

multiple times every week in videotaped sessions of 30-45 minutes. Sessions were individual, in the form of 

semi-structured, task-based tutorial sessions, during which students would simultaneously advance their 

modeling project and learn about the modeling language. In Year 2, I conducted 20-minute follow-up interviews 

with the participants, asking content-related questions and engaging in simple modeling tasks. The classroom 

observations and materials (part A) were analyzed categorizing different explanatory episodes accordingly to the 

prevalent representational infrastructure (“agent-based” or “equation-based.”) 

For the work with students (part B), in order to measure for any conceptual change resulting from the 

intervention, I collected field notes, conducted pre- and post-interviews and administered questionnaires. In

particular, these instruments were designed to evaluate (a) knowledge about common content topics, (b) the 

identification of common micro-mechanisms across phenomena, and (c) their usage when articulating 

explanations about known and unknown topics. To elicit narrative about micro-mechanisms and their 

articulation, I created the “paper modeling” instrument, which consisted of computer modeling tasks done on 

paper. For example, I would ask students to draw on paper the user interface of their computer models, the 

elements of the simulation, and to subsequently ‘animate’ the elements on paper using verbal explanations, 
arrows, multiple colors, or frame-by-frame representations. 

The corpus of data, including videotapes, student artifacts, and computer-interaction logs, informed a 

qualitative microethnographic analysis of participants’ multimodal behavior  (Nemirovsky, 2011; Siegler & 

Crowley, 1991). In line with the study objectives, I especially sought to identify relations between, on one hand, 

the construction and mobilization of dynamical virtual representations and, on the other hand, evidence of 

conceptual change engendered via these activities. In this paper, I focus on one student for an in-depth case 

study, selected as paradigmatic exemplar of prototypical cognitive shifts observed throughout the study. The 

goal of this extended case study is to generate thick, rich descriptions (Geertz, 1973) of participants’ experience, 

not necessarily to determine the particular causal mechanism, or try to “establish a basis for deterministic 

predictions in other subjects or circumstances” (Nemirovsky, 2011, p. 316), but to offer evocative accounts of 

how students experienced the modeling activity. 

Results and Discussion 
This paper investigates an alleged misfit between intuitive understanding and formal representation in the 

domain of materials science. This misfit would be substantiated if we could witness broken chains of 

signification from simple language concerning a phenomenon itself to its algebraic re-modeling. For example, 

we would witness discontinuity in discursive reference—what a text is talking about—as the text shifts from 

intuitive to formal register. If indeed these broken chains exist, they could be embodied in a variety of texts, 

such as a lecturer’s oral presentation, course textbooks, and student argumentation. In the first part of this 

section, we will demonstrate these broken chains in lectures and textbooks. The second part contains data from 
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an extended case study about one student, Mike, who participated in an alternative curricular unit in which he 

authored and ran agent-based models of materials science phenomena. 

The Invention of the “Average Atom”
The classroom data revealed that current instruction heavily relies on equation-based representations. On 

average, during a 30-minute class period, students were exposed to as many as 12 unique equations 

(approximately 2.5 minutes for each equation; all this, not counting intermediate steps in a derivation).

Instruction consisted in a dense, linear narrative, in which sequences of equations and analytical expressions 

were the main content “pieces,” with occasional use of aids such as plots, photos of atomic structures, diagrams. 

In related work, I have shown that this linear narrative, based on the unpacking of these myriad equations, 
resulted in students’ superficial, fragmented, and ungenerative understanding (Blikstein, 2009; Blikstein & 

Wilensky, 2009, 2010). In particular, this “equation overload” impeded learner engagement in deep sense-

making as evidenced in their subsequent failure to reconstruct with understanding these sequences of equations. 

However, embedded within this formal, explicit portrayal of materials science as an equation-based practice, I 

detected an informal, “clandestine” grounding of the discipline in agent-based sense-making. In particular, 

instructors’ initial utterance and gesture, as they described a phenomenon to students for the first time, connoted 

that “sense was made” at the atomic level, yet they inscribed it algebraically in formulas. The instructors 

appeared to appreciate an epistemic discontinuity between agent-based and algebraic structurations, and offered 

heuristics for converting between these two semiotic registers. Yet students were confused and frustrated by 

these heuristics, which not only required highly sophisticated mathematical machinery but black-boxed the very 

intuitions that had made the agent-based register more generative in the first place. The same pattern of 

epistemic discontinuity, which I observed in the lectures, can be readily implicated in the textbooks 

accompanying the course. In what follows, I substantiate the above characterization of current instructional 

practices with excerpts from the official textbook and transcribed lectures. We begin with two selections from 

Phase Transformations in Metals and Alloys (Porter & Easterling, 1992). The first selection is from a chapter on

crystal growth (note that “grain” is one of the technical term for “crystal,” and used in many of the 

transcriptions). The following text offers an agent-based description of one crystal as it grows through the 
migration of atoms from neighboring crystals. 

The second selection is from a chapter on diffusion, describing the random walk of atoms within the material. 
104  Normally an atom in a crystal oscillates about a given site and is surrounded by 

neighboring atoms on similar sites. Normally the movement of an atom is limited by 

its neighbors and the atom cannot move to another site. However, if an adjacent site 

is vacant it can happen that a particularly violent oscillation results in the atom 

jumping over on to the vacancy. 

105  
106  
107  
108  

These excerpts demonstrate that the authors’ use micro-behaviors so as to introduce crystal growth, diffusion, 
and solidification. In line 101, the atoms “detach themselves,” and in 104-107, an atom “oscillates” and “jumps 

over,” if an “adjacent site is vacant.” Lines 105-108 essentially describe the canonical agent-based model of 

solid diffusion. These textbook introductions, which relied heavily on agent-based language, were mirrored in 

the instructors’ discourse during lectures about these same phenomena, in which instructors would first present 

agent-based narratives (and also gesture individual atoms moving around, colliding, and “jumping” from one 

crystal to another) and then rapidly “plunge” into differential equations – asking students to forget the 

“agentified atom” and consider the “average atom,” embedded in a mathematical variable – in which the micro-

behaviors are backgrounded. This “brutal” conversion from image to symbol—the very crux of students’

learning challenge in this unit—happened in a mere few seconds, leaving students with few resources to 

reconstruct the conversion, thus departing from their intuitions about the behaviors of the atoms, moving from 

sense-making to “formula-making.”

Previous conceptions and model building 
Materials science experts, it appears, make sense of phenomena at the atomic level (level of mechanism) but 

inscribe at the macroscopic level (level of formalization). Plausibly, then, materials science novices, too, should 

make sense at the level of mechanism and inscribe at the level of formalization. This section presents a

microgenetic account of the data suggesting problematic consequences of this epistemic model of building 

expertise for student reasoning in the disciplines. Specifically, I will present a case-study analysis of one student 
who reasoned about a particular materials science phenomenon from both agent-based and equational 

perspectives. The data analysis will be guided by six dimensions, which with I interpret students’ transcription: 

macro vs. micro, static vs. dynamic, morphological vs. structural, grounded vs. ungrounded, analogy 

identification, and mechanism estimation. The macro vs. micro dimension refers to the idea of levels – for 

example, atomic (“the atoms are moving faster”) versus aggregate (“the liquid is heating up.”). The dynamic 

101  […] the atoms in the shrinking grain detach themselves from the lattice on the 

high pressure side of the boundary and relocate themselves on a lattice site on 

the growing grain.  

102  
103  
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versus static dimension refers to students describing the phenomena as a snapshot (“the atoms are organized into 

a crystal structure”) or as an unfolding process (“the atoms in the structure are vibrating and moving”). The 

morphological versus structural dimension denotes students mentioning the form (“the crystals are round and 

small”) rather than the deeper physical structure (“the crystals are just regular arrangements of atoms”). A 

grounded explanation (note that the term grounded can have many different uses in the literature) is one that 

refers to a general trend – for example, “materials want to go to their lower energy state,” or “atoms are trying 

to minimize their energy.” Mechanism estimation builds on work on mechanistic reasoning (Russ, Scherr, 

Hammer, & Mikeska, 2008) and points to students’ ability to induce the mechanism behind a particular 

phenomenon with partial information. The data in this subsection are divided into three main episodes: (a) a 
summary of the Mike’s interview, prior to the modeling assignment; (b) an interaction with the teaching 

assistant during the modeling assignment; and (c) a follow up interview, one year later. 

First clinical interview

In the first round of clinical interviews I conducted with students, I quizzed each on materials science content 

they had studied one week prior, including grain growth and recrystallization. I found that even with all the 

study materials at hand, these students struggled on conceptual items (Blikstein, 2009; Blikstein & Wilensky, 

2009). Specifically, whereas the students possessed at hand all the “pieces” they had studied—micro behaviors, 

macro behaviors, engineering laws, practical heuristics, and analogies—they appeared to lack the sense-making 

“glue” that would compile this list into a coherent cognitive structure in the form of a relationally coherent

narrative (diSessa, Gillespie, & Esterly, 2004). Conversely, students would merely recite back equations. In 

general, I attribute these difficulties to two strategies: (a) recalling ungenerative heuristics employed at the 

macroscopic level of the phenomena and not at the level of the mechanism, which is microscopic, and (b) 

inferring similarities at the macroscopic level (equations, shapes, appearance, morphology) and not at the level 

of mechanism and deep structures (Clement, 1993). In summary, these data suggests that students try to draw 

similarities between phenomena and infer mechanisms of new phenomena not by examining possibly 
correspondences of micro-behaviors, but by looking at aggregate aspects that oftentimes were just coincidental. 

For example, in his pre-interview, Mike considered crystal growth and recrystallization as equivalent 

phenomena because he identified circular shapes (a similarity trigger) growing in both, ignoring that the micro-

behaviors were considerably different. Therefore, when tasked with “guessing” the mechanism (mechanism 

estimation task) driving a new phenomenon, he would depart from the macro-morphology instead of structure. 

Present instructional methods, based on equational, aggregate descriptions, do not address these issues. 

Mike’s Model Building
A productive approach to the analysis of science learning has been to articulate sense-making as linking specific 

elements of a given display, such as a diagram or algebraic expression, to specific aspects of the phenomenon it 

represents (see, for example, Sherin, 2001). A remaining question, however, about the nature of the early 

explorative work that subsequently yields the more sophisticated linking. The following excerpts from Mike’s 

model building process can be particularly illuminating. The analysis will focus on Mike’s guided cognitive 

process, by which he built macro-to-micro connections via assigning new meanings to elements in his model. 

A week after the initial tutorial, Mike chose recrystallization as the phenomenon he would model for 

his assignment, and we had the first programming session. During the session, Mike developed a simple model 
that began by instantiating multiple circular particles on the screen and then made them all grow according to 

the known recrystallization formula. When Mike ran his simulation, he witnessed that it generated the behaviors 

he had intended: the circles grew on the screen, but he realized a fatal flaw. As the circular particles grew, they 

began to overlap, so that a simple summation of circular areas would clearly overshoot the calculation of the 

amount of material recrystallized, which was the outcome of the model. We studied the geometry of the problem 

for a long time to develop an equation that would account for the overlapping area, but it turned out to be a non-

trivial problem. But then Mike had an insight: “Well, if you had a grid, couldn’t it count everything that has one 

thing over it, it could count as one, everything that has two things over it, it could count as zero?”

Mike deduced that if he were to model the screen as a grid and inspect the state of each patch within 

that grid, he would be able to circumvent his calculation challenge: every patch could look “up” and see how 

many particles were over it. This insight was a fundamental departure from his previous algorithm—it was the 

first time he considered dividing the system into smaller elements, albeit still just as a counting tool. Importantly 

for my thesis, Mike began shifting toward a new model of the phenomenon under inquiry via a mundane “fix” 

to pragmatic problem: his “micro” breakthrough resulted from “macro” breakdown as mediated by a particular 

representational system. More intriguingly, we will now witness how this “technical” solution evolved into a 

cognitive model, as iconic elements took on the semiotic burden of phenomenal elements. I explained to Mike 

the idea of patches in NetLogo and showed him examples. But then he proposed an even more radical change:
“Would it be easier to just, instead of just creating all these recrystallized areas, with circles, would it be easier 

to just create them with the patches?” I explained the right commands, and he continued: 

Transcription 1
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201 Mike: I mean, just set them to different colors, like, ask patches [types 

the code] I don't even know if this will work. Hum. If you “ask patch 

at random xcor...,” ask them to set patch color blue. So, if you want 

to increase the radius, you are going to set more patches adjacent to 

them to be larger… Are the patches aware of the radius around them? 

Hum, I'm asking the patches that are already blue, initially, I'm 

going to ask them, oh, that's going to be a problem… 

    

202      

203      

204      

205      

206      

207      

Mike’s algorithm was simple and effective. He would start with a user-defined number of random seeds, and 

then make them grow while there still was unrecrystallized material (white patches, see Figure 1) around them. 

The code initially locates a non-white patch and asks it to do the following: look around yourself; if there is a 

white patch around you, “expand” yourself into that patch (i.e. set that patch’s color to be your own color).

Figure 1. Mike’s new patch-based recrystallization model 

In just some minutes, Mike transitioned from traditional representations in engineering classrooms 

(equations, heuristics, macroscopic descriptions) to an agent-based representation. As we track his transition, 
there is also a clear shift in epistemological resources employed. Before the interaction with the agent-based 

model (see “First clinical interview”) “knowledge as propagated stuff,” and authority-based explanations 

(Hammer & Elby, 2003) are more common. In the end, those resources are replaced almost entirely by 

knowledge as “fabricated stuff,” “free creation,” or “direct perception”—all being resources more related to the 

practices of inquiry and discovery. As Mike switched to this new representation, he also mobilized his own 

connections to the domain. Before the ABM model, when he was examining the phenomena from a 

macroscopic/morphological perspective, he could not inspect the formalization (equations, heuristics) in a way 

that would give him new insights. After the ABM, conversely, he was generating new ideas about behaviors just 

based on the available information, and even finding ‘bugs’ in his own reasoning. 

After this first tutorial session, he successfully completed his ABM model and report on 

recrystallization. But for the purposes of this paper, I will now skip one year ahead to Mike’s return interview. 

In this interview, I was interested in evaluating out whether or not Mike retained—and could possibly still 

leverage—his insights and representational shifts, which I just described in this section. 

One Year Later

One year following the modeling session described above, I conducted a set of interviews with the study 
participants as well as with a comparison group (see Blikstein, 2009 for an analysis of the comparison), and 

Mike was one of the self-selected individuals who volunteered to return for the interview. The goal of this 

follow-up interview was to evaluate the study participants’ recall of the agent-based heuristics. 

For the following analyses, I will introduce the idea of a ‘representational element’ and of ‘plausible 

interaction schemes.’ Representational elements are any graphical symbols used in ‘paper modeling’ tasks—for 

example, a circle representing a particle or a rectangle illustrating a container. Plausible interaction schemes are 

physically-viable modes of interaction between these elements. At first, Mike was presented with the task of 

planning and “thinking-aloud” a computer model of solidification, initially on paper. This model’s required 

components were primarily a liquid metal inside a container. “Solidification” was understood as the process by 

which the liquid would transform into a solid due to a drop in temperature along the container walls. Mike 

begins his explanation by drawing an empty square (the container) and “assuming it was homogeneous.” This 

cursory assumption expresses a macroscopic, equation-based encoding. The macroscopic homogeneity and 

symmetry are typical starting points of differential models, due to the relative ease in building and solving for 

symmetrical/homogeneous situations. He then draws four arrows, each attached to one of the walls (see Figure 2, 

left), and states that “the solidification comes from the walls.” He adds that by knowing the temperature inside 

and outside the container, one could determine the solidification rate. After this initial description, he is left with 

three initial representational elements: (1) an empty rectangle, (2) the outside of the rectangle, (3) the inside of 
the rectangle. Seeing the phenomenon through these three representational elements, the combinations of 

plausible interaction schemes would be: (a) a flux (of energy, or matter) from the inside of the rectangle to the 

outside, or (b) vice versa, and (c) both regions would be at equilibrium. Then he attempted to build an 

equational relationship of the speed of the process: “by the difference between temperature outside and 

temperature inside, […] you will be able to determine the cooling rate”. Finally, his model ends when the 

system is at equilibrium, once the rectangle was “filled” with solid and the system stops.

Mike’s solidification model was correct, but bears little insights into the actual mechanism of 

solidification. Actually, his explanation followed a much-repeated method in engineering classrooms: (1) 

represent a phenomenon in terms of symmetrical, differentiable terms, (2) define initial and final states, and (3) 
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hypothesize a prototypical path – linear, exponential, quadratic, etc. However, as I showed earlier, there is an 

earlier phase in experts’ sense-making process: examining micro-behaviors and make approximations to 

transform them into differentiable mathematical elements, which Mike skipped, and was apparent in the next 

step of the task. So far, I showed how the macroscopic approach determined the way Mike represented his 

solution, and how that representation left him with plausible interaction schemes that did not afford insight into 

mechanism. This is further confirmed by my next question, when I asked him about modeling the opposite 

phenomenon – solid turning into liquid. His answer was that the system would simply “go the other way,” 

gesturing to show that there would be liquid coming from the walls until the whole container was filled with it. 

In other words, the process was also symmetric in terms of running it “forwards” and “backwards.” Thinking 
about the reverse phenomena did not elicit any new insights into the process. I will return to this issue after the 

next episode to compare what happened when Mike was embarking in agent-based sense-making.  

Episode 2. An interesting turn of affairs then took place, when I next prompted Mike to recall the 

NetLogo model he had built a whole year prior. Mike’s second explanation, just seconds after the first, was 

significantly different from it. Once Mike recalled his agent-based model, he set out with a different 

representational stance: a rectangle divided into a grid with particles in it. Onto the grid, he added a layer of 

‘solid’ by shading one row of patches thus rendered immobile (Figure 2). His next step was to create the liquids, 

and assign them a “fairly random velocity and direction.” This time, solid and liquid were not represented as 

continuous invisible entities but as two categories of micro-entities belonging to the grid. Having created three 

types of representational elements (two types of particles and a wall), Mike’s plausible interaction schemes

became considerably different than in the previous case: (a) particles would move; (b) particles could collide; (c) 

particles could hit the walls of the container. These potential interaction schemes, in turn, gave rise to verbal 

articulation, for example, “For the liquid atoms, when they hit each other they could […] have a term for 

sticking to each other […], so when it is stuck, it would just be there, and join the solid.” As we will now discuss, 

microscopic views bear further affordances. 
 

                                            

Figure 2. Mike’s drawings of his solidification/melting models; equational (left) and ABM (right). 

Episode 3. This third and last episode will shed more light on the process of mechanism estimation and 

show how reasoning at the level of agents can give students powerful tools to understand yet unknown 

phenomena. Let us examine what happened when I asked Mike, again, about the opposite phenomenon: 

liquefying the solid metal. 

Table 1: Mike’s “Paper Model” for the melting phenomenon.

[a] so for these ones on the edge, 

I guess I would give them a 

random kind of vibrational 

energy based on the temperature 

next to them,

[b] and then give them a set 

energy that they need to break 

off of this,

[c] so as their temperature 

increases, they will have a 

greater chance of breaking off 

and heading off to the solution

[d] As it goes eventually they all 

go into the solution.

Recall that Mike’s equational explanation for melting had been a straightforward reversal of his 

equational explanation for solidification. From an agent-based perspective, however, his new algorithm was not 

a reversal of the old one. The mechanism for the “liquids” to stick to the “solids” (collision) was fundamentally 

different than the “solids” melting (vibrate and detach). This provides further evidence of the generativity of the 

second approach, which led Mike to generate a new mechanism by just rearranging the elements of the previous 

model. Note that then his estimation of mechanism was quite different from before. In the macroscopic, 

morphological paper model, his explanation had been based on a prototypical function that, given a set of 

parameters, simply returned the ‘result.’ Albeit obviously useful for engineering practice, the process of inquiry 
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into this function did not elicit in Mike new insight into mechanism or any interaction schemes that would lead 

him to dive into what was ‘under the hood’ of the phenomenon. This is not to say that this engineering heuristic 

is not powerful, but in materials science, where the fundamental mechanisms of interest take place at the 

microscopic level, structure matters more than morphology, dynamicity is more important than static processes, 

the atom outplays the aggregate. Those three dimensions are what enable students to identify meaningful 

similarity triggers so as to conduct coherent mechanism estimation. 

Conclusion 
As technologies and instrumentation evolve, so do representational systems. How we encode knowledge is at 

best a portrait of the tools available to scientists. At the same time, as Mike’s comments illustrate, how we 

encode knowledge may also hold us captive in historical ways of seeing and thinking. This paper suggests misfit 

or discontinuity between intuitive understanding and formal representation in materials science as well as the 

potential of agent-based modeling as a means of ameliorating this misfit. Central to the first goal was the 
identification and analysis of broken chains of signification from a phenomenon, via simple language, and 

through to its algebraic reformulation. Namely, by analyzing a lecturer’s oral presentations, course textbooks, 

and student argumentation, we have witnessed extant discontinuity in discursive reference, as materials science 

“texts” shift from intuitive to formal registers. My analyses of the empirical data also revealed how that 

discontinuity happens, and its implications. Yet, I suggest that the informal–formal dichotomy, which traditional 

curricula have handed us down as an axiom of engineering pedagogy, in fact need not map onto an intuitive–

unintuitive dichotomy: formal semiotic systems in science and engineering can and should be intuitive. To 

evaluate the potential specifically of agent-based modeling as a more intuitive representational, I compared for 

differences in how students make sense of the same phenomenon with or without the agent-based epistemic 

lenses. I examined an alternative curricular approach by which I eschewed the algebraic formalization entirely 

and, instead, explored the potential of formalizing phenomena in computer-based propositions that express 

agent-based observations/intuitions in the form of procedures. As we witnessed through our case study, agent-

based language attempts to re-evoke rather than revoke the subjective experience. 

However, the project here is by no means an agent-based call to abolish algebra. Algebraic expression 

enables practitioners to calculate, predict, and generalize—actions that are all central to the practice of science 

and engineering. The concern is, rather, that students sustain a sense of grounding—that students know what 

formal expressions are about, what they mean with respect to the objects and processes they are studying, how 
they refer to the elements and mechanisms whose cumulative interactivity gives rise to the macro-phenomena. 

Indeed, our case study as well as the entire corpus of data point to the cognitive and epistemic advantages 

of agent-based modeling for this target content. Using ABM, students stand a better chance to make sense of 

and recall the phenomena they study. Moreover, they develop and later apply a new set of heuristics for 

reasoning about other phenomena that traditionally “belong” in different curricular units yet, it turns out, share 

in structure and function. That is, we have witnessed students linking productively among several phenomena 

that according to traditional taxonomy are ontologically disparate. As such, this study concurs with Jacobson 

and Wilensky (2006) to question the epistemic consequences of extant curricular taxonomy. 

Perhaps showing these affordances is the inferential power that agent-based perspectives bear as 

compared to macro, equation-based models. To examine this difference, I created two analytical constructs. The 

first, which I called similarity trigger, refer to aspects of a system that trigger the identification of similarity—

shape, color, mechanism, speed. Those triggers can be microscopic or macroscopic, structural or morphological. 

The second is mechanism estimation, which refers to the ability of infer mechanistic explanations with 

incomplete information. For example, when students identify similarity triggers at the level of mechanism, they 

can more easily use that perception of similarity to inform the discovery of a new phenomenon, since the 

atomistic behaviors are normally invariant across phenomena in materials science. Unequipped with an agent-

based view students are liable to establish similarities that are misleading, taking into consideration shape, color, 
geometry, or other macroscopic or morphological aspects. From the agent-based perspective, a student can grasp 

the core mechanism of each phenomenon and connect them across content topics (see Markman & Gentner, 

1993 on determining structural alignment as a prerequisite for successful judgments of similarity). Wolfram 

(2002) has suggested that the advent of agent-based modeling should revolutionize humanity’s obsession with 

algebraic formalisms, which have constrained the scope of science to a small part of the vast spectrum of natural 

phenomena. Agent-based modeling is a viable candidate for empowering intuition; for working with, rather than 

against, human’s natural vision and reasoning.
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