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Models and Simulation Inside and Outside of the Mind: An Approach to Science Education 

 

A culture’s social progress depends on the scientific literacy of its people. Scientific literacy, 

in turn, depends heavily on educational practices in the classroom. Yet, there is a long history of 

educational researchers calling for reform of traditional approaches to scientific education (DeBoer, 

2000) in light of fears over low national science literacy scores (Gardner, Larsen, Baker, & 

Campbell, 1983). These concerns are evident in attrition rates in STEM fields (Chen & Soldner, 

2013), rankings in multinational assessments of science understanding (Kelly et al., 2013), and poor 

interest and attitudes in student self-reports on science courses (Osborne, Simon, & Collins, 2003). 

One major approach to science education reform has been to note the importance of modeling and 

simulations as key methods used by scientists to represent scientific theories to each other. The 

ubiquitous role of modeling in scientific practice might suggest a similar role in classrooms. 

While the benefits of classroom use are often discussed, models and simulations are glaringly 

absent from classroom practice or are present in an oversimplified form. From a cognitive 

science perspective, there is a large line of research that explores not only how people reason 

using external representations of models, but that also analyzes the analogous internal 

representations people may use to capture the structural, causal, and dynamic processes that 

guide reasoning. This paper will take the approach of examining how scientists think in practice 

to provide insights into how students might reason similarly in classrooms. Using model-based 

reasoning as a framework for how people use their internal and external reasoning (Nersessian, 

2008), the paper will then turn to research in the learning sciences to explore how this 

understanding may be applied to learning, conceptual change, and educational tools for the 

classroom. It is important to note that while this paper emphasizes the importance of model-

based reasoning in education, the approach is not a cure-all for educational woes. No single 
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approach can solve all problems, but the significance of this approach should not be understated. 

Further limitations come from the vast number of theories within cognitive science that have not 

reached any consensus. These limitations, while noted, do not hinder the position that cognitive 

science is in to provide insights into educational reform for science classrooms.  

External Models 

Scientific explanation often begins with reality and ends in computational simulations 

through a series of intermediary steps (Fig. 1). This is an oversimplified account, but allows for 

initial definitions and progression before concluding on a more complete view.  

 

Reality System Model  Simulation 

Figure 1. A simplification of explanatory steps in scientific investigation.  

 

Reality and Systems 

The nature of reality is a deep philosophical concern. Here we can define reality as the 

world that exists outside beliefs. Systems then are a simplifying representation of reality. They 

are the subjective boundaries that people draw around objects and processes of interest. Systems 

are representations because infinite possible variables lead to infinite possible systems, and 

choices must be made. Therefore, systems are abstracted through the inclusion, exclusion, and 

simplification of particular part of reality. For example, describing a nervous system can include 

various levels of details. One might include brains, as a part of a system, but abstract out neurons 

or ion channels, pieces which may be systems in their own right. To resume, researchers have 

attempted precise definitions of systems (see Meadows, 2008). For our purposes they are 

phenomena of interest in reality with various elements related causally, spatially, and 

dynamically. Put simply, systems abstract or idealize reality for pragmatic reasons.  
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Systems and Models  

Systems represent parts of reality, and models represent systems. Many animals, including 

humans, likely represent some form of a mental model of their environment. Mental models 

allow predictions which may have played an important adaptive role.  On the other hand, humans 

uniquely create external models of systems through language, diagrams, or mathematical 

equations. These external models are a major part of scientific activity. They help preserve 

relationships and offer quantitative precision that augments the arguably qualitative nature of 

thought (Forbus & Gentner, 1997). The role and purposes of models in science has not been as 

clear cut as the earlier definition of systems. The following will trace historical usages of models 

in science with goal of uncovering modern usage.  

Logical empiricists laid early groundwork for scientific theories in reasoning. They argued 

that formal logical inferences from observation were the basis for knowledge. Logic represented 

theories, and meaning came from assigning truth to predicates. Interpreting the logical form 

could be considered a model. Kuhn (1962) challenged this view by noting creativity was absent 

in logic based approaches. The problem is concepts act as references, and new theories cannot be 

created from old theories. Kuhn attempted to understand the unspecified process of creativity, 

and concluded that scientific progress comes not from rearrangements of old theories, but 

through scientific revolutions. This view still lacked specificity of the processes underlying 

creation arising from models and theories.  

Over time, philosophers of science took a semantic approach to the relationship between 

theories, systems, and progress. Suppes (1961) noted that models are abstract structures, and 

people can define properties and relations among parts. Models further require correspondences 
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to systems that allow for deductions by requiring an isomorphism between model and system 

(Van Fraassen, 1980). Direct isomorphism though is restrictive as models are partial 

idealizations. This led to a view that the relationship between models and systems is one of a 

structural analogy based on similarity (Giere, 1999). But even similarity would be deemed too 

restrictive of a connection between models and systems. This lead to the development within 

philosophy that noted that representations need not resemble what they represent (Landriscina, 

2014). Similarity is one of many possible ways a model represents a system. The most important 

features of a representation is one of reference. For example, a model bridge may physically 

resemble an actual bridge, but colors could signify stress points with no direct similarity.  

Another important relation between models and scientific reasoning is external models 

afford and constrain action (Knuuttila, 2005). They also play social and communicative roles 

(Nersessian, 2008). Furthermore, the steps between reality and simulations do not only feed 

forward, but instead move in recursive cycles that help refine understanding (Fig. 2). 

Additionally, models contain unrealistic assumptions from idealizations and unrepresented 

properties. This is not a fault, for distortions are as important as the similarities for guiding 

knowledge given humans’ limited reasoning abilities in complex domains. Any model is only as 

good as the level of understanding it affords towards satisfying goals.  

 
Figure 2. The epistemic cycle of the modeling process. Adapted from (Landriscina, 2009) 
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Models and Simulations 

Computational simulation is a modern development with an important role in scientific 

theories and reasoning. Landriscina (2014) provided the following defining parts of a simulation. 

First, a simulation is a structure that produces behavior. The process should be interpretable and 

represent the processes of the underlying model. Second, simulations should evolve over time. 

Finally, simulations allow users to change initial conditions and observe the consequential 

behaviors. Their purpose is simple, they allow one to elaborate how models will play out from 

initial conditions. This affords further reflection on model performance compared to the behavior 

of a system of interest. Simulation has thereby become a fundamental core to many natural and 

social sciences. It affords predictions and explanations that one could not gain through complex 

models and intuition alone (Hartmann, 1996). They are often represented as computer programs 

that reproduce system behavior. Inputs into the program define the initial state of the simulation 

that is then run. The transitions through states produce the final outputs of interest. Simulations 

further elaborate underlying models and help scientists question their assumptions and revise 

theories when comparing system and model behavior.  

External Models in Education 

Many educational reform movements have emphasized modeling and simulation as tools 

for education (Duschl, 2008). On the other hand, classrooms still emphasize critical thinking in 

logical forms (Osborne, 2003). Yet, people have difficulty reasoning from logical formalisms 

(Wason & Shapiro, 1971). Reasoning is not a detached, idealized, objective process, instead 

reasoning is part of a larger imperfect and social practice. This is rarely recognized in classrooms 

that instead focus on finished products and quantitative puzzle solving. Even when models and 

simulations are introduced to classrooms, they are in simplified forms (Landriscina, 2014). 
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Simulations in particular are presented at surface levels, like a game, while the underlying 

models and assumptions remain invisible (Turkle, 1997). Simulations in this sense is akin to 

witnessing virtual events rather than a tool for scientific reasoning, discovery, and problem 

solving. Additionally, Chi (2008) showed that surface level interactions with simulations do not 

afford students the ability to break free from strong initial assumptions. The National Research 

Council (2011) further found weak evidence for the benefits of surface level system interactions 

compared to deep engagement with systems. The benefits of modern modeling and simulation 

approaches to classrooms appears beneficial, but before understanding the benefits we turn to the 

cognitions that underlie the process of scientific reasoning.  

Internal Models 

 The previous sections briefly covered the use of models and simulations as tools for 

reasoning in science. This section explores the cognitive science of mental models. Once both 

external and internal models have been discussed, the following section will discuss how they 

may be coupled and used in model-based reasoning and learning. We begin by noting that people 

reason about the world through concepts. Concepts sort various phenomena into types, and may 

further represent structural and causal relationships. The nature of these representations have 

long been debated, but this paper takes a stance that humans at least employ some form of a 

mental model to explain and predict phenomena in the world. The history within cognitive 

science concerning mental models has led to many debates still without consensus. Even with a 

lack of consensus, mental models and supporting processes provides an important framework 

that can be applied to education allowing investigations despite some concerns (Nersessian, 

2008). The following will first examine the developments of mental models in cognitive science, 
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and then provide experimental support for the basic notion that people use some form of mental 

models.  

Scientific Reasoning as Mental Logic 

  Early views of human reasoning in science mirrored the logical empiricist approach, that 

is, mental processes underlying reasoning are of the form of mental logic performed on 

propositional representations (Nersessian, 1999). Reasoning was simply a form of mental 

argument through logical forms, while creativity or theory generation remained unspecified. 

Reasoning by this definition becomes a choice between competing ideas, but not the construction 

of alternatives. From this view, Inhelder and Piaget (1958) developed an influential account on 

cognitive development within the logicist tradition. The idea is that over time adults develop an 

ability to think in formal operations over logical structures. It became clear though that people 

did not perform to a normative standard. Henle (1962) questioned the logical assumption by 

demonstrating that people appear to behave irrationally, but he still argued that reasoning must 

somehow be based on a formal logical structure. Wason and Shapiro (1971) further demonstrated 

that people reason poorly with formal logics, but that reasoning could take place in natural 

settings. For example, when given a scenario with a policeman checking cups for underage 

drinking, people perform better on the logical inferences through a narrative than they perform 

with context free logic. Similarly scientists, if acting logically, should be more interested in 

disconfirming hypotheses rather than confirming (Popper, 1959). Yet, there are many findings 

where people and scientists alike have a bias to confirm hypotheses (Wason, 1960). This bias 

leads people to generate tests that match their underlying theory rather than searching for critical 

tests that would disconfirm a theory. This began a period in cognitive science where researchers 

became interested in whether people were normatively logical or illogical (Dunbar, 2013). 
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The origins of mental models came from a rejection of Piagetian logicism as a cognitive 

theory. Bruner, Goodnow, and Austin (1956) argued that reasoning resembled a thematic and 

pragmatic process rather than abstract logics and structure. Furthermore, they highlighted the 

importance of concepts and categories in daily life and in the scientific process. In this light 

hypothesis testing is a form of a categorization problem. For example, a theory, “apples are red,” 

generates a category from which one can test examples and receive external feedback that 

confirms or disconfirms the hypothesis. This led to a series of research that began cataloging the 

strategies that people use when testing hypotheses (Dunbar, 2013). Furthermore, other 

researchers began to view rationality as something bounded by cognition (Tversky & 

Kahneman’s, 1974).  In this view, people rely on simple heuristics for decisions under 

uncertainty due to the constraints on cognition. Content, context, prior knowledge, and beliefs 

constrain cognition and further, reasoning appears independent from the logical structure of 

problems (Evans, 2002). This led to views that the cognitive science of scientists, who 

supposedly have the same cognitive constraints, may not be different from the cognitive science 

of everyday people.  

How Scientists Think 

As evidence mounted against reasoning as a form of mental logic, it appeared that complex 

reasoning may be an extension of mundane reasoning. Scientists are humans with the same 

biological structure as anyone else, and therefore their reasoning process may be constrained by 

cognition in similar ways to non-scientists. Perhaps scientists have simply bootstrapped their 

way using basic cognitions in more sophisticated ways (Nersessian, 2008). Simon (1981) took 

this approach examining how people might use forms of mundane problem solving in scientific 

domains. He explained that scientific reasoning may just be a search through a problem space in 
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the mind. Additionally, researchers exploring causal models found that people prefer seeking 

information about mechanisms rather than quantitative data in experiments that mimic scientific 

investigation of causal structures (Ahn, Kalish, Medin, & Gelman, 1995). Furthermore, Dunbar 

(2013) argued that when people are faced with unexpected results they often resort to causal 

mechanistic reasoning and construct causal models. This is in addition to collaborative efforts, 

analogical reasoning, and heuristics. Even children make causal inferences, leading some 

researchers to consider them scientists in their own rite (Gopnik, 2012).   

While researchers were viewing scientific reasoning as an extension of mundane reasoning, 

Nersessian (2002) noted the limitations of this view. She argued that scientific reasoning cannot 

be understood in isolation. It is a complex combination of abilities, and researchers must take 

into account the situated and context specific nature of reasoning (Greeno, 1998). Isolated 

artificial contexts are not the key to understanding and downplays the important role of social 

institutions as well as the process of accumulating tools and concepts over time. Nersessian 

(2002) called for an understanding of scientific reasoning that is psychologically realistic rather 

than idealized. This approach arguably leads to an understanding of scientific reasoning by 

examining how cognitive abilities and their limitations constrain theorizing. Whatever form these 

cognitive abilities take, one cannot deny that people possess cognitive strategies for reasoning 

and problem solving that permit people to understand systems, make predictions, and assess 

alternatives. These views touch on ideas from model-based reasoning, but first a closer 

examination of mental models.  

The Notion of Mental Models 

 There were early theories of the mind’s capability of representing reality as something 

akin to a model. Craik (1943) held such a view that laid the foundation for the notion of mental 
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models in cognitive science. Craik thought that people have small internal scale models that are 

structural analogs to reality, and that they can be acted on as if carrying out experiments. Craik 

saw the process as a translation of the world into symbols which could be of any mental form. 

Reasoning was described as a process that takes place over symbols that mimics the processes in 

reality for predictive purposes, and could further be retranslated for external use. He further 

elaborated that ones’ internal model is constrained by the world, is based on perception, and that 

the nervous system can represent and play out causal processes. Craik’s ideas and untimely death 

occurred at a time when behaviorism dominated psychology, but these ideas began to resurface 

particularly in the work of Johnson-Laird (1983).  

Mental Models in Cognitive Science 

 Mental models began to reappear in the 1980s particularly with the publication of two 

books on the topic (Johnson-Laird, 1983, Gentner & Stevens, 1983). The pressing questions of 

the time, and still today, concerned the nature of the representations and the processes involved. 

There is still no consensus on a theory for mental models, and following Nersessian (2008), it 

seems more apt to consider mental models as a guiding framework rather than a theory. 

Nersessian further noted the importance of the general hypothesis among all views that “some 

mental representations of domain knowledge are organized in units containing knowledge of 

spatio-temporal structure, causal connections and other relational structures” (Nersessian, 2008). 

Part of the problem with the debate concerns the vast number of potential theories. Landriscina 

(2014) reviewed a number of proposals of possible representations such as propositions 

(Anderson & Bower, 1973), schemas (Brewer & Nakamura, 1984), images (Kosslyn, 1980), and 

mental models (Johnson-Laird, 1983). Furthermore, researchers narrowly focused on particular 

domains and experimental paradigms, such as logical reasoning (Johnson-Laird, 1983), discourse 
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comprehension (Perrig & Kintsch 1985), analogical problem solving (Genter & Stevens, 1983), 

and qualitative reasoning (Forbus, 1983) just to name a few. Nersessian (2008) noted that while 

research is broad and varied, this approach is constricting and doesn’t address foundational 

questions of mental models, but we can learn something from the findings and debates. 

A Sample of Theoretical Accounts 

Early theories took a pictorialist approach to mental models. That is, mental operations 

occur on a form of mental imagery that contains visuospatial features from perception. Pylyshin 

(1973) argued against this approach noting that linguistic representations were sufficient and the 

mind contains something similar to binary code. Johnson-Laird (1983) countered the linguistic 

approach by explaining that the mind may instantiate something like machine code, similar to an 

analog computer, but that images and prepositions can coexist as higher level representations in 

the same underlying system. He further argued that certain logical connectives like negation 

cannot be visualized and so it is likely that people use a combination of a mental language, iconic 

images, and models that can contain linguistic and iconic representations. Mental models 

therefore may take the form of a multimodal system.  

Formal approaches also developed such as Forbus and Gentner (1997) who made a case for 

the components that would be sufficient in a multimodal model of qualitative mental models. 

They noted that visual processing may be a part of mental models, but it is not in the form of 

high resolution images that allow complex quantitative prediction as one might find in fluid 

dynamics. They further explained that purely computational approaches that work up from 

general principles lead to unnecessary complexity and excessive branching of possible actions 

that doesn’t match the speed everyday reasoning. In other words, maximizing the generality of 

the nature of an internal model renders reasoning as computationally implausible. Forbus and 
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Gentner (1997) further argued that memory alone is insufficient for reasoning. People certainly 

store memories of past experience, but this does not explain people’s ability to make new 

predictions in novel situations. They point out that no pure model will be sufficient to explain 

human behavior. They key requirements of a human like simulative mental model requires 

analogical mapping and inference that integrates many types of knowledge, allows for 

incremental abstractions, and a search process of similarity-based retrieval.  

The debate concerning the form of mental models continues, but from possible views, 

Johnson-Laird (1983) mostly closely resembled the original sentiments of Craik (1943) and was 

perhaps the most influential (Nersessain, 2008). Johnson-Laird (1983) described representations 

as iconic, and they act as a structural analog to real or imagined worlds based on objects and 

processes.  Furthermore, Shepard (1978) noted that these processes can be found among 

scientists descriptions of their mental imagery, but these are self-reports, and one must examine 

the experimental data that supports a mental model framework.  

Evidence Supporting Mental Models 

 There is evidence that mental operations can take place over internal representations that 

are analogous to their physical counterparts. Shepard and Metzler (1971) provided evidence that 

suggests people mentally rotate objects in their mind. When given two shapes, and asked 

whether the shapes correspond to each other, they found latencies correlate with the degree of 

offset between objects. Many other studies demonstrated similar effects in mental scanning such 

as Kosslyn, Ball, and Reiser (1978) who found that it takes longer for participants to scan greater 

imagined distances as well as scans that contained intermediate objects along the path. Similarly 

Pinker and Kosslyn (1978) found strong correlations between latencies and scanning in three 

dimensional imagined scenes. Pinker (1980) further found that manipulating the instructions in a 
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scanning task to match either a two-dimensional or three-dimensional representation resulted in 

latencies that corresponded to the given spaces in either dimension. Additionally, Farah (1989) 

explored a large amount of neural evidence showing functional parallels between perception and 

imagination with deficits in those with brain damage. This and other evidence provide strong 

evidence that people can imagine and manipulate mental imagery. It is important to note that 

these theories do not posit that mental imagery is the same as a picture in the mind. 

 While the previous studies examined spatial imaginations, mental models should also be 

related to other tasks such as causal simulation. Hegarty (2004) demonstrated how mental 

simulation is likely a strategy people use to reason causally about mechanical systems. Further 

arguing that the representation is not merely imaginative or a holistic visualization, but a 

sequential representation of mechanistic behavior. Hegarty and Sims (1994) also found that 

measured spatial ability of participants was correlated with their abilities in mentally animating. 

Schwarts and Black (1996) performed similar mechanical studies with gears and found people 

can simulate causal mechanism through the use of diagrams. Finally, even infants are known to 

be sensitive to continuity in causal events (Leslie, 1982). 

 Reasoning about stories and narratives further supports mental models. Nersessian (2008) 

argues that the inferences people make from stories come from the manipulations of a mental 

model, rather than from a propositional form of reasoning. A variety of studies support this 

notion. Zwann and Radvansky (1998) reviewed the literature and argued that people construct 

situation models that are affected by language in the form of narratives. An early study by 

Bransford, Barclay, and Franks (1972) demonstrated the effect of descriptions on memory. They 

found changes in judgments about whether a sentence was previously heard that couldn’t be 

explained by linguistic structure, but rather from imagined content. Zwann and Radvansky 
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(1998) further noted a number of studies showing that models help people integrate information 

across many sentences. Models further explain effects of expertise on comprehension, and allow 

for fast inferences from constraints built into mental models. This is similarly related to the 

Wason card task (Wason & Shapiro, 1971) as noted earlier, where people reason easily from 

narratives compared to logical prepositions. This evidence also supports the notion that language 

may be just as much of a source for mental models as experience.   

 Analogical reasoning is yet another topic of research supporting mental models. 

Analogous situations are ones that share patterns of relationships among elements even if these 

elements differ by some surface similarity (Holyoak, 2012). Analogical reasoning is typically 

described through target events that serve as cues for retrieving a source analog from memory. 

There is then a mapping of correspondences between the source and target that allow one to 

make inferences about a target domain from what is known about the source (Holyoak, 2012). 

Analogical representations rely on relational properties such as causal, spatial, and logical 

connections that are more similar to models than static objects. Furthermore, analogy is a 

common form of reasoning found in science (Dunbar & Klahr, 2013) and everyday use (Bassok 

& Novick, 2012). Analogical reasoning has a rich set of empirical findings supporting the 

process, such as factors that influence correspondences (Gentner & Markman, 1997), or the 

inferences that take place across many different domains (Holyoak, 2012).  

 The evidence in this section allows us to at least place some weight on the plausibility of 

a mental modeling framework even if there is no well-established theory. Models and 

simulations are more than external tools, they are essential parts of cognition. Even without a 

clear theoretical standing, we can use the framework as a basis for educational contexts. Before 
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examining education, there is another important line of theoretical research that provides a 

feasible but still incomplete account of how mental models might be represented in the brain.  

Embodied and Grounded Cognition 

A major challenge for any theory of mental models is answering how symbols of any sort 

relate to their external referents. Also known as the symbol grounding problem, it has been an 

important part of debates for any symbolic system (Searle, 1980). A number of views arose 

questioning whether symbolic models were appropriate for cognitive science, or if mental 

representations even exist (Chemero, 2011). In response to some early criticisms to symbolic 

views, Vera and Simon (1993) clarified some distinctions between the external and internal 

world through the notion of physical symbol systems. They described a physical symbol system 

as one that can store symbol structures created through sensory stimuli. The structures in turn 

cause behavior which may further modify symbol structures. The mind is connected to the 

external world through perceptual and motor processes, and this is the source of semantics. This 

led to debates on the nature of the symbol structures, for example, are they represented as 

language, or something more imagistic? The nature of the representation has many implications 

on the processes that will play out over them. Barsalou (1999) broke down the debate further 

noting the difference between amodal and modal representations. Amodal representations are 

arbitrary links to perception, much like a written word is arbitrarily linked to what it represents. 

Amodal representations fit the theory of propositional representations. Modal representations are 

an analog of the perceptions one experiences. The idea is that when one experiences something, 

the activity patterns involved in perceiving are involved in the representation. A further note, 

iconic representations, as opposed to propositional, have the possibility of being either modal or 

amodal. One may represent a cat as perceptual activity, but one may also arbitrarily link amodal 
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representations to objects. The amodal iconic view was the one primarily taken by Johnson-Laird 

in his extensive research on logical reasoning. Yet, a number of theories use different varieties of 

possible symbolic representations and there is no consensus on the correct view. For the sake of 

mental modeling and simulation as described, the proper theory presumably includes both modal 

and amodal iconic representations. The most promising theory of this view is one of perceptual 

symbol systems (Barsalou, 1999).  

The basic concept behind Barsalou’s and other embodied theories is that cognition arises 

from interaction between brain, body, and the environment. Our perceptions and concepts are 

shaped by these factors. Symbolic systems are not fixed formal entities, but instead neural 

activity coupled with perceptual and motor states. Embodied approaches argue that meaning of 

symbols arises through perception and action on the external environment. According to 

Barsalou (2009), mental simulation re-enacts perceptual motor and introspective states that were 

gained from experience thereby grounding concepts and abstract mental representations. He 

further argues that mental simulation is the fundamental form of computation within the mind 

and this supports higher level processes. Additionally, multi-modal information from various 

perceptions are the source of representations in memory. For instance, when one simulates a 

category, the representations captured from experience are thought to reactivate similar but not 

complete patterns that can be derived from multiple exemplary instances of particular categories. 

There is growing empirical evidence across many domains that support this view (Barsalou, 

2009). Still, the theory of perceptual symbol systems is not complete and lacks formal rigor, but 

it is a major competing hypothesis that  highlights the potential important role of simulation in 

cognition. Again, the theories presented thus far are far from achieving consensus, but the basic 
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conception of mental models and their importance is clear if taken as a framework rather than a 

theory.  

Model Based Reasoning and Conceptual Change 

 The previous section explored how mental models might be implemented in cognition. 

The following considers how mental models influence the creation and learning of new concepts. 

It is important for science and education to achieve an understanding of the processes that 

support concept formation from a view mental models. One available approach is that of model-

based reasoning as described Nersessian (2002). The term acts as an umbrella for various 

processes that underlie reasoning such as analogy, visualization, and mental simulation. . 

Furthermore, Clement (2008) noted similar processes found in verbal reports of people engaged 

in creative and scientific problem solving. These forms of reasoning may be the common core 

behind scientific reasoning, which has important implications for education. Scientific discovery 

does not occur in formal logics, and these processes may be essential for developing new 

concepts. The question of interest is how these processes support the acquisition of new 

knowledge.  

Creativity in Model-Based Reasoning  

 Analogy may be a strong source of creative insight in the sciences. When faced with a 

new concept, analogies constrain the understanding of something new in terms of something old. 

There are many instances in instructional contexts where one concept, for example electricity, is 

taught to be thought of as analogous to water (Gentner & Gentner, 1983). Through abstraction, 

people can map and make inferences about a new domains from their prior knowledge. Learners 

may also notice relationships that are more general than those found in specific instantiations. 

For example, Giere (1994) demonstrated how abstraction from similarities between instances can 
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lead to more general notions in mechanics, such as harmonic motion. Analogies provide a 

starting point for new concepts, and can lead to generalizations between them, or note instances 

where source analogies aren’t appropriate signaling where more understanding is required. 

Visualizations are an important part of the scientific process as well, and are tied to 

conceptual change (Nersessian, 1999). They allow people to go beyond cognitive constraints, 

such as working memory, and furthermore may enable reasoning that is not easily expressed in 

speech or writing. Visualizations could be thought of as a reasoning support tool enabling people 

to organize their mental models by highlighting the most important aspects of an external model, 

such as causal and structural relationships. They further provide idealized representations that 

support the construction of internal models (Nersessian, 1999).  

The previous research on mental imagery further provide evidence that people perform 

simulations or transformations from imagination. Stories and narratives may also help create 

thought experiments that guide people to construct internal models and allow for inferences 

based on the constraints of the scenario. Like visualizations, simulative narratives may also help 

highlight important aspects of a concept. They may also help drive new questions and find 

conflicts in theories that could then be tested empirically.  

This section briefly reviewed the potential of these processes as a form of creative 

problem solving. This was by no means extensive, but the purpose was to demonstrate ways that 

model based reasoning can answer the question of how people develop new concepts. The 

following examines how combining internal and external models work in combination to further 

enhance learning.  
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External and Internal Coupling 

Thus far this paper has explored the modeling and simulation process and how cognition 

supports these practices separately. The following will examine the relationship and 

interdependence of mind and tool, with an emphasis on computer simulation in science. The goal 

is to address how knowledge and understanding is enhanced through external representations. 

People have a long history of extending intelligence through tool use. We saw earlier from the 

Hegarty (2004) and Schwarts and Black (1996) that people’s mental simulations of phenomena 

can interact with external representations. Indeed, the artifacts people use not only amplify their 

abilities, but allow useful reorganizations of cognitive activity (Pea, 1985). For some time 

though, views in cognitive science placed reasoning as detached from the environment. Though 

when one examines scientists in practice, there is wide use of external representations guiding 

reasoning through equations, graphs, language, and models (Nersessain, 1992). Understanding 

this coupling between external and internal representations in scientific practice is incredibly 

important for understanding how students might also benefit from similar practices.  

The extension of minds into tools has been argued to be integral to human life, so much so 

that Andy Clark (2004) defined humans as “natural-born cyborgs.” We find this behavior in our 

use of language, mathematical systems, and more recently computer simulations that help people 

think and solve problems. Theoretical approaches in cognitive science such as distributed 

cognition (Hutchins, 1995) and the extended minds (Clark, 2004) stress the importance of 

cognition arising from a coordination of internal and external representations. For example, 

Kirsh and Maglio (1994) ran a study where participants played games of Tetris. In Tetris, blocks 

must be rearranged to fit into appropriate spaces. They found evidence that external rotations in 

the game were preferred over mental simulation during search for compatible arrangements. 
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They argued that external manipulations enhanced speed and reduced the effort required of 

mental rotation. The external tools have become even more critical due to the increasing 

complexity of modern problems and scientific simulation. These representations have moved 

beyond diagrams, written formulas and other forms of physical or digital representations into 

simulations of complex phenomena. Simulations further allow experimentation without the 

initial need of external experimentation. While people may be good at mentally simulating 

simple clear causal links, mental representations are more qualitative in nature and people are 

notoriously bad at predicting the quantitative precision and behavior of complex systems. 

Forrester (1968) noted that even with the correct model, people often make poor predictions 

about system behavior likely because people draw on analogies and prior knowledge rather than 

tracing behavior. Simulation may be more than just a cognitive enhancement, but rather it points 

to the limitations of mental modeling complex systems (Landriscina, 2014). Thus, design of 

simulations and modeling software is an important task both in practice and in education 

(Norman, 1992). The computational tools afford representational manipulations that can improve 

understanding, decisions, and problem solving (Landriscina, 2014). Tools can help offload 

cognition and reduce complexity by reducing memory load, computational steps, and error prone 

mental models (Kirsh, Maglio 1994). The benefits of simulation as an extension of cognition was 

fully realized by Jay Forrester’s work in system dynamics. Forrester was noted as viewing 

simulations not for their preciseness, but in their capability of forming a shareable mental model 

and substitute thinking (Landriscina, 2014). Forrester’s views were ahead of their time, and even 

now we see little application of system simulation in educational contexts. There are some 

exceptions such as Monaghan and Clement (1999). They used computer simulations to help 
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students predict, observe, and explain problems. They found that simulations further fostered 

problem solving even when participants did not have simulations available.  

Model Based Learning in Education 

This paper takes an approach to science education that considers students mental models, 

external teaching models, and the assessment of student models as they develop over time. 

Within the learning sciences, this approach is placed somewhat by default within a theoretical 

framework that knowledge is structured as unified theory like models (Chi, 2008; Ioannides & 

Vosniadou, 2002). I do not wish to make such a strong claim as there is a competing theory that 

makes a compelling case, and the debate has yet to be resolved. Before giving the stance taken 

here, the following will briefly explain the competing ideas because the ramifications of taking a 

particular side has deep implications for educational interventions. The opposing view to 

knowledge as theories stated above is that knowledge may be better represented as individual 

chunks or elements (diSessa, 2006). This is not to say that knowledge is a random assortment of 

pieces, but a collection of elements that combine, interact, and emerge to help guide and 

constrain learning. This is opposed to the first view that conceptual structures come from an 

overarching hierarchy, similar to theories, that guide interpretations of knowledge. Both views 

agree that knowledge comes from experience, and what learners know and bring to the 

classroom will influence their learning. They further agree that prior knowledge is resistant to 

change, and that it takes considerable effort for some forms of conceptual change to take place. 

The following will examine points of disagreement between each view.  First, the two views 

differ on their beliefs about the structure of knowledge that students bring to learning. As noted 

above, the theory view argues that knowledge is in the form of theories. Ioannides and 

Vosniadou (2002) demonstrated this by examining children’s knowledge about force. They noted 
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that children could be divided into various categories of their understanding. They found that 

students with any particular view made consistent predictions independent of context. This 

supports the notion that knowledge is internally consistent as a theory. From the opposing view, 

knowledge is an assortment of somewhat independent facts that can be connected into larger 

conceptual structures that are highly context sensitive. In response to Ioannides and Vosniadou 

(2002), diSessa (2004) replicated aspects of their study and found that children’s knowledge 

could not be explained by an overarching theory. They found that children were inconsistent in 

different contexts, even in their replication of the theory based study. The previous highlights a 

major point of difference between the theories. Theory views believe that knowledge should be 

consistent and constrained by their theories, therefore predictions and explanations can be used 

across many domains and contexts. On the other hand, the knowledge in pieces view contends 

that predictions and explanations are consistent given context and related to the available cues. 

Finally, theory views suggest that students add or modify knowledge in conceptual structures 

holistically, while the pieces view is characterized as a gradual  process of adding, subtracting, 

and organizing elements of knowledge.  While the theory view has been traditionally more 

accepted, the knowledge as pieces view has remained relevant and has gained ground (diSessa, 

2006). For example studies have shown further replications of Ioannides and Vosniadou (2002) 

and further support context dependent knowledge in pieces (Özdemir & Clark, 2009). Another 

study found that elemental knowledge better explains students changing conceptions of 

biological knowledge over theories (Southerland, Abrams, Cummins, & Anzelmod, 2001). 

Furthermore, students may have contradictory explanations of same situation given changes in 

context (diSessa, Elby, & Hammer, 2002).  Instead of standing strong in one camp or the other, 

this paper will take a softer stance. Mental models will remain prominent as structures used 
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during learning, but this does not necessarily mean that the content of a mental model represents 

a theory, nor knowledge in pieces. This is a matter of the long term storage and structure of 

conceptual knowledge. Instead, mental models as described can be limited to reasoning 

processes in working memory and remain agnostic about this issue, a view similar to one taken 

by Nersessian (1999) and Johnson-Laird (1983). Regardless of the structure and content of long 

term memory, which is certainly an aspect of learning, we can maintain the framework and 

processes involved in model-based reasoning. All that matters form this point of view is that 

mental models represent concepts with structures that maintain causal and spatial relationships 

constrained by the context or environment. It’s possible these models for reasoning could 

originate from combining conceptual pieces from memory, or larger unified and hierarchical 

theories. For the sake of the following section, knowledge is likely stored and changes over time, 

and from this view of agnostic mental models, we can examine learning from a more general 

perspective as some sort of refinement from an initial state of student knowledge where learning 

is a gradual process towards students possession of a desired model. The models can further be 

assessed through behavior or external reprsentations such as computer programs or diagrams 

rather than direct knowledge of the representational structure.  

Types of Models for Learning  

 The following will break models down into a taxonomy that helps clarify their different 

uses in learning. The first major distinction is between internal representations of models and 

external models that are generated and expressed through various media such as text, graphs, 

language, or computer programs. We can further describe models in similar fashion as described 

by Norman (1983). First there is a target system that exists in the world that one wants to learn t. 

Second, C(t) represents conceptual models that may be created by a teacher or scientist. Third, 
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the learner’s mental model of a system M(t). The mental models of students are the 

psychological objects that evolve and change ideally into a model that correctly functions as a 

means for explanation, prediction, and problem solving within a given system. Finally there is 

the conceptualization of learner’s mental model C(M(t)) that may represent a teachers 

representation of a student’s understanding which can then guide teacher behavior. Gilbert, 

Boutler, and Elmer (2000) made finer distinctions among external models as either simply 

generated for any purpose, such as a naïve conception of a target system, versus consensus 

models that are agreed upon among groups for educational or scientific purposes.  Consensus 

models can further be broken down into four subtypes. First, teaching models, that aid learning 

of more refined consensus models. Second, scientific models accepted broadly through formal 

methods. Third, historical models of past scientific consensus but superseded by current models. 

Finally, curricular models derived from scientific or historical models for education. For 

educational purposes we can also imagine what Buckley et al. (2004) consider hypermodels. A 

hyper model H(t) is the realization of a model in a computer program. Therefore C(H(t)) 

represents a conceptual model, in this case for curricular purposes, with which learners interact. 

An important point for all models listed is they are not merely visualizations, but represent some 

form of structure, causal relations, and perhaps dynamic behavior. Of importance for education is 

the choice of curricular models, their representational details, and the correspondence between 

parameters and states with mental and conceptual models (Norman, 1983). The following 

examines how models given this characterization can be used in educational contexts. 

Conceptual Change as Progressive Refinement of Student Models 

This section explores how model based reasoning may be applied to teaching and 

learning in science education. The previous has built the case that learning and creative problem 
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solving likely requires mental and external models of systems. Problem solving, inference, and 

reasoning are processes that take place over mental models as well as internal manipulations or 

simulations of said models. It is important to reiterate the point that the representational form of 

the models, and their relation to long term memory is left unspecified. Mental models are some 

form of internal representation that allows for processes under the umbrella term model-based 

reasoning. Mental models can integrate concepts and relationships in working memory derived 

from long term memory or from the environment. Novel learning experiences can also 

potentially be mapped analogously to prior knowledge in the form of mental models through 

generalized abstraction. This prior knowledge influences how students perceive learning tasks in 

external representations, and in turn interactions with external representations can effect or lead 

to revisions of internal models. Revising models, whether through theory or piecemeal revision 

modifies existing parts and relations to achieve an internal model that is more consistent with the 

system that it explains. From a theory perspective this may mean adding or modifying an 

existing model in a larger hierarchy, and from the pieces view this could mean modifying 

individual concepts or the structure that emerges from the pieces. The general process of learning 

from this framework can be characterized in a similar manner to scientists developing and 

revising hypotheses (Clement, 1989). The overall process inspired by Buckley et al. (2004) plays 

out as follows: Students approach an implemented model in a computer program C(H(t)) 

forming their mental model M(t) from both prior and new information from the task. Students 

may then interact with the educational model which leads to model outcomes and student 

evaluation of outcomes that may in turn lead to model evaluation. Evaluation can take the form 

of enforcing or revising the mental model, or lead to rejection and reformulation (Fig. 3). 

Buckley (2000) found that this formulation of iterative cycles improved student performance, 
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and further through a cause study noted that a student’s mental model was central for 

organization of new information that promoted transfer to new questions. The student’s partial 

model appeared to lead to new questions which maintained the inquiry cycle of exploration and 

revision. This provides some evidence that partial models may act as a means for students to 

begin engagement with new systems of study.   

 

Figure 3. Model based learning adapted from Buckley et al. (2004).  

 The previous study suggested the notion of model refinement over time. We can now 

describe the progression of models in a simplified form. Given the sophistication of intelligent 

learning environments, it is possible to develop a progression of student mental models that 

undergo an evolution from initial models to a more sophisticated model (White & Fredricksen, 

1990). Progressions of models also allow for problem sets or guided instruction that help 

familiarize students with their current understanding of a target system through a subset of 

problems before implementation of more complicated structures and processes. At each stage of 

a progression, the technology can represent intermediate steps that help guide students towards a 

more complete understanding (White & Fredricksen, 1990). This at least partially answers how 

students undergo change from learning from an initial mental model M(t)0, through a progression 

of guided learning and problem solving from intermediate models M(t)1, M(t)2... M(t)n until they 
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reach the target model instantiated in C(H(t)) that may or may not reflect a scientific consensus 

model, depending on the educational goals (Fig. 4). Furthermore, the designer of intermediate 

models can make changes along a variety of structures such as model states, added parameters, 

or the basic control structure depending on the desired learning outcome (White & Fredricksen, 

1990).  

 

Figure 4. Learning as a progression through intermediate models, adapted from (Clement, 2000) 

Simulations for learning 

This section will examine how simulations can be applied to educational design and 

promote conceptual change. In the sciences, simulations and models are an integral part of 

reasoning, learning, and scientific literacy (Gilbert, 1991). A simulations power comes from its 

ability to provide outcomes of computational models that are impossible to predict due to their 

complexity. Many models require simulation in order to gain an understanding of some 

phenomenon that can’t be deduced from a models structure or mathematical implementation 

alone. Simulation, more than any other tool, is deeply connected to prediction, reasoning about 

alternatives, hypothesis testing, explanation, and problem solving (Landriscina, 2014). Their 

important role in science suggests a similar role in education, but there are a few considerations 

we must take into account concerning how simulations might be used.  
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 Many of the properties that simulations add are similar and at least partially inherent in 

the model based learning framework presented. Simulations can act as teaching tools that capture 

the dynamics of intermediate and consensus models. They simplify and add visualizations, and 

their creation and revision is similar to models as is their progression for learning. Simulations 

differ in that they are more clearly represented as computational models. They are dynamic and 

allow for the evolution of a system, while models are static formulations. Additionally 

simulations require a user interface which promotes interactivity that might not be present when 

examining models alone. They also add additional activities to the learning process that require 

actions that result in outcomes over time. Furthermore, students can compare expectations with 

the outcomes of simulations and either revise their mental models, or if the learning goal is 

model design, students can reassess their internal and external models or hypotheses of target 

systems. The dynamic nature of simulation may also influence cognition, and allow for changes 

in mental and external models. This promotes the recursive learning cycle for model based 

learning (Fig. 3). Furthermore, due to the common representation of simulations in computer 

programs, they can provide instructional support through intelligent tutoring, guided narration, 

and tutorials that may supplement teacher activities (Koedinger, 2006). The interface itself may 

also help in the construction of simulations and help highlight important aspects of systems and 

provide diagrams in addition to animations that play out system behavior. How people learn 

from dynamic interactions is not well understood, but there are notable efforts examining how 

dynamic system processes influence learning (Wilensky & Resnick, 1999; Goldstone, Landy, & 

Son, 2008). Simulations and models may provide many educational benefits, but there are many 
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considerations that need to go into the design of instructional tools as the following section 

demonstrates.  

Considerations for Design of Content for Learning 

 From a design standpoint, there are many difficult considerations that must be taken into 

account for educational tools. This difficulty is increased given the debates in the learning 

sciences. The content one prescribes depends heavily on whether one believes in models as 

systematic coherent theories or models as emergent relations among elemental pieces of 

knowledge. Both will be taken into consideration as we examine the implications for instruction 

under this given framework of conceptual change. From the theory view, the following will 

focus on recommendations from Chi (2008). Chi distinguished learning as either adding new 

information or as conceptual change. Conceptual change is learning in the presence of 

knowledge that conflicts with the correct formulation. She notes that concepts exist within 

hierarchies of categories, where assigning a concept to a category allows for inferences based on 

this assignment. If there is no obvious category at a particular level, new concepts may be 

integrated into a higher level and correctly inherit properties if that assignment was correct. For 

example, I may not know what type an animal a platypus is, but I can at least classify it as an 

animal. If we think of categories as tree structures, she argues that the difficulty in learning 

comes from lateral miscategorizations because they result in incorrect inferences. For example, 

believing that a whale is a type of fish is a miscategorization at a lateral level between mammals 

and fish, and incorrect inferences will result. Recategorizing whales to mammal is deemed 

somewhat easy because students have a well-defined lateral category. The problems learners face 

in conceptual change is when lateral categories are not well known or defined. This is common 

in physics, where students tend to miscategorize processes (lateral category 1) such as heat as 
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entities (lateral category 2) (Chi, 2008). Conceptual change is thereby holistic, and achieved 

through radical categorical shifts that can be successfully modified by directly addressing the 

flaw and perhaps providing instructional materials that help students develop an unknown lateral 

concept. This method relies heavily on the presentation of conflicting evidence to lead learners to 

abandon misconceptions. Conversely, from the knowledge as pieces view, the focus is on the 

elemental pieces of knowledge that are active in appropriate context. One goal of learning is to 

raise student awareness of the central elements of knowledge and how to apply them 

appropriately to different situations. Ozdemir and Clark (2009) suggested that one confront 

students with phenomena of interest in a variety of contexts which allows for refinement of 

knowledge through adding, subtracting, modifying, and organizing elemental knowledge. This 

gradual refinement can take place over periods of time rather than radical shifts that change one 

concept into another. Through model based reasoning, learners would then benefit from multiple 

representations in multiple contexts while highlighting important aspects of the model across 

contexts and ignoring others (Ainsworth, 1999). Overall, this paper has attempted to not take a 

strong stance, but it is sympathetic to the knowledge in pieces view given experimental support 

and intuitive appeal regardless of its less popular standing in the literature. The debate continues, 

and it is not within the scope of this paper to resolve the issue.   

Considerations for Design of Simulations 

One possible usage of simulations in education is to provide an interface to that allows 

students to explore system behavior. This approach is more akin to game playing though because 

the underlying model is not made explicit and therefore may not have an impact on student’s 

internal conceptual model. For example, Turkle (1997) examined high school students playing 

the game SimCity and found that students do not appear to know how to think about a simulation 
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He thought that their activities were like knowing how to pronounce words without 

understanding what they mean. The assumptions of the simulation creators are left unchecked, 

which differs from scientific practice of examining simulations to understand the nature of the 

system. Without a connection to the inner workings of a simulation, students generate rules for 

the system, such as increasing taxes induces riots, without any consideration or criticism of their 

knowledge (Turkle, 1997).  Many researchers have stressed the importance learning through the 

creation, evaluation, and revision of models in order to promote conceptual changes in learner’s 

mental models (Gobert & Buckley, 2000). If simulations are to be a useful educational tool for 

science, we must go beyond using them in game like ways.  

 If education is to mimic scientific to some degree, this requires making the underlying 

models and simulations available to students. This is a different approach to the previous and 

goes beyond simply adjusting sliders and entering numbers. If students can observe the structure 

and relations, this requires the use of in depth reasoning, analysis, and prediction that may allow 

internal models to be shaped by experience. Internal models could then be compared to external 

models leading to conceptual development, internal and external model revisions, and the ability 

to solve problems. This further allows teachers to assess student misconceptions through direct 

access to the products of their mental models, either through diagrams, charts, or some common 

computer language. Though, there are some issues with the feasibility of this approach. 

Modeling and simulation requires more background knowledge than teachers are able to provide, 

and the teachers themselves may lack various prerequisites. These difficulties likely contribute to 

the absent minded game like use of simulations in classrooms. Furthermore, opening the 

simulation to a more complex structure only benefits those who can interpret the extra 

information (Groesser, 2012). Design of such an approach requires that students will be able to 
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understand the interface and its parts. While solving these issues is a larger problem than will be 

considered here, there are some ways to alleviate them. Guided tutorials and cognitive tutors 

have grown in popularity and sophistication (Koedinger & Corbett, 2006). These tools can 

supplement teaching by going through the steps and covering the required knowledge piece by 

piece through information, exercises, questions, and guided exploration (Landriscina, 2014). In 

fact, Landriscina further noted that simulations alone can potentially be used successfully 

without explicit representations of internal structure and relations, as long as there are 

supplemental guides from other sources such as teachers. When a student interacts with a given 

simulation, they likely develop rules, like the example that taxes cause riots. Supplemental 

guidance may bring up questions that lead students towards questioning their assumptions which 

may in turn update their conceptual models, which could further be examined by having students 

create external models for evaluation. The goal of this section was to simply demonstrate the 

importance of simulation based learning environments and how they may bring out the 

assumptions and structure underlying models and simulations for learning.  

Assessment and General Considerations for Education 

 One of the key benefits of taking a technological approach is that it affords useful 

assessments of learner’s behaviors and their external representations of models and simulations. 

A general problem with mental models is that they are a psychological construct, making them 

unobservable. Educators can only assess students through indirect methods of behavioral 

observation, language, and student’s external representations. Given that one has designed a 

target and intervening models of systems, one solution is for educators to compare the successive 

externalizations of mental models in order to determine whether a step along the progression is 

appropriate. Norman (1983) pointed out that mental models reflect student beliefs from 
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experience and instruction, and so a teacher’s model must be able to assess a student’s belief 

system.  This approach can be accomplished through questions, for example, a teacher’s 

conceptual model of a learner’s model C(M(t)) can be validated through guesses and questions 

that examine whether the teacher’s conception of the students model is correct. Norman also 

notes that a student’s model gains its power from its predictive abilities, and the inferences that 

may be drawn. Therefore, educators would be wise to have student run or simulate their mental 

models to assess their beliefs. Another option can encompass these approaches through 

technologies that can analyze students’ computational models automatically. This can be 

achieved through algorithms that compute structural similarity between learner’s external models 

and target models (Landriscina, 2014). This approach has been growing in sophistication, and 

may provide important insights into the mental models of students and perhaps provide means of 

automated guidance and suggestions for further study or progression (Shute et al., 2009) 

 As for general educational considerations, many of these approaches above are 

constrained by time, prior knowledge of students, and educator abilities. Modeling is a complex 

process and computational simulation as suggested in this paper requires many pre-requisite 

skills that students may not have and teachers don’t have the time to develop or the pre-requisite 

knowledge themselves. Other issues include the difficulty in generating model and simulation 

content for instruction. Desired outcomes are essentially easy because they can be gathered from 

historical and science approaches, but the design of incremental models requires careful thought 

and depends on ones theory of conceptual change. Furthermore, Norman (1983) notes the 

importance of a strong correspondence between student models, conceptual models, and 

teacher’s beliefs about student models given the target system. This may seem obvious, but 

Norman thought that many people do not take this correspondence into account. Student 



Lewis 35 
 

materials are also often presented superficially, and modeling requires specialized vocabulary 

and computational methods that may also conflict with usage in common language (Clement, 

2000). Computer automation can relieve some of these issues by providing progressive tutorials 

through the learning interface. Tutorials can describe basic conceptual matters up front before 

progressing into increasingly sophisticated modeling and simulation practices. Program design is 

also worth considering as designers must create environments that aid students by taking into 

account suggestions from research on human computer interactions (Dourish, 2004). Designers 

must be concerned with how easy the program is to learn, how well models correspond with 

systems, and take into account the limits of human cognition (Norman, 1983). One such 

limitations is the quantitative impreciseness, and this requires clear qualitative designs which 

afford qualitative reasoning about systems (White & Fredricksen, 1990). This is in direct 

opposition typical quantitative approaches in education that focus on formulas and solving 

equations. Instead the focus should be on qualitative understanding and reasoning that is often 

the methods used in professional domains (De Kleer, 1984). Quantitative methods should only 

be part of instruction after qualitative models with underlying causal structures have been 

learned. Finally, qualitative models should be able to build upon the prior knowledge that 

students already have, such as anchoring conceptions (Clement, 2000) that allow for building 

more sophisticated models for reasoning and problem solving.  

Conclusion 

A model-based reasoning framework helps guide understanding of science in practice as 

well as a guiding tool for educational design and reform. This framework provided an 

understanding of problem solving and reasoning as it takes place in scientific discovery. This 

framework can in turn be applied to classrooms as means for learning and conceptual change, but 
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many challenges remain. Designing feasible learning environments that focus on the complex 

activities of models and simulations will remain a difficult hurdle to overcome. While some of 

these problems can be allayed through intelligent tutors, this does not downplay the important 

role of teachers and the required training needed to implement such a program. The design issues 

are further exacerbated by debates within the learning sciences community about the processes 

and representations involved in learning scientific knowledge. Without a clear consensus within 

the conceptual change literature, design decisions become linked to ones allegiance to particular 

theoretical view. This doesn’t hamper the importance of continuing research. Given the computer 

based approach, applying model-based programs in classrooms may provide much needed data 

that could further clarify debates in the learning sciences. Furthermore, this data may also 

provide insights into mental model theories. The topics of this paper in general discussed a wide 

range of many fields and their complicated interplay. While the connections raise more questions 

than they answer, it is important to bring these ideas together in order to begin stepping towards 

vast improvements in science education and literacy.  
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