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These tables are referenced in the main text and include articles reviewed as part of the study, including some that are not cited directly in the main text.
Table A1. Summary of contributions from selected studies of MBR in STEM‑based instruction.
	Author(s)
	Title
	key results
	Design & Methods
	Purpose of study

	Stephens et al., (1999)	Model‑Based Reasoning in a Year 10 Classroom
	Interpretive case study of one Year‑10 science class (n = 26) exploring factors that influence wire resistance. Students’ spontaneous model‑based reasoning (MBR) increased over the course of the investigation, yet their explanations remained confined to lower‑order relational mapping, signaling the need for stronger instructional scaffolds.
	Study uses an embedded interpretive case study. Data sources include whole‑class and focus‑dyad video, stimulated‑recall interviews, student workbooks, and four administrations of the “Factors Affecting Electrical Resistance” instrument. Explanations were coded by combining phenomenon/relation/model categories with structure‑mapping levels to track shifts toward higher‑order relational mapping.
	To examine how, and to what extent, the students drew on an electron‑drift model to interpret resistance data in an open‑ended electronics laboratory investigation.

	Pluta et al., (2008)	Learning to Evaluate Scientific Models
	Longitudinal study showed that the Evidence-Model (EM) diagram scaffold markedly improved students’ ability to link evidence to competing models and sparked richer, model-focused argumentation.
	Study uses classroom-embedded microgenetic design with 7 teachers (33 class sessions). Data sources from eight months of video & audio, student EM pre/post tasks, written work. Data sources from rubric coding of diagram links/justifications, and cross-case comparison of teacher–scaffold interactions.
	To investigate how students’ model-based reasoning evolves with the scaffold over time and determine whether its impact differs meaningfully across various classes and schools. 

	Russ & Odden, (2017)	Intertwining evidence- and model-based reasoning in physics sensemaking: An example from electrostatics
	Case study of four undergraduates during a 15‑min electrostatics lectures shows that students repeatedly and seamlessly integrated evidence‑based and model‑based reasoning together (44 coded shifts). Authors articulate six discourse “moves” that reveal the two practices are mutually generative rather than sequential.
	Study uses qualitative video‑case analysis: one small‑group tutorial in a reformed algebra‑based physics course (200 students). All sessions video‑recorded; this study analyses a single group (n = 4) selected via intensity sampling. Utterances coded for evidence use vs. seven mechanistic‑modeling categories, producing a timeline of practice shifts; interpretive discourse analysis used to characterize six recurring “moves.”
	To illustrate how evidence‑ and model‑based reasoning interweave during students’ physics sense‑making and pinpoint discourse moves that connect the two, guiding future instruction and research.

	Ifenthaler & Seel, (2013)	Model‑Based Reasoning
	Longitudinal web-based experiment with 133 undergraduates solving 20 inductive-reasoning tasks over 7 weeks compared to non-varying vs varying solution-strategy conditions. Although students’ strategies and solutions improved, no clear transition point from mental model to schema emerged, challenging the idea of a discrete “schema-switch.”
	Study involved 133 Edu‑psychology undergraduates (97 female, 36 male) selected at random and placed in either a non‑varying strategy group (n = 67) or a varying strategy group (n = 66). Study duration took seven weeks as participants completed twenty online word‑problem tasks (about three per week). The results showed that the strategies and solutions were reliably scored (k = 0.90), and learning trajectories were evaluated with repeated‑measures MANOVA and supporting interaction plots.
	To identify the point in a learning progression where cognitive structure shifts from a fluctuating mental model to a stable inference schema during inductive‑reasoning tasks.

	Magana et al. (2024)	Scaffolded team-based computational modeling and simulation projects for promoting representational competence and regulatory skills
	Multimethod study of scaffolded, team‑based computational‑modeling projects in a 2nd‑year thermodynamics course (n = 116) yielded proficient‑to‑advanced representational competence for code accuracy, in‑code explanations & output interpretation) and revealed how students deployed self‑monitoring and cognition‑regulation strategies to manage programming, meaning‑making and teamwork challenges.
	Study involves 116 students (24 teams) completed three 2‑week scaffolded projects; scaffolds targeted sense‑making, articulation, process‑management & reflection.  Team notebooks (code, graphs, written explanations) were scored with a 5‑level rubric for four constructs (model, comments, graphs, explanations). Descriptive stats used to summarized rubric scores; qualitative content analysis of reflections characterized self‑monitoring vs. cognition‑regulation moves.
	To determine how scaffolded, team‑based computational‑modeling and simulation projects foster undergraduate engineering students’ model‑based learning by building representational competence (MBR) profiles and eliciting the regulatory (self‑monitoring and cognition‑regulation) strategies they employ to overcome programming, meaning‑making, and teamwork challenges.


[bookmark: _Ref225571656]
Table A2. Studies informing RQ1: Theoretical grounding and implications, and methodological implications of model-based reasoning
	[bookmark: _Hlk212123296]Citation
	Theoretical grounding
	Theoretical implication
	Methodological implication

	Johnson-Laird, (1980)
	Proposes a theory of mental models as a semantic account of cognition and language: people construct, manipulate, and interrogate models of situations (“procedural” operations over models). The author distinguishes propositional representations with analogical, structural mental models 
	Inference without rules: reasoning is constructing models and testing them to destruction (searching for counter-models). The account explains the figural effect and “systematic errors that tend to occur in syllogistic reasoning.” 
	The paper encourages experimental tasks that elicit models and programs of procedural semantics as a methodological combination to achieve theories of the mind that “are both coherent and correspond to the facts.” 

	Johnson-Laird, (1983)
	Broadly consistent with theoretical grounding in Johnson-Laird, P. N. (1980). Extends the 1980 account from propositional vs. model representations to a book-length framework covering language, inference, and consciousness. 
	Broadly consistent with theoretical implication in Johnson-Laird, (1980). 
Continued reliance on carefully controlled behavioral experiments (syllogisms, conditionals, spatial reasoning).
	Broadly consistent with methodological implications in Johnson-
Laird, (1980). Mental models also underwrite discourse coherence and everyday probabilistic judgments. 


	Greca & Moreira, (2000)
	Ground model-based reasoning in cognitive psychology and mental-model theory, distinguishing mental models (internal, analogical, functional, incomplete) from conceptual models (external, community-shared, precise) and defining modelling as the semantic process that links theory and phenomena through these representations.
	They imply that students’ robust, utilitarian mental models underlie persistent misconceptions and that conceptual change typically enriches or restructures these models rather than replacing them. Learning science therefore requires explicit teaching of modelling, helping learners build mental models that align with target conceptual models and their simplifying assumptions.

	Methodologically, they stress the difficulty of eliciting incomplete, unstable internal representations and call for interviews, drawings, and problem tasks that reveal mental models in use. Instructionally, they argue that lists of formulas should be replaced by activities that foreground modelling processes and representational construction as the route to understanding.

	Seel, (2003)
	The article positions model-centered learning and instruction on the theory of mental models: cognition/learning are outcomes of mental representations; the paper focused on the psychological and epistemological bases, the semantic functions of mental models, and the types of instruction that help learners construct mental models. 
	The framework implies strong links among kinds of models (e.g., conceptual models evolving from the learning-dependent progression of mental models), and grounds model-centered instruction in both neo-pragmatist epistemology and model-theoretic semantics. It distinguishes three paradigms of model-centered instruction (self-organized discovery, externally guided discovery, receptive learning). 
	Specifies instructional scenarios that influence learners’ construction of mental models: (1) providing model-information (a conceptual model) for receptive model-centered learning, and (2) design-based modeling in discovery learning. Empirically, the paper reports/aggregates work using Cognitive Apprenticeship methods (modeling, coaching, scaffolding, articulation, reflection, exploration) to guide the progression and assessment of mental models (e.g., causal diagrams).

	Magnani, et al. (1999)
	The authors theorize that model-based reasoning: is organized into three parts—Models, Mental Models, and Representations; Discovery Processes and Mechanisms; and Creative Inferences and Abduction—signaling that MBR is conceived as a framework that links representational issues, discovery mechanisms, and inferential forms under one umbrella. 
	Across Part I, and especially in Nersessian’s chapter, the volume treats conceptual change and scientific reasoning as driven by model-based practices (analogical, visual, and thought-experimental modeling) and by mental models as a unifying cognitive framework, rather than by deduction/induction alone 
	The volume (in Nersessian’s chapter) advances a methodological program that studies model-based reasoning through cognitive-historical and experimental methods (i.e. historical case studies of conceptual change plus empirical work on mental modeling), rather than via logical reconstruction alone.

	Nersessian, (2002)
	Frames model-based reasoning within the mental modelling framework in cognitive science; argues that mental models are structural/iconic analogues used to simulate and manipulate constraints of target systems. Emphasizes that representations used in this reasoning are iconic and that reasoning proceeds via model manipulation.
	Argues that explaining scientific discovery and conceptual change requires expanding scientific reasoning beyond deductive/inductive logics to analogical, visual, and simulative practices; claims model-based reasoning is generative of conceptual change by extracting, integrating, and revising constraints.
	Advances a cognitive–historical research program that integrates three kinds of evidence: in vivo studies of scientists’ work in naturalistic lab settings, in vitro experimental and computational studies of discovery, and sub specie historiae analyses of historical case studies.

	Nersessian, (2008)
	Positions model-based reasoning as a cross-/domain-general practice within science, while emphasizing that “science” is not a monolithic practice; understanding scientific knowledge starts from examining how scientists work in specific domains and settings.
	Argues that the perceived divide between cultural and cognitive accounts is artificial; calls for theories that capture the integrated nature of cultural, social, material, and cognitive factors, while still permitting generalizations across domains.
	Advocates for an interdisciplinary methodology: studies of cognitive practices join historical, philosophical, and cognitive science methods to build accounts of how scientists create and use knowledge. Emphasizes theorizing cognition in relation to context 

	Nersessian, (2009)
	Grounds model-based reasoning in model-based simulation as an epistemic activity; understanding it requires construing problem solving as accomplished by a researcher–artifact system within a distributed cognition framework, culminating in “distributed model-based cognition” 
	Reconceives cognition as distributed inferential systems comprising researcher mental models and artifact model systems, analyzed via the system-level notion of interlocking models. Positions engineering science as “a fundamentally analogical practice”
	Employs distributed cognition as an interpretive framework; conducts cognitive-historical ethnography in two BME labs; develops a coding scheme and ensures “trustworthiness” via structural corroboration, referential adequacy, consensual validation.

	Nersessian & Patton, (2009)
	Grounds inquiry in a model-based view of cognition and practice where inference is performed through interlocking mental and physical models; devices serve as hubs that connect biological/engineering concepts, methods, materials, and representations.
	Maintains that physical simulation is an epistemic activity (for hypothesis exploration, testing, generation, prediction, explanation) and articulates interlocking models as the system-level mechanism integrating design/history, research/learning, and mental/external representations.
	Employs a five-year ethnographic and cognitive-historical study: observations/interviews plus analysis of publications, grants, notebooks, artifacts to produce thick descriptions; adopts case-based comparison with ‘transference’ (rather than simple inductive generalization) across sites.

	Subramanian, et al. (2012)
	The paper contrasts thought experiments (TEs) with computational modeling, focusing on the “nature of the intellectual work” modeling enables. It argues that computational modeling supports simulative model-based reasoning and enables more sophisticated simulation operations than TEs.
	Computational models go beyond TEs—they can generate complex behaviors, provide explanations, and allow interrogation/drill-down; therefore, TEs will persist mainly in a background/subsidiary role supporting model design and construction.
	Methodologically, the paper advances a process-oriented, case-based analysis of building computational models, using detailed case studies of neural engineering and systems biology labs to trace how scientists iteratively build, tune, visualize, and probe computational models.

	Coll, et al. (2005)
	[bookmark: _Hlk215863845]Defines “model” and “mental model,” situates analogies as a subset, and justifies models in teaching because they are central to science practice; argues that modelling pedagogy can also build metacognitive awareness about knowledge development.
	[bookmark: _Hlk215863868]Models and analogies in pedagogy can provide a route to understanding the nature of science and foster metacognitive awareness. Emphasizes that effective learning occurs when students construct and critique both their own and scientists’ models, and when instruction acknowledges learners’ documented difficulties with models.
	[bookmark: _Hlk215863879]Effective practices include having learners construct and critique their own and scientists’ models, using group work/peer discussion, cooperative learning, and argumentation to support conceptual, metacognitive, and nature-of-science outcomes.

	Mislevy, et al. (2017)
	[bookmark: _Hlk215866204]The authors treat model-based reasoning as central to science learning research, defining it as forming, using, elaborating, articulating, evaluating, revising, and inquiring with models, and arguing that these model-based practices are central objects of instruction and assessment).
	It implies that valid claims about students’ MBR must be framed as explicit assessment arguments that connect claims, tasks, and observations around the seven aspects of modeling, thereby tying Next Generation Science Standards (NGSS) practices to interpretable evidence about learners’ model-based reasoning.
	Methodologically, MBR is operationalized through Evidence-Centered Design patterns that specify rationales, focal KSAs, task features, work products, and observations for each aspect of modeling, supporting the systematic design of classroom, large-scale, and simulation-based assessments of model-based reasoning.

	Khan, & Brown, (2000)
	Positions model-based training as using executable models of “technical” knowledge as cognitive tools for practicing situated skills; argues that multiple models in a shared workspace support metacognitive reasoning and contextualized model-switching during authentic tasks. 
	Implicates MBR in situated skill development: effective training must help learners navigate a “model space,” switch between models along modelling dimensions (scope, resolution, generality, ontology), and reframe problems as contexts change, rather than merely learning decontextualized rules. 
	Proposes a multiple-model architecture and EXTRAS toolkit: executable domain models, modelling-dimension vocabulary, explanation and diagnosis components, and an expert “model-switching” mode that let students observe and practice metacognitive model switching and communication in simulation-based training 

	Magnani, L. (2009a)
	Defines model-based creative (reasoning) abduction as conceptual change driven by constructing and manipulating models (mental, visual, analogical) and enumerates types of conceptual change achieved through such model-based reasoning 
	Argues that scientific discovery and conceptual evolution are best understood as model-based abductive reasoning processes, where new hypotheses arise from model transformations and where signs and analogies structure creative inferences.
	Advocates analyzing historical and contemporary scientific cases to identify model-based (reasoning) abductive moves, using detailed reconstructions of conceptual changes, visual/diagrammatic reasoning, and semiotic categories rather than purely sentential/logical reconstructions. 

	Magnani, (2009b)
	Frames abduction as multimodal and model-based, where hypotheses and data are carried in verbal, visual, sensory, and kinesthetic forms; abductive reasoning is basically manipulative “thinking through doing” within distributed cognition.
	Argues that abduction is often ignorance-preserving, non-explanatory, and instrumental, and that manipulative, multimodal abduction builds new external evidence which then enable “smart” inductive generalizations and knowledge development. 
	Suggests logical/AI models and cognitive studies must represent multimodal hypotheses and manipulative evidence-building, analyzing tasks (e.g., figural pattern generalization) where learners construct external representations that serve as experimental data for abduction–induction cycles.

	Justi & Gilbert, (2002)
	The paper argues that models and modelling are central to science education. It introduces a “model of modelling” framework and identifies five phases of developing capability in modelling (learn models→ use models→ revise models→ reconstruct models→ construct models de novo).
	Argues that to “learn science,” “learn about science,” and “learn to do science,” students must engage in modelling; thus MBR should be central in science education. Emphasizes epistemological commitments (phenomenon vs. representation, prediction with simplified models) and the need for teachers to understand models, modelling to support progression toward model-based reasoning. 
	Uses a semi-structured interview study with 39 Brazilian science teachers (four sub-samples) to map their views onto the “model of modelling” framework. Data (≈1-hour interviews) reveal which modelling components teachers highlight or overlook, leading to concrete implications for teacher education aimed at developing modelling/MBR competence. 

	Gobert & Buckley, (2000)
	Defines models as simplified representations of systems and distinguishes mental, expressed, consensus, and teaching models; defines model-based learning as constructing, evaluating, revising mental models within a constructivist view of knowledge.
	Positions model-based teaching and learning (MBTL) as central to scientific literacy, arguing that coherent theories of MBTL must explain how learners build, use, revise, and elaborate models across domains and representations. 
	Calls for research that characterizes different kinds of models in classrooms and curricula, analyzes learners’ model-based reasoning, and studies how modelling tasks can promote epistemological and conceptual development across biology, chemistry, physics, geology, and technology.

	Nersessian, (1999)
	Defines model-based reasoning as the family of analogical, visual, and thought-experimental modeling practices through which scientists construct models that interpret target systems; draws on mental-model theory to treat these as structural analogues enabling simulative, constraint-satisfying reasoning central to conceptual change. 
	Reframes conceptual change as the product of extended constructive problem solving rather than sudden insight; argues that modeling practices are not ancillary but primary forms of scientific reasoning, generative of new concepts that precede and guide later formalization into laws and theories.
	Advocates a naturalized cognitive-historical program that combines analysis of historical records (papers, letters, notebooks, diagrams) with cognitive studies of mental modeling, using both to reconstruct analogical, visual, and simulative reasoning processes that drive conceptual change.

	Nersessian, (2006a)
	Frames model-based reasoning as a constraint-satisfaction process in which scientists co-construct, manipulate, and revise mental and physical models within rich social–material environments, drawing on distributed/embodied views of cognition to reconceive modeling as situated in human–artifact systems.
	Reinterprets cognition as distributed model-based reasoning: inferences are attributed to researcher–artifact systems where model systems (“devices”) function simultaneously as representations and cognitive artifacts; models are structural/functional analogs evaluated and adapted by satisfying domain constraints through simulation and abstraction.
	Methodologically, exemplifies a cognitive–historical, distributed-cognition analysis of BME labs: treats “model systems” (e.g., vascular construct, flow loop) as networks of interlocking mental and physical models, diagrams their roles in experiments, and analyzes specific vs. generic inferences and abstraction processes to characterize MBR in practice. 

	Landriscina, (2013)
	Frames simulation-based learning as a model-centered approach: learners build and use simulations by progressing through internal and external models, with mental models and mental simulation linking student cognition to computer-based models and conceptual change.
	implies that simulation-based learning is a specific form of model-based learning: simulations share model types, epistemic functions, and modeling processes, and can restructure students’ mental models into more scientific conceptual models, especially for complex or dynamic systems.
	Methodologically, the author multidisciplinary, model-centered design of simulation environments: analyze cognitive processes, epistemic beliefs, and modeling activities; distinguish building vs using simulations; and design four-layer environments (computational model, interface, instructional support, complementary activities) to scaffold MBR.

	Brenner & Brenner, (2010)
	Positions model-based reasoning in Logic in Reality (LIR), arguing that standard logics cannot capture real, dynamic model-based processes. He defines MBR as reasoning with models, about models, and model-determined reasoning, aligning with Magnani and Nersessian’s view of constructing and manipulating non-verbal representations.
	LIR implies that MBR and its key relations, between internal and external models, models and targets, reasoning and reality, belong inside logic, but a non-classical process logic. Instability, inconsistency, and incompleteness in model-based reasoning become dialectical features of real cognitive processes rather than defects or noise in ideal symbolic systems.
	Methodologically, author proposes using LIR as an analytic lens for MBR across domains: reinterpreting models, targets, and simulations as dynamically coupled processes and examining real modeling episodes (scientific, computational, social) for patterns of “actualization / potentialization” and dynamic opposition, rather than relying on purely formal reconstructions of reasoning. 

	Coghill, G. M. (2004)
	Grounds model-based reasoning (MBR) in qualitative reasoning, defining it as reasoning with many kinds of models—qualitative, quantitative, fuzzy, hybrid—chosen and adapted to tasks within smart adaptive systems. He introduces generic model properties (ontological, representational, behavioral) as a framework for describing, comparing, and designing models and model-based systems.
	MBR implies that no single “best” model exists; correctness is purpose-relative. Effective reasoning requires matching tasks to model properties, using multiple, switchable models and hybrids to trade off scope, resolution, uncertainty, and ontology, thereby generalizing beyond rule-based systems toward flexible, adaptive model-based architectures.
	For methodology, the paper proposes decomposing domains into problem and solution spaces, mapping diagnostic tasks to model properties, and supporting model switching; it then integrates MBR with Quality Function Deployment to build “houses of quality” that link user requirements to diagnostic tools, paving the way for model-based development methods.


	Shin, et al. (2022)
	Grounds MBR in a Framework for Computational Systems Modeling that integrates modeling with systems thinking (ST) and [footnoteRef:1]computational thinking CT [footnoteRef:2](CT1–CT5). The framework defines five iterative modeling practices [footnoteRef:3](M1–M5). [1:  In computational modeling, CT skills (algorithm design, simulation, debugging, iteration) enables an MBR workflow for building and manipulating (mental, physical, mathematical, computational) models.]  [2:  CT1—Decompose problems (to make them computationally solvable), CT2—Create artifacts using algorithmic thinking, CT3—Generate, organize, and interpret data, CT4—Test and debug, CT5—Make iterative refinements.]  [3:  M1—characterize problem, M2—define system boundaries, M3—design/construct structure, M4—test/evaluate/debug, M5—use model to explain/predict or design solutions.] 

	The framework implies that model-based reasoning about complex systems is fundamentally an integration of ST and CT: each modeling practice mobilizes specific ST/CT aspects, so understanding, explaining, and predicting phenomena depends on coordinating system structure/behavior with computational decomposition, algorithms, data practices, debugging, and iterative refinement.
	Methodologically, the study uses an integrative literature review to derive ST/CT aspects and sub-aspects, then operationalizes MBR by mapping them onto modeling practices, yielding a design tool for curricula, software, scaffolds, and assessments that elicit observable ST/CT behaviors during modeling.

	Banks, (2008)
	Banks frames modeling and simulation as a discipline where models are approximations of real-world systems and simulation is the imitation of their behavior over time. Together with visualization and analysis, this establishes a model-centered, hypothesis-testing view of inquiry closely aligned with model-based reasoning.
	Implies that model-based reasoning via M&S functions as a “third branch of science”: learners and researchers create abstracted models from data, repeatedly simulate “what-if” scenarios, and analyze outcomes to understand complex, dynamic systems that may be inaccessible, dangerous, or non-existent in reality.
	Methodologically, the author specifies a three-step MBR workflow; (1) develop a model (data-driven, accurate data collection), (2) execute simulations (iterate/what-if), (3) analyze outputs (verification/validation; limits). Distinguishes stand-alone and integrated simulations and highlights applications in training, decision support, understanding, and education, offering a general template for structuring model-based investigations.

	Magana & Silva Coutinho, (2017)
	Grounds MBR in engineering as computational modeling and simulation practices intertwined with disciplinary learning and computational thinking (data, modeling/simulation, problem solving, and systems thinking), arguing that facility with models, simulations, and software constitutes a new literacy for the engineering workforce.
	They imply that model-based reasoning in engineering workplaces requires navigating a spectrum of M&S practices (e.g., designing experiments with simulations, validating, calibrating, quantifying uncertainty, visualizing data) so that CT becomes practice-ready: engineers iteratively build, test, refine, and interpret models as central to authentic problem solving.
	Methodologically, they survey 37 industry/academic experts, derive and rank 30 modeling/simulation practices and 20 computational methods, and thematically analyze open responses on challenges/strategies—yielding design guidance for curricula that spiral M&S/CT skills through labs, math/science courses, programming, and scaffolded tool use.

	King, et al.  (2019)
	The study positions MBR in computational modelling, defining modelling as constructing, revising, or using mental, conceptual, or computational representations of systems to answer scientific questions or learn, and arguing that carefully designed simulations and scaffolds (e.g., partial models, interfaces) shape how students test, evaluate, and refine models. 
	Argues that constructing and revising models before simulating them prompts deeper explanatory and evaluative reasoning and greater attention to mechanisms and relationships than simulating pre-built models alone, so the sequencing of Construct, Revise, and Simulate systematically tunes how students’ model-based reasoning unfolds. 
	Combines post-lesson concept maps of the lac operon with audio-recorded small-group discussions, coding utterances into seven cognitive reasoning processes and six discussion foci. Comparative analyses of Build versus Investigate groups show how different modelling sequences elicit distinct patterns of explanatory, evaluative, and mechanism-focused reasoning. 

	Passmore, et al. (2009)
	Grounds inquiry in a model-based view of science, defining inquiry as developing explanations through participation in disciplinary practices. They argue that model-based reasoning with models, data patterns, and explanations is central across sciences and should anchor scientific literacy and classroom practice via their Practice Framework.

	The framework implies that replacing the textbook “scientific method” with model-based inquiry yields a more realistic account of science: students should engage in diverse inquiries, use and revise existing models, construct model-based explanations, unify disparate phenomena, and participate in argumentation about models and explanations.

	Methodologically, they use the Practice Framework to design and analyze curriculum units in astronomy, genetics, and evolution, structure classroom tasks around models and data patterns, and assess learning by students’ capacities to develop, revise, and defend model-based explanations for novel phenomena within classroom scientific communities.

	Schwarz & White, (2005)
	Grounds model-based reasoning in a model-centered, metamodeling view of science: scientific models are representations/rules/reasoning structures used to generate predictions and explanations, and scientific modeling is constructing, evaluating (accuracy, consistency), and revising such models as central to inquiry.

	They argue that explicit metamodeling knowledge (about the nature, purposes, and evaluation of models) enables students to understand science as model-building, see models as partial, revisable constructions, and improves inquiry and physics learning when embedded in a model-based inquiry cycle.
	Methodologically, they design and study the METT curriculum: students use Model-Design software to build simulation models of force and motion, evaluate them with explicit criteria (accuracy, plausibility, utility, consistency), debate alternatives, and are assessed via modeling, inquiry, and physics tests plus follow-up interviews within a design-experiment framework.

	Böschl, et al.  (2023)
	Grounds model-based reasoning in elementary science as engaging students in four core modeling practices (i.e. constructing, using, evaluating, and revising models of phenomena), situated within inquiry-based, reform-oriented standards (e.g., NGSS, GDSU). Models are defined here as abstracted, multimodal representations used for explanation, prediction, and sensemaking. 
	They imply that authentic elementary MBR requires more than showing finished models: students need repeated, spiraling opportunities to iteratively construct, use, evaluate, and revise models for sensemaking, rather than engaging in “pseudomodeling” where models serve mainly as static content-delivery tools. 
	The study uses a cross-national video-based observation of 142 K–5 lessons in the U.S. and Germany, scored with the Modeling Practices Observation Protocol (MPOP) to quantify frequencies of construct, use, evaluate, and revise. Nonparametric analyses compare patterns, revealing which modeling subprocesses are emphasized or neglected in typical classrooms. 

	Buckland & Chinn, (2010)
	Introduces the Model-Evidence Link (MEL) diagram as a scaffold to support MBR by helping students coordinate multiple models with multiple pieces of evidence, defining MBR as judging how strongly evidence supports or contradicts competing models.
	The study implies that MEL diagrams function as a representational tool of model-based reasoning: by forcing students to assign weighted links and articulate justifications, MELs externalize evaluative criteria for good/bad models and support richer, more elaborate explanations though their impact depends strongly on how teachers scaffold inquiry and discussion. 
	Uses completed MELs plus group discourse in a year-long microgenetic study to analyze students’ MBR; shows that MEL tools must be coupled with effective teacher scaffolding and student-led discussion to reduce non-justificatory reasoning and deepen model-based inquiry.

	Sinha, et al. (2025)
	Positions MBR as a central epistemic practice in science education: model-based reasoning is defined as constructing, using, and revising models to make sense of phenomena, coupled with Knowledge-in-Pieces and Guided Reflective Refinement (GRR) to treat everyday ideas as resources for refined scientific models. 
	They imply that MBR-based, asset-oriented instruction can systematically reorganize students’ fragmented energy ideas: model generation, evaluation, and revision structure guided reflective refinement, helping learners externalize, test, and gradually align their intuitive explanations with canonical accounts of energy conservation and transfer over multiple, linked modeling activities. 
	Methodologically, authors couples design-based research on a seven-day, co-designed middle-school energy unit with qualitative and quantitative analyses: thematic coding of teacher MBR moves (Table 1), Epistemic Network Analysis across five modeling activities, and close analysis of students’ successive models to show how specific move patterns support refinement of model-based explanations

	Tako, (2015)
	Frames model-based reasoning in discrete-event simulation (DES) as an iterative model-development process involving seven activities—problem structuring, conceptual modelling, model coding, data inputs, verification/validation, experimentation, implementation—with DES modelling seen as both art and science and strongly iterative in practice.
	Findings imply that expert DES model-based reasoning is organized around recurrent loops with model coding as the hub, repeatedly cycling with data inputs and verification/validation. Distinct “coding-oriented,” “balanced,” and “reduced-conceptualization” styles show that effective MBR is shaped by individual modelling styles and frequent topic switching.
	Methodologically, authors uses Verbal Protocol Analysis: six expert modellers build a prison-population DES model while thinking aloud; transcripts are segmented into episodes coded by modelling topic, then analyzed via word-proportion profiles, timeline plots, and transition matrices to quantify attention distribution, iteration rates, and dominant modelling loops.

	Hestenes, (1992)
	Grounds MBR in the Newtonian World as a hierarchy of particle, continuous, and statistical models, with Newtonian theory as rules for constructing, validating, and deploying these models. “Modeling games” formalize this rule-governed activity linking physical phenomena to conceptual models. 
	Implies that learning Newtonian mechanics is learning to play modeling games: students should iteratively build, test, and revise models under explicit rules (e.g., interaction laws, model selection, validation), mirroring how scientists generate explanations and predictions within the Newtonian framework.
	Proposes a modeling-centered curriculum built from Newtonian modeling games, where students iteratively build, test, and refine models in cycles of model construction, experimentation, and deployment to structure mechanics instruction, rather than memorizing formulas. 

	Hestenes, (2010)
	Develops, modeling theory as a model-centered epistemology and cognitive theory in which model-based reasoning (i.e. making, manipulating, and sharing models) is the basic process in math, science, and everyday cognition. MBR therefore is the coordinating structure across mental models, conceptual representations, and physical systems, especially linking math and physics.
	Articulates cognition in math and science is fundamentally making and manipulating mental models; scientific theories are systems of rules for constructing and validating models, so divorcing mathematics from physics undermines conceptual understanding and transfer. Modeling Theory thus treats modeling as the core of quantitative scientific reasoning and learning. 

	Methodologically, author proposes Modeling Instruction: organize curricula around a small set of core models; structure inquiry in modeling cycles (model construction, model analysis, model validation, model deployment); center classroom discourse on explicit models and whiteboard presentations; and evaluate with instruments like the Force Concept Inventory (FCI) and design experiments documenting gains in conceptual and modeling competence.


	Svoboda & Passmore, (2013)
	Frames model-based reasoning (MBR) in biology as a set of cognitive modeling strategies deployed to pursue different epistemic aims. Using Levins and Odenbaugh, they frame models as tools for simplification, exploration, concept development, prediction, and explanation within shifting disciplinary “epistemic cultures,” rather than a single generic practice.
	They argue that biology’s diversity of aims (realism, generality, precision) demands a context-sensitive account of MBR: simple, even “false,” models can be epistemically powerful for exploring possibilities and developing concepts, not just fitting data. Biology education should therefore foreground multiple roles of models instead of a narrow prediction/explanation-only view.

	Methodologically, they analyze an undergraduate CLIMB modeling project via ethnographic field notes and transcripts, coding episodes with Odenbaugh’s five roles to show how students use simple models to frame questions, explore scenarios, and refine concepts. They then recommend classroom modeling tasks that explicitly surface purposes, trade-offs, and epistemic criteria for different modeling strategies.

	Gilbert & Justi, R. (2016)
	Frames modelling-based teaching (MBT) as centering students’ engagement in modelling (constructing, using, revising models) and adopts an artefactual view of models as epistemic tools closely tied to scientific practice and learning. Distinguishing model-based vs. modelling-based teaching and arguing that modelling engages students in core scientific practices and situated cognition rather than rote content delivery.
	They imply that because models function as tools for constructing, revising, and communicating understanding, modelling-based teaching can develop both scientific concepts and general mental skills, including metacognitive awareness of how scientific knowledge is generated, evaluated, and revised through modelling activities across topics and contexts.
	proposes modelling-based teaching organized around a “Model of Modelling” and Generate – Evaluate – Modify (GEM) approaches, learning progressions, and explicit work with multiple modes of external representation, argumentation, and visualization, providing teachers with structured designs for engaging students in iterative model construction, use, evaluation, and revision.

	
Kuipers, (1989)
	Frames qualitative reasoning model-based reasoning in qualitative models for mechanisms: incomplete knowledge of landmark values, directions of change, and constraints among variables can still support prediction. Qualitative reasoning is proposed as a bridge between rule-based diagnosis and continuous ODE models for monitoring, control, and causal explanation.
	The paper implies that qualitative model-based reasoning expands the modeling toolkit by filling the “gap” between differential/difference equations and influence diagrams. Qualitative simulation of QDEs enables causal, mechanism-based predictions from partial information, avoiding unjustified linearity/parameter assumptions yet remaining mathematically interpretable as abstractions of underlying ODE systems.
	Methodologically, the paper surveys emerging qualitative-reasoning approaches and outlines a program to develop qualitative simulation into a formal reasoning method. Develops Qualitative SIMulation (QSIM): a constraint-based algorithm that, given qualitative structure and an initial state, generates a branching tree of possible behaviors. Using the U-tube example, he demonstrates qualitative state descriptions, quantity spaces, limit analysis, and proofs of sound but incomplete prediction as a formal approach to model-based reasoning.

	Russ & Odden, (2017)
	The paper frames model-based reasoning (MBR) as central to scientific reasoning in physics and argues that evidence-based reasoning and MBR are inseparable in authentic sensemaking. Models are treated as representations (often mechanistic) of key features, relations, and processes that account for how a system “runs,” and the relationship between modeling and evidence is iterative and recursive rather than linear.
	They argue that treating evidence-based reasoning and modeling as separate skills misrepresents physics, obscures how scientists construct causal explanations, and sends students inaccurate epistemological messages. Instead, they propose that robust physics sensemaking involves fluid, utterance-scale intertwining of models and evidence, where each constrains, refines, and renders the other evidential. 
	Methodologically, they present a microgenetic case study of four undergraduates in an electrostatics tutorial, video-recorded and transcribed, with utterance-level discourse coding for “use of evidence” and mechanistic model components. Timelines and episode analyses reveal specific strategies for using evidence to build/elaborate models and models to guide further evidence seeking. 

	Sirnoorkar, et al. (2023)
	Frames model-based reasoning as intertwined with scientific and mathematical sensemaking in introductory physics, drawing on Odden & Russ’s sensemaking epistemic game, mental-models work, and Suárez’s DFDIF account to define modeling as agent-centered abstraction, mental modeling, and external representation for explanation/prediction. 
	Argues that productive physics problem solving involves continual movement between sensemaking stages and DFDIF components; barriers in modeling (e.g., trouble coordinating forces or representations) can inhibit students’ sustained sensemaking, suggesting instruction must explicitly support modeling to support sensemaking. 
	Methodologically, they used qualitative case-study analysis of two students’ think-aloud Gravitron problem-solving interviews, coding transcripts with the sensemaking epistemic game and DFDIF components to track episodes, transitions, and breakdowns, offering a fine-grained template for analyzing intertwined MBR–sensemaking processes in similar contexts.

	Seel, (2017)
	Grounds model-based learning in mental model theory and the epistemology of modeling, defining MBL as the acquisition and development of mental models that simplify, idealize, and simulate phenomena. He synthesizes semantics, ontology, and epistemology of models and links classic cognitive work with model-based reinforcement learning. 
	Argues that model-based learning is central for STEM: mental models underpin explanation, prediction, and simulation; model-based vs. model-free reinforcement learning and age-related neural evidence position MBL as a core mechanism for scientific reasoning, with adolescence a particularly fertile period for developing powerful models.
	Advocates a composite research program on MBL, combining cognitive experiments, neuroscience (e.g., sequential decision tasks), and educational studies. He reviews diverse designs—case studies, tests, drawings, simulations, and K-12 inquiry interventions—and stresses tracking learning-dependent progression of mental models rather than only pre/post content scores.

	Lui et al. (2023)	Frames model-based reasoning in embodied and sociocultural perspectives: MBR is both mental simulation and inquiry with external models. They treat the lac-operon VR as a computational representation that supports structure–behavior–function (SBF) reasoning about complex, emergent biological processes in dialogue with a facilitator.
	Implies that well-scaffolded VR simulations can function as powerful mediating representations for MBR: learners and facilitators jointly interrogate structure, behavior, and function, shift across scalar levels, and coordinate predictions with observed dynamics—though mental workload and prior knowledge shape how productively they reason with the model.
	Methodologically, the study combines design-based research with microgenetic discourse analysis: 34 undergraduates used an HMD VR with a co-located facilitator; video transcripts were coded using SBF plus inductive open coding to identify four “patterns of use” that characterize facilitated VR-mediated model-based reasoning.

	Zangori et al. (2017)	Grounds model-based reasoning in a constructivist, model-based learning framework: students iteratively develop, use, evaluate, and revise carbon-cycle models as explanatory tools, with model-based explanations decomposed into components, sequences, and explanatory processes within a socio-scientific issues (SSI) context on climate change 
	They imply that robust MBR about climate change depends on students grasping causal mechanisms for carbon transfer and transformation; only then can they articulate feedbacks linking carbon cycling and climate change. Embedding iterative modelling in an SSI unit supports movement from simple chains to cyclic causality and system-level reasoning.
	The study designs a modelling-centered SSI unit, collects three iterations of student models plus interviews, and scores models with holistic rubrics for components, sequences, and explanatory process. A mixed-model ANOVA tracks change over time, while qualitative case studies unpack learning pathways and obstacles in students’ model-based reasoning.

	Kim et al. (2015)	Positions model-based reasoning in learning genetics with BioLogica, treating models as dynamic representations students explore, reflect on, and consolidate. They frame MBR as cycles of interacting with computational models plus teacher-led sensemaking, aiming to align school genetics with authentic model-based scientific practices.
	They imply that sequencing matters for MBR: low-structure exploration with BioLogica, followed by high-structure consolidation (“time for telling”) can activate students’ cognitive efforts, support deeper genetics understanding, and reconcile exam-focused cultures with model-based learning, especially when exploration and consolidation are tightly interwoven rather than sequestered.
	Methodologically, the study compares two lesson designs (Sequestered vs. Integrated) across 15 days in two Grade 9 classes using pre/mid/post genetics tests (33 MC items, repeated-measures ANOVA) plus rich process data—screen captures, video, audio, focus groups, and teacher interviews—to analyze how different exploration–consolidation cycles shape students’ model-based reasoning and interactions.

	Sjøberg et al. (2023)	Grounds model-based reasoning in a cyclic view of modelling (construct, use, evaluate, revise) and mechanistic reasoning, treating drawings, talk, and gesture as integrated semiotic resources through which students build, test, and refine mechanistic models of diagnostic tests in a sociocultural framework.
	They imply that productive MBR in molecular biology depends on coordinating micro–macro mechanisms across modes: student-generated drawings function as proto-models, while talk and gestures “fill gaps” by expressing movement, mechanism, and scalar connections that static diagrams alone cannot capture, jointly supporting increasingly sophisticated mechanistic explanations.
	Methodologically, the study combines social-semiotic and interaction-analysis approach, focus on three key episodes (construction, evaluation, revision), and pattern “drawing → deictic gesture → talk → iconic gesture” are laid out in methods and discussion.


(contd.)
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	Studies
	Approach
	Instruments/ Data sources
	Analytical frameworks
	Key insights 

	Stephens et al. (1999)	Interpretive classroom case study
	Video recordings of whole-class and focus-dyad activity, stimulated-recall and follow-up interviews, student workbooks, and four administrations of the factors affecting electrical resistance form capturing predictions and written explanations across task phases
	Coding of explanations using Driver et al.’s reasoning categories and Gentner’s structure-mapping framework
	Shows that students’ spontaneous use of model-based reasoning increased during and after the task, especially following scaffolded model instruction, but that most explanations remained at the level of lower-order relational mapping. The study demonstrates that classroom-based repeated explanation tasks, interviews, and artifact analysis can characterize growth in MBR over time while also revealing the difficulty students have in using explanatory models to move beyond empirical description toward mechanistic understanding.

	Nersessian (2025)
	Long-term cognitive ethnography of research labs. 
	5-year corpus of field observations, open & semi‑structured interviews, plus rich archival traces (grant proposals, manuscripts, slide decks, emails, lab‑wiki pages, whiteboard sketches) gathered in two bioengineering modeling labs.
	Triangulated qualitative analyses: interpretive and thematic coding, case‑study synthesis, cognitive‑historical reconstruction to abstract cross‑case patterns of model construction and revision.
	Labs operate as adaptive “problem‑spaces” where model construction is the locus of cognitive‑cultural integration; longitudinal tracing shows how scientists iteratively design, test and refine modeling environments to extend collective cognitive powers and coordinate interdisciplinary knowledge.

	Ríos et al. (2019)

	Think‑aloud and verbal‑protocol analysis.
	Audio-video recordings of 10 upper-division physics students working on an inverting-amplifier task; synchronized transcripts of their think-aloud protocols and screen/apparatus video.
	A priori codebook based on the Modeling Framework’s five subtasks (construct models; make measurements; make comparisons; propose causes; enact revisions), applied in 30-second intervals; emergent subcodes; interrater reliability; adjacency analysis of subtask transitions.
	Captures the full spectrum of modeling subtasks with fine temporal resolution, showing most time spent on measurements, comparisons, and revisions; reveals that all subtasks occur in close proximity and highlights frequent disconnected propose-cause episodes as key diagnostic moments.

	Sinha et al. (2025)
	Classroom discourse & artefact analysis.
	Whole-class video, whiteboard modeling sessions, hands-on engineering tasks, and simulation-based worksheets.
	Thematic coding of MBR pedagogical moves (e.g., questioning, predicting, evaluating); Epistemic Network Analysis (ENA) to map co-occurrence across modeling activities.
	Shows how teachers use sequenced model-based moves to guide students' reflective refinement of everyday thinking; patterns shift across tasks e.g., prediction-explanation pairs dominate in simulations, while evaluation-observation pairs emerge in class discussions.

	Dounas-Frazer et al. (2016)
	Structured interviews (think‑aloud troubleshooting).
	Paired think‑aloud sessions with full audio‑video capture; pre‑built malfunctioning electric circuit; student‑annotated schematics and oscilloscope traces.
	Cognitive Task Analysis of troubleshooting tasks (formulate → generate → test → repair) combined with the Modeling Framework for Experimental Physics; line‑by‑line coding plus time‑sliced Epistemic Network Analysis of co‑occurring move.
	Shows that structured, think‑aloud interviews elicit rich model‑based reasoning during authentic diagnostic work; reveals iterative cycles of hypothesis generation, measurement, and repair; demonstrates that troubleshooting tasks naturally engage modelling practices often missed by traditional concept‑inventory approaches.

	Magana et al. (2024)

	Simulation‑log and computational‑notebook analytics
	Computational notebooks (code cells, executed outputs, generated plots) plus scaffold prompts, individual and reflections prompts submitted for each two‑week project
	Multimethod analysis: notebook traces chunked by modelling phase; qualitative content analysis; rubric‑based scoring of representational‑competence across code, graphs & explanations; coding of self‑monitoring & cognition‑regulation strategies in reflections
	Notebook analytics show scaffolds (sense‑making, articulation, process‑management, reflection) steer iterative model building. notebook activity also reveals heterogeneous representational‑competence profiles i.e. graphical literacy lagged behind code interpretation—while reflection and articulation scaffolds helped students connect code, plots, and scientific meaning.

	Tako, (2015)
	Think‑aloud and  verbal‑protocol study of expert discrete-event simulation (DES) modelers.
	60–90 min individual modelling sessions: audio‑recorded “speak‑aloud” protocols while building simulation models in preferred software; resulting verbatim transcripts and rough model artefacts.
	Seven‑topic coding scheme (problem structuring, conceptual modelling, model coding, data inputs, verification/validation, experimentation, implementation); inter‑coder reliability ≥ 90 %; timelines, radar plots, and transition‑matrix analysis to map attention shifts and iteration loops.
	Experts spent most time on model coding (≈ 42 %), with verification/validation and data inputs next; MC served as the hub in iterative loops among activities. Two dominant modelling styles emerged—a coding‑oriented loop (Model Coding→ Data Inputs→ Verification & Validation) and a broader balanced loop (Conceptual Modelling→ Model Coding→ Data Inputs→ Verification & Validation), offering actionable patterns for teaching novices and refining graphical user interface (GUI) support.

	  Schwarz & White (2005)

	Metamodeling knowledge assessment (pre–post design).
	8‑item Modeling Test (4 sub‑scales), Written Scientific Inquiry, Applied Physics test (paper‑and‑pencil, one class period each) and semi‑structured “nature‑of‑models” interviews, supporting artefacts (student work, class video, reflective journals).
	Paired‑sample t‑tests & repeated‑measures ANOVA on test gains; coding of interview responses into four metamodeling aspects (nature, process, evaluation, purpose); correlation analysis among modeling, inquiry & physics scores.
	Metamodeling layer produced large gains in modeling knowledge, in inquiry skills, Students’ total inquiry scores rose markedly from 47 % pre‑test to 62 % post‑test, demonstrating that Model‑Enhanced Thinker Tools (METT) fostered measurable gains in scientific‑inquiry skills, and correlations show modeling understanding transfers to content learning, though students still struggled with model evaluation/revision.

	Buckland & Chinn, (2010)
	Model–Evidence Link (MEL) diagrams & argument maps.
	Students’ completed MEL diagrams, class video, small‑group audio, and pre/post written assessments drawn across a year‑long microgenetic study.
	Multi‑layer coding of each MEL link (direction & strength) plus elaboration ratings of students’ written justifications; patterns traced over time to profile model–evidence coordination.
	MEL diagrams lower cognitive load and make relationships between evidence and competing models visible; richer, highly elaborated links signal sophisticated reasoning, and teacher scaffolding shapes the quality of students’ model–evidence justifications.

	Krasich et al. (2024)	Laboratory eye-tracking study of mental imagery and causal judgment using a virtual ball–goalie task.
	EyeLink 1000 Plus eye tracker; virtual ball–goalie video stimuli; blank-screen imagery prompts; trial-end ratings of actual, counterfactual, and causal judgments on sliders; 48 trials per participant across offensive and defensive roles.
	Hex-binned fixation maps modeled with Poisson regression and Gaussian processes; Bayesian estimation with credible intervals and Bayes factors; condition and role contrasts to test counterfactual vs process theories.
	Retrospective eye movements tracked imagined actual and counterfactual trajectories; in causal trials, especially offensive role, gaze reflected counterfactual paths, supporting counterfactual-simulation accounts and establishing blank-screen eye tracking as a method for causal reasoning research.
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Table A4. Studies informing RQ4: Characterizing and measuring model-based reasoning
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	Characterization of MBR
	Measures of MBR

	Stephens et al. (1999)	Characterizes MBR as students’ use of an explanatory analogical model to account for observed experimental relationships, distinguishing lower-order from higher-order relational mapping in the quality of model use
	Uses repeated written explanations, interviews, and classroom video to code student responses as phenomenon-based, relation-based, lower-order model-based, or higher-order model-based reasoning across multiple phases of instruction and investigation

	Nersessian, (2006)
	Characterizes model-based scientific reasoning as constructing, manipulating, and revising model systems within distributed cognitive systems (people, tools, inscriptions) to solve complex problems.
	Uses cognitive-ethnographic case studies of labs (video, field notes, artifacts) to qualitatively identify episodes of model construction, simulation, evaluation, and revision in practice. 

	Nersessian, (2025) 
	Frames MBR as mind-in-environment activity, where scientists create “modeling environments” and use analogical and simulative reasoning across heterogeneous resources.
	Draws on cognitive-historical and ethnographic data (archival records, interviews, lab observations) to trace how modeling environments and reasoning practices co-develop over time.

	Ríos, et al. (2019)
	Treats MBR as students cycling through Modeling Framework subtasks (constructing models, measuring, comparing data to predictions, proposing causes, and revising), while troubleshooting circuits.
	Uses time-stamped coding of think-aloud video into the five modeling subtasks and analyzes frequencies, time distributions, and transition patterns across subtasks.

	Sinha, et al. (2025)
	Operationalizes MBR as students constructing, articulating, and refining energy models, supported by teacher moves that press for explanation and coordinate multiple representations.
	Codes classroom transcripts for teacher pedagogical moves and student model-based explanations, then uses Epistemic Network Analysis (ENA) to quantify co-occurring moves across modeling activities.

	Dounas-Frazer, et al. (2016)
	Characterizes MBR as intertwined with troubleshooting, where students use models to propose, test, and revise hypotheses about a malfunctioning op-amp circuit.
	Codes student talk and actions into Modeling Framework elements plus troubleshooting strategies, then examines which modeling moves appear and how they support successful repairs.

	Magana, et al. (2024)
	Operationalizes MBR as computational model-based learning, where students iteratively build, run, and refine simulations while coordinating code, graphs, and conceptual explanations.
	Applies representational-competence rubrics to Jupyter notebook cells by modeling phase, plus coded reflections and trace analytics (phase frequencies, sequences, regulation codes) to yield multi-metric MBR profiles.

	Tako, (2015)
	Characterizes MBR as expert discrete-event simulation modeling, iteratively moving between problem structuring, formal model construction, and experimentation with simulation runs.
	Uses think-aloud protocols and retrospective interviews with expert modelers, coding their work into modeling activities/phases across the simulation development process.

	Schwarz & White (2005)
	Characterizes MBR as interplay between modeling practices (construct, use, evaluate, revise) and metamodeling knowledge about purposes, nature, and evaluation of models.
	Uses a learning-progression framework plus data from written assessments, interviews, and classroom discourse to place students on levels of modeling practice and metamodeling knowledge.

	Buckland & Chinn (2010)
	Operationalizes MBR in terms of how students coordinate models and evidence using Model–Evidence Link (MEL) diagrams that show support, contradiction, or irrelevance for competing models.
	Codes MEL arrows for relation type, strength, and justification quality, then tracks changes in MEL patterns and elaborations over time and across classrooms to index sophistication of model–evidence reasoning.

	Pluta et al. (2008)	Characterizes MBR as constructing and evaluating scientific models and iteratively modifying models in response to evidence; includes justifying models, comparing alternatives using multiple (sometimes conflicting) evidence, and generating explanations/predictions.
	Uses Evidence–Model (EM) Diagrams to represent model–evidence links (supports, contradicts and irrelevant, with strength) plus written reasons/justifications; examines how this scaffold shapes students’ model–evidence coordination and argumentation over time.

	Böschl & Lange-Schubert (2023)
	Operationalizes MBR as elementary students’ engagement in four modeling subpractices—constructing, using, evaluating, and revising models—during everyday science instruction.
	Uses video-based classroom observations coded with a modeling-practices observation protocol to obtain frequencies and durations of modeling subpractices in U.S. and German lessons.

	Lehrer & Schauble (2000)
	Treats MBR as a long-term developmental trajectory, where children learn to use diverse models (physical, representational, data, agent-based and hypothetical–deductive models) in math and science to investigate phenomena and argue from evidence.
	Uses design-based classroom studies and analyses of student models, inscriptions, and discourse (e.g., elbow models, maps, graphs) to trace growth in modeling practices across elementary grades over multiple years to trace growth in modeling and argumentation practices.

	Tobin et al. (2018)
	Operationalizes MBR as a collectively developed “energy tracking lens” and energy-cube representations to construct, test, and revise explanations of energy flow in a solar-panel–motor–propeller system.
	Uses a single “thick” case study of four 4th-graders working on a solar-panel–motor system: video and transcripts are coded with Passmore et al.’s six MBR attributes and Next Generation Science Standards’ eight practices while students use the Energy Tracking Lens and energy cubes to construct, evaluate, and revise an energy-flow model.

	King, et al. (2019)
	Operationalizes MBR as undergraduates constructing, revising, and simulating a computational model of the lac operon, where construction and revision foster more explanatory and evaluative reasoning about mechanisms than simulation alone.
	Compares concept maps of gene regulation (structure/relationship correctness, local environment metrics) with coded audio discussions, using a cognitive-reasoning scheme (reading/paraphrasing, analyze, inductive, explain, evaluate) across Construct/Revise/Simulate activities to quantify depth and focus of model-based reasoning.

	Russ & Odden (2017)
	Characterizes MBR as students’ intertwined use of evidence-based and model-based reasoning during physics sensemaking, arguing these are subcomponents of a broader sensemaking practice rather than separate skills.
	Conducts utterance-level discourse coding of tutorial talk for uses of evidence and mechanistic modeling codes, then analyzes frequencies, co-occurrence, and timelines to document how students weave models and evidence together in electrostatics discussions.
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Table A5. Reasoning processes, definition, and supporting references
	MBR Reasoning modes
	Definition
	Source

	Abductive 
	Generating the most plausible explanatory hypothesis that accounts for observed data, then using that hypothesis to steer further modeling and inquiry
	Ippoliti et al. (2024), Magnani, (2009a), Oh, (2019), Upmeier Zu Belzen et al., (2021)
	Inductive 
	Generalizing rules, thresholds, or constraints from patterns across model outputs and evaluations, then using those generalizations to refine parameters or model structure.
	Bisanz et al. (1994), Cellier, (1991), Giese & Schnapp, (2021)

	Deductive 
	Applying specified model assumptions and parameters to derive predictions and implications that logically follow, then checking outputs against evaluation criteria.
	García-Madruga et al. (2002), Giese & Schnapp, (2021), Goswami, (2010), Polkowski, (2011)

	Analogical 
	Transferring structure or relationships from a familiar “source” domain to a new “target” domain to guide model construction and interpretation.
	Coll et al. (2005), Gentner & Smith, (2012), Svoboda & Passmore, (2013), Lovett & Forbus, (2017)

	Qualitative 
	Employing non‑numerical descriptions, conceptual relations, or rough sketches to explain system behavior without precise computation.
	Forbus, (1984), Kuipers, (1989)
	Quantitative 
	Applying numerical relationships and mathematical formalisms (e.g., equations, parameter values) to make precise predictions or inferences from models.
	Karagöz Akar et al. (2022), Mayes & Myers, (2014), Struss, (1997)
	Causal‑mechanistic 
	Identifying and articulating cause–effect chains and underlying mechanisms that link system components and dynamics.
	Kaplan & Black, (2003), Khemlani et al. (2014)
	Spatial 
	Understanding, manipulating, and reasoning about the spatial arrangement or geometric relationships of components in a model.
	Knauff et al. (2002), Ragni & Knauff (2013)
	Temporal 
	Reasoning about sequences, timing, rates of change, and dynamic evolution of a system over time.
	Schaeken et al. (1996)
	Tentative 
	Holding hypotheses and representational choices as provisional, adapting ontologies or model structure as new evidence arises.
	Hoehn & Finkelstein, (2018)
	Probabilistic
	Dealing explicitly with uncertainty and likelihoods by estimating probabilities, variances, or stochastic outcomes in simulations or mental models.
	Hattori, (2016), Johnson-Laird et al. (2015)
	Counterfactual 
	Exploring “what‐if” scenarios and alternative pathways by asking how changes to assumptions or mechanisms would alter model outcomes.
	Dohrn (2023), Krasich et al., (2024)

	Diagnostic 
	Inferring faults, inconsistencies, or areas for revision by comparing model predictions against observed data or desired criteria.
	Kassirer (1989), Reggia & Peng (1987)
	Visual 
	Leveraging graphs, diagrams, and other visual representations to support cognitive understanding and reveal patterns in model behavior.
	Liu & Stasko (2010)
	Epistemic 
	Reflecting on, justifying, and managing one’s own reasoning strategies, assumptions, and the scope of a model.
	Barzilai & Weinstock (2015), Barzilai & Zohar (2012), Leuenberger & Smith (2021)
	Reductive 
	Simplifying a complex system by breaking it into constituent parts and focusing on elementary interactions to build up a higher‑level model.
	Polkowski (2011)


	Pragmatic 
	emphasizes practical constraints, i.e. balancing model fidelity against available data, computational resources, time constraints, and the model’s intended use i.e. to guide how a model is selected, simplified, or adapted for implementation
	Bell (1995), Zilio et al. (2022)

	Computational 
	Designing, implementing, and manipulating computational representations i.e. writing code, selecting algorithms, debugging models, and analyzing simulation outputs, to explore system dynamics and test hypotheses.
	Gentile & Lieto (2022), Lyon et al. (2022), Shin et al. (2021)
	Covariational 
	Coordinating two varying quantities, constructing them as changing together and tracking how each changes in relation to the other to form a unified image of simultaneous change.                   
	Bagossi, (2024), Gantt et al. (2023), Gil & Gibbs, (2017), Hong et al. (2020)
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