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Abstract 

Stealth assessment has emerged as a powerful approach for measuring and supporting 
learning within digital environments without interrupting engagement. Its conceptual 
coherence and psychometric rigor, however, rest squarely on the foundations of 
Robert Mislevy’s evidence-centered design (ECD). ECD provides the inferential 
architecture that enables valid claims about learners’ competencies to be drawn from 
complex streams of behavioral data. In this paper, we argue that ECD is the sine qua 
non of stealth assessment: without it, stealth assessment would be reduced to 
opportunistic data mining rather than psychometrically sound, principled 
measurement. We trace the historical development of stealth assessment, describe how 
ECD structures its core models, and illustrate their integration through an extended 
example from Physics Playground. We conclude by outlining future directions that 
further deepen, rather than dilute, the evidence-centered foundations of stealth 
assessment. 

 

Background 

Robert Mislevy didn’t just change how we measure learning; he provided the syntax for a language 
we are still learning to speak when referring to educational assessment. At the heart of this 
transformation lies Evidence-Centered Design (ECD; Mislevy et al., 2003; Mislevy et al., 2013; 
Mislevy, 2018)—a framework that shifted assessment from the craft of test-making to the 
construction of principled evidentiary arguments. ECD reframed assessment as an inferential 
enterprise: one in which claims about what learners know and can do must be explicitly warranted 
by evidence.  
 
For our work on stealth assessment, ECD is not merely a reference point but its sine qua non. By 
separating the logic of inference from the mechanics of administration, Mislevy offered a blueprint 
for moving assessment beyond intrusive “stop-and-test” moments to embedding measurement 
directly within the activity of learning itself.  
 
This reconceptualization matters because learning is not episodic; rather, it unfolds continuously and 
is easily disrupted by frequent interruptions. Learning also does not occur in a vacuum. Moreover, 
learners differ widely in their prior knowledge, skills, motivations, affective states, goals, 
backgrounds, and opportunities, and these differences shape how learning trajectories emerge over 
time. What happens during the learning process—moment by moment—thus plays a decisive role in 
shaping eventual outcomes. An assessment approach grounded in ECD makes it possible to attend 
to these processes without halting them, supporting inferences that are both psychometrically sound 
and educationally useful. Stealth assessment builds directly on this evidentiary logic to make learning 
processes visible, enabling systems not only to produce reliable and valid inferences, but also to 



2 
 

deliver learning supports that are timely, personalized, and instructionally meaningful (Rahimi & 
Shute, 2025; Shute & Zapata-Rivera, 2012). 
 
Digital learning environments, including intelligent tutoring systems (ITS), simulations, and games, 
create the conditions under which this vision becomes actionable. Such environments provide 
unprecedented access to fine-grained data about learning as it unfolds. Every interaction—what a 
learner does or says, when they do it, how they respond to constraints, and how their strategies 
evolve—leaves a digital trace. Stealth assessment (Shute, 2011) emerged from a deceptively simple 
question inspired by ECD’s inferential logic: What if these traces could be systematically interpreted 
as evidence, transformed into valid, real-time inferences about learners’ evolving cognitive and 
noncognitive states, and then used to support learning while it is still in progress? 
 
From its earliest instantiations in student modeling for ITS (Shute & Psotka, 1996) to its current 
implementations in complex, game-based learning environments (e.g., Rahimi et al., 2024; Shute et 
al., 2020), stealth assessment has always depended on principled inference—specifically, on ECD 
(Mislevy et al., 2003; Mislevy et al., 2013). ECD supplies the connective tissue that links observable 
actions to latent competencies, ensuring that assessment claims are grounded in evidence rather than 
convenience. Our work on stealth assessment derives its coherence, credibility, and power from 
Mislevy’s formulation of ECD, which serves as its conceptual and psychometric foundation. This 
chapter makes explicit how stealth assessment is built on ECD’s foundations and argues that its 
future—particularly its promise to support learning—depends on preserving, refining, and extending 
those foundations. 

A Brief History of Stealth Assessment 

As discussed fully in Shute (2023), the roots of stealth assessment can be traced to late-1980s 
research in artificial intelligence (AI), education, and measurement. During this period, work on ITS 
explored how learners’ actions could be used to infer knowledge states, guide instruction, and adapt 
content. Central to this work were student models, Bayesian inference networks, and the idea that 
assessment could be continuous rather than episodic. 

Despite these conceptual advances, early systems were constrained by limited computing power and 
data infrastructure. Real-time data collection, analysis, and feedback were difficult to achieve, and 
many assessments remained intrusive or disruptive. As technologies advanced, however, the 
possibility of embedding assessment (mainly for formative rather than summative purposes; see 
Shute & Rahimi, 2017) seamlessly within learning activities became increasingly feasible. 

The term stealth assessment was introduced circa 2005 to describe assessment that is unobtrusive, 
continuous, and deeply embedded within authentic activities. Early proof-of-concept work, 
supported by the Gates Foundation, involved the development of a custom-designed game—initially 
Newton’s Playground (Shute et al., 2013) and later Physics Playground (Shute et al., 2019)—built explicitly 
to house stealth assessment machinery. Importantly, these efforts were not ad hoc. From the outset, 
they were grounded in ECD, with clearly articulated competency models, evidence models, and task 
models.  

Using Physics Playground, we designed and validated stealth assessments of various competencies, such 
as physics understanding (Shute et al., 2020), creativity (Shute & Rahimi, 2020), persistence (Rahimi 
et al., 2021; Shute et al., 2015), and collaborative problem-solving skills (e.g., Sun et al., 2019).  These 
studies, among others, demonstrated that stealth assessment could achieve acceptable reliability and 
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validity while remaining invisible to learners. Encouraged by these findings, other projects extended 
stealth assessment to commercial games such as Portal 2 (Shute & Wang, 2015) and Plants vs. Zombies 
2 (Shute et al., 2016). These studies showed that ECD-based stealth assessments could be deployed 
within existing environments and still produce meaningful inferences about problem solving, spatial 
skills, and persistence. To achieve its formative assessment potential, we conducted design-based 
research testing various in-game learning supports that offer just-in-time explanations when students 
succeed and encouragement and instructional scaffolding when they struggle (e.g., Shute, Ke et al., 
2019). Across these efforts, a consistent pattern emerged: whenever stealth assessment worked well, 
it was because ECD ensured that the stealth assessment could produce valid, reliable, and fair 
estimates of learners’ competencies. In addition to the work that we have done, other researchers 
have adopted this method and used it in other fields (see Rahimi et al., 2023 for a systematic review 
on this topic; and see Rahimi, Shute, & Almond, 2026 for a summary of a special issue on stealth 
assessment).  

How Does Stealth Assessment Work? 

Stealth assessment weaves ongoing formative assessments deeply and invisibly within digital learning 
environments. As learners interact with tasks, they naturally generate rich sequences of actions that 
are automatically captured in log files. These data are identified and scored using in-game 
rubrics/rules, aggregated in real time using statistical models (e.g., Bayesian networks), and used to 
update probabilistic estimates of learners’ competencies. Stealth assessment is also intended to 
support learning and maintain flow—a state of optimal experience, where a person is so engaged in 
the activity at hand that self-consciousness disappears, sense of time is lost, and the person engages 
in complex, goal-directed activities not for external rewards, but simply for the exhilaration of doing 
(Csikszentmihalyi, 1990). The goal is to blur the distinction between assessment and learning.  

Stealth assessment differs from simple learning analytics not just because it uses data, but because it 
is built on an inferential argument. Learners’ observable actions only matter if they are intentionally 
designed to provide evidence about specific competencies. In a typical stealth assessment process, 
learners engage in tasks that elicit evidence; their actions are captured and scored using evidence 
rules; this evidence is combined using statistical models, often Bayesian networks; and learner 
models are updated to estimate current competencies. These Bayesian networks allow the system to 
reason as if a student has certain competencies which offers a useful, context-sensitive 
approximation of their complex socio-cognitive resources—rather than claiming to fully reveal their 
underlying cognitive structure. These evolving estimates can then support adaptive instruction, 
personalized learning supports, and meaningful feedback for both learners and instructors. 

Without ECD, this pipeline would lack coherence. With ECD, it becomes a defensible assessment 
system grounded in explicit claims, designed evidence, and principled inference. Another way to 
understand stealth assessment is basically as the bridge between emic (i.e., the learner’s internal 
cognitive and affective resources) and etic (i.e., the external linguistic, cultural, and substantive 
patterns and formal models of the domain). Stealth assessment then uses a person’s observable 
behavior (interaction data) to make inferences about how their emic resource system is aligning—or 
not—with etic patterns. This is where just-in-time supports become especially powerful. They’re 
triggered based on etic interpretations (e.g., evidence that a student is not applying Newton’s second 
law force correctly), but they act directly on the learner’s emic system and help them reorganize and 
refine their internal resources. Over time, these feedback loops help attune emic understanding to 
etic structure. 
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ECD: The Backbone of Stealth Assessment 

ECD was formulated to address a fundamental problem in assessment: how to reason systematically 
from observations to claims. ECD frames assessment as an evidentiary argument composed of 
interlocking models that specify what is to be measured, what evidence will support claims, and what 
tasks will elicit that evidence.  

At its core, ECD consists of three key models that work together dynamically. The competency model 
(CM) specifies the knowledge, skills, and other personal attributes to be assessed. It defines the 
latent variables of interest and their relationships, providing the structure for student models. In 
stealth assessment, the competency model corresponds to the student model that is continuously 
updated as learners interact with the environment (see Rahimi, Smith et al., 2024 for CM 
development).  

The evidence model (EM) defines how observable behaviors are identified, scored, and linked to 
competency variables. It includes two essential processes: evidence identification, which specifies 
what counts as observable evidence; and evidence accumulation, which specifies how that evidence 
updates beliefs about competency. Bayesian networks are frequently used in stealth assessment 
because they naturally support probabilistic inference under uncertainty and allow evidence to be 
combined across time and tasks. 

The task model (TM) specifies the features of tasks that can elicit the desired evidence. In game-based 
environments, tasks often correspond to levels or challenges designed to evoke targeted behaviors 
(e.g., specific game mechanics, interactions, affordances). The TM ensures that activities are not 
merely engaging, but diagnostically meaningful. 

The EM serves as the bridge between the TM and the CM, ensuring that tasks generate evidence 
that can be interpreted in terms of claims about learners. Collectively, these models form the 
inferential engine of stealth assessment. These models can be mapped directly to Toulmin’s 
Argument Model (Toulmin, 1958) where the CM structures claims, the TM generates data, and the 
EM acts as probabilistic warrants. The goal in Toulmin’s Argument Model is to provide strong 
evidence that justifies the connection between data and claims. The more accurate (i.e., valid) the 
warrant—representing the inferences drawn from the EM—the less plausible alternative 
explanations (i.e., other reasons for what the learner knows or can do) become. Stealth assessment 
seeks to strengthen these warrants and reduce alternative explanations using ecologically valid tasks. 
In doing so, it supports a conditional sense of fairness (Mislevy et al., 2013), whereby interpretations are 
continuously refined to minimize construct-irrelevant factors and ensure that observed performance 
reflects intended competencies. 

Why ECD Is the Sine Qua Non of Stealth Assessment 

Stealth assessment often operates in environments that are rich with data but poor in structure. 
Digital games, in particular, can generate vast quantities of interaction data, but data alone do not 
constitute evidence. ECD provides the structure that transforms raw data into meaningful evidence. 

Moreover, ECD ensures that claims about learning are explicitly defined, that evidence is designed 
rather than discovered post hoc, and that inferences are transparent and justifiable. Without ECD, 
stealth assessment risks devolving into opportunistic data mining, where patterns are detected but 
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their meaning is unclear and their validity questionable. With ECD, stealth assessment becomes 
principled measurement. 

This distinction is not merely theoretical. In practice, ECD constrains design decisions, guides the 
selection of indicators, and anchors validation efforts. It ensures that stealth assessment systems 
remain accountable to the constructs they claim to measure, even as they operate invisibly within 
complex environments. 

In an ECD-based stealth assessment system, actions (e.g., gameplay) and assessment are inseparable. 
Tasks generated from the TM elicit behaviors that are scored according to the EM and used to 
update the CM in real time. As learners continue to interact with the learning environment (e.g., 
game), the system refines its estimates, which can be used to enable adaptive task selection and 
personalized feedback. 

Crucially, this adaptivity is driven not by surface performance alone, such as success or failure, but 
by inferences about underlying competencies at play for learners’ observable actions. A learner who 
fails a task may do so for different reasons—misconceptions, lack of persistence, or inefficient 
strategies—and ECD-based models allow these differences to be distinguished. This capacity to 
diagnose learning processes rather than merely outcomes is central to the value of stealth 
assessment. Next, we illustrate stealth assessment related to understanding Newtonian physics.  

An Extended Example: Physics Understanding in Physics Playground 

Physics Playground (Shute et al., 2019) provides a concrete illustration of how ECD structures stealth 
assessment from conception through validation. The game challenges learners to solve physics-
based puzzles by drawing and manipulating objects and parameters to achieve a simple goal: hitting 
a target balloon using a green ball with principles of force and motion. 

The CM for physics understanding was developed in collaboration with subject-matter experts and 
organized hierarchically. At the top level sat overall physics understanding, supported by mid-level 
constructs such as force and motion, energy, linear momentum, and torque. These, in turn, were 
linked to specific laws and principles, including Newton’s three laws of force and motion.  

The TM included two primary task/level types: sketching levels, in which learners drew objects on the 
screen of their devices to create simple machines, and manipulation levels, in which learners adjusted 
parameters such as mass, gravity, and air resistance, to solve problems. A Q-matrix was used to map 
tasks to competencies and ensure adequate coverage across competencies and difficulty levels. This 
explicit alignment exemplifies the discipline imposed by ECD. 

The EM specified in-game indicators associated with targeted physics understanding competencies. 
Learners’ actions were scored and accumulated using Bayesian networks, which then produced 
probabilistic estimates of mastery at multiple grain sizes. These estimates were updated continuously 
as learners progressed through the game. Note that this moment-by-moment capture and scoring of 
in-game actions maps onto Mislevy’s concept of “evidence-bearing opportunities,” discussed in 
Chapter 16, this volume (VERIFY CHAPTER/VOLUME).   

Validation focused on face, content, and convergent validity. The face and content validity were 
conducted before collecting data and during the design process. This approach is also informed by 
ECD practices. That is, learning science and physics experts continuously validated the content, the 
game mechanics, and the assessment design. Convergent validity, done after data collection, 
examined correlations between stealth assessment estimates and relevant external physics tests (e.g., 
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Force Concept Inventory; Hestenes, Wells, & Swackhamer 1992). Significant correlations at both 
overall and sub-construct levels demonstrated that the inferences supported by the ECD-based 
models were meaningful and defensible. Stealth assessment estimates were then used to drive 
adaptivity and learning supports. When competency estimates were low, targeted feedback or 
instructional resources were delivered; when they were high, learners progressed to more challenging 
tasks. Student-facing dashboards further increased transparency and supported self-regulated 
learning as students could focus on game levels with low estimates. 

Looking Ahead: The Future of ECD-Based Stealth Assessment 

The future of stealth assessment lies not in abandoning ECD, but in extending it. As technology-
rich learning environments become more widespread, the importance of assessment approaches that 
are theory-driven, psychometrically sound, and unobtrusive will continue to grow. Stealth 
assessment is particularly well-positioned for large-scale adoption because it enables valid inference 
while preserving learner engagement and minimizing test-like interruptions. Accordingly, we expect 
stealth assessment to be increasingly implemented at scale across digital learning platforms. 

A central direction for this evolution is the integration of theory-driven ECD models with data-
driven methods, including machine learning and generative AI. These methods can strengthen 
internal processes of stealth assessment—particularly evidence identification and scoring—by 
supporting the interpretation of complex learner behaviors and open-ended products. For example, 
rubric-based prompt engineering offers a structured way to extract and evaluate evidence in 
alignment with performance expectations (i.e., competencies and the relevant claims), which is 
especially useful when learners generate multimodal artifacts (e.g., written explanations, designs, 
diagrams, audio, or interactive creations). In addition, generative AI can support the design of tasks 
intended to elicit targeted evidence, accelerating the development of new stealth assessment 
activities while maintaining alignment with ECD principles. 

At the same time, because ECD-based assessment development is often resource intensive, another 
promising opportunity involves reusing and partially automating ECD models to reduce 
development time and cost. Early efforts toward automation (e.g., Min et al., 2015) suggest that key 
components of the ECD pipeline (e.g., evidence specification, scoring rules, and model refinement) 
can increasingly be supported by computational methods.  

Crucially, in each of these directions—whether expanding evidence sources to include multimodal 
data, incorporating machine learning, or scaling to new competencies and contexts—ECD remains 
essential. It provides the validity-oriented structure needed to ensure that new data streams and 
analytic techniques contribute to meaningful inference rather than measurement noise, and that 
assessment remains interpretable, defensible, and aligned with intended learning constructs. 

Conclusion 

Stealth assessment represents a shift from episodic testing to continuous, deeply embedded 
assessment in service of learning. Its promise lies in supporting learning while simultaneously 
assessing it—and that promise is best understood by grounding personalized learning supports in 
learners’ evolving resources and their alignment with linguistic, cultural, and substantive patterns in a 
domain. Within this framing, environments like Physics Playground use just-in-time explanations as 
feedback loops that help students refine and attune their cognitive resources to the disciplinary 
patterns of Newtonian physics. See Chapters 17 and 2 (VERIFY THESE CHAPTERS) for more on 
these disciplinary patterns and actionable feedback. This interplay between learner resources and 
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disciplinary patterns is made visible through stealth assessment because it rests on ECD. ECD 
provides the inferential backbone that transforms interaction data into defensible claims about how 
learners build and coordinate resources in relation to these domain-specific patterns. It disciplines 
design, guides validation, and anchors adaptivity in theory. As educational technologies evolve, 
preserving this evidence-centered foundation is critical: without ECD, stealth assessment would be 
stealth in name only; with it, a principled approach to assessment for learning. 

We, like many scholars in the field, are deeply indebted to Bob Mislevy for his foundational 
scholarship and enduring leadership in educational measurement. 
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