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about their learning. Employed in digital learning environments, stealth assessment
helps researchers, educators, and teachers evaluate learners' competencies and cus-
tomize the learning experience to their specific needs. This adaptability is closely
intertwined with theories related to learning, engagement, and motivation. The foun-
dation of stealth assessment rests on evidence-cantered design (ECD), consisting of
four core models: the Competency Model (CM), Evidence Model, Task Model, and
Assembly Model.

Obijective: The first step in designing a stealth assessment entails producing opera-
tional definitions of the constructs to be assessed. The CM establishes a framework
of latent variables representing the target constructs, as well as their interrelations.
When developing the CM, assessment designers must produce clear descriptions of
the claims associated with the latent variables and their states, as well as sketch out
how the competencies can be measured using assessment tasks. As the designers
elaborate on the assessment model, the CM definitions need to be revisited to make
sure they work with the scope and constraints of the assessment. Although this is the
first step, problems at this stage may result in an assessment that does not meet the
intended purpose. The objective of this paper is to elucidate the necessary steps for
CM development and to highlight potential challenges in the process, along with
strategies for addressing them, particularly for designers without much formal assess-
ment experience.

Method: This paper is a methodological exposition, showcasing five examples of CM
development. Specifically, we conducted a qualitative retrospective analysis of the
CM development procedure, wherein participants unfamiliar with ECD applied the
framework and showcased their work. In a stealth assessment course, four groups of

students (novice stealth assessment designers) engaged in developing stealth
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assessments for challenging-to-measure constructs across four distinct projects. Dur-
ing their CM development process, we observed various activities to pinpoint areas
of difficulty.

Results: This paper presents five illustrative examples, including one for assessing
physics understanding and four for the development of CMs for four complex compe-
tencies: (1) systems thinking, (2) online information credibility evaluation, (3) computa-
tional thinking, and (4) collaborative creativity. Each example represents a case in CM
development, offering valuable insights.

Conclusion: The paper concludes by discussing several guidelines derived from the
examples discussed. Emphasizing the importance of dedicating ample time to fine-
tune CMs can significantly enhance the accuracy of assessments related to learners'
knowledge and skills. It underscores the significance of qualitative phases in crafting

comprehensive stealth assessments, such as CMs, alongside the quantitative statisti-
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1 | INTRODUCTION

Teach. Stop. Test. Stop. Teach. Stop. Test. Stop...

This is the usual pattern in educational systems. Much valuable
time and energy is wasted in this interrupted format. Those “Stop.
Test. Stop.” times could be used for learning (i.e., deepening learners'
knowledge and skills). Moreover, much time goes into test preparation
and grading. Assessments separated from the stream of instruction
are assessments of learning. Such assessments are typically given at
the end of a learning module or course as a summative assessment, to
grade, rank, or categorize the learners. Formative assessments, or
assessments for learning, are ones used to modify future instruction.
Research shows that assessments for learning have been shown to
improve learning outcomes (Black & Wiliam, 2012; Shute &
Rahimi, 2017). Formative assessments help learners and their instruc-
tors gauge where the learner is compared to their learning goals, and
provide appropriate supports (feedback or instruction) for them to
achieve those goals.

One criticism of assessments for learning is the task of providing
personalized feedback to every learner is often quite labour intensive.
In a computer-supported learning environment, observations to assess
the student's current state of competency can be unobtrusively cap-
tured and evaluated as the student interacts with the system. These
stealth assessments (Shute, 2011) can be used to guide the presentation
of learning support and the sequencing of learning activities. Further-
more, these types of assessments blur the boundaries of learning and
assessment (Shute, 2009; Shute & Rahimi, 2017). Note that stealth
assessment does not refer to high-stakes testing done without the

learner's knowledge, but rather to low-stakes observations made with

cal modeling and technical aspects of these assessments.

assessment for learning, competency model, digital games, evidence cantered design, learning
analytics, stealth assessment

consent in a natural problem-solving environment (often educational
games or simulations) so that the system can offer formative feedback.

In a learning environment equipped with a stealth assessment,
every interaction of learners with the learning environment becomes
evidence of what the learner knows or can do. When a stealth assess-
ment is used to guide feedback and learning supports, the assessment
changes its negative connotation of “got you” in the eyes of the
learner to become the more positive “| am here to help you.” In the
end, a longitudinal collection of formative assessments in a learning
environment could be used for summative purposes. Such a sequence
of formative assessments could have greater reliability than a single
(often time-limited) assessment given at the end of the learning unit
(Almond, 2007); furthermore, because the learner loses the self-
consciousness of being assessed, as they get engaged in gameplay, it
may have greater validity as well.

Stealth assessment (Shute, 2011) is a top-down, automated
assessment for learning which gets embedded in technology-rich
learning environments (e.g., digital games) to elicit evidence for a com-
petency of interest. As learners interact with the learning environ-
ment, their interactions get recorded in log files, which are then
detected and analysed by the stealth assessment machinery and used
to generate learner models (i.e., estimations of what the learners know
and can do). Then, the learning environment can use those learner
models to either adapt to learners' level of competency (e.g., change
the level of tasks difficulty) or provide appropriate learning supports
(e.g., feedback). The more this loop happens the more accurate the
learner models become.

Stealth assessment uses an underlying assessment framework
called evidence-cantered design (ECD; Almond et al., 2015) frame-
work of assessment. Initiated from the psychometrics field, ECD helps
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with creating high-quality assessments (summative or formative). The
core idea of ECD is to centre assessment design around the evidence
required to make valid and reliable inferences about a learner's knowl-
edge, skills, and abilities. When we talk about assessment quality, we
usually refer to three psychometric properties: validity, reliability, and
fairness (Hansen & Mislevy, 2004; Kane, 1992; Messick, 1994;
Shute, 2009). Validity refers to the extent of accuracy of the esti-
mated scores from an assessment. Reliability refers to the level of
consistency of those scores. Fairness refers to the extent to which an
assessment is fair for different groups of learners (e.g., genders and
ethnicities). Following ECD guidelines can lead to the design of an
assessment with a high level of validity, reliability, and fairness. How-
ever, the quality of these psychometric properties might change with
every sample; therefore, assessment scientists should repeatedly eval-
uate these properties and try to improve them. In essence, ECD estab-
lishes a direct connection between claims of learner competency and
the data derived from their performance. This linkage ensures the
credibility and accuracy of the assessment process (Mislevy &
Haertel, 2006). ECD is an iterative process with four core models:
Competency Model (CM), Evidence Model (EM), Task Model (TM),
and Assembly Model (AM)—see Figure 1.

The competency model (CM) serves as the foundation, clarifying
the knowledge, skills, and other attributes, which are the targets of
the assessment. The CM provides clear definitions of each of the vari-
ables that represent the targeted competencies, associating claims—
predictions about what the learner can do or say—with the values of
the competency variables (Almond & Mislevy, 1999). The CM also
describes the distribution of competencies (particularly the correlation
between competencies) in the target population and thus forms the
initial version of the student model used to locate a particular learning
in competency space (Almond et al., 2015; Chapter 13).

The evidence model (EM) is responsible for defining specific

behaviours or observables that reveal the targeted competencies

RAHIMI ET AL.

within a particular scoring context (the learner's task within the game
or simulation). In the context of a stealth assessment, we deal with
two levels of observables: (1) raw observables: variables that are gener-
ated by the game engine as a result of learners' interactions with the
game environment (shown as the circle, rectangle, and triangle shapes
in the EM in Figure 1); and (2) final observables: variables that are accu-
mulated into the learner models using a statistical model (shown as
blue or dark rectangles in the EM in Figure 1). There are various ways
to compute the final observables. For example, sometimes a raw
observable is equal to a final observable. Sometimes, a summary of
multiple raw observables becomes a final observable. The EM must
define both: (1) how the values of the observables are set from the
actions taken by the learner (evidence rules), and (2) how likely learners
with different competency profiles are to produce specific observable
values (statistical model; see Almond et al., 2020).

The task model (TM) outlines the characteristics of scoring con-
texts (assessment tasks), specifying elements that drive the difficulty
(demand for skills), discrimination, and evidentiary focus (which com-
petencies are involved). The designers aim to construct tasks that pro-
vide opportunities for the learner to exhibit the behaviours required
as evidence. In the simplest case, a task is a single problem or a game
level, although in more complex cases a single goal can require multi-
ple subtasks, which each have a possibly different scoring context
(Mislevy, 2024). Essentially, the TM plays a crucial role in producing
assessment tasks, which can sometimes be presented as game levels,
carefully crafted to align with the targeted competency variables. The
TM encompasses a diverse collection of task types, forming the basis
(Almond
et al, 2014). Task types also can be seen as templates where task

for the development of specific assessment tasks

authors (e.g., game developers) can refer to and create as many
instances as they want based on those templates (Rahimi et al., 2023).
The assembly model (AM) describes the final collection of tasks

(e.g., game levels or test items) and how they are sequenced or

FIGURE 1

The four core evidence-cantered design (ECD) models.
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delivered to the learners (e.g., in an adaptive manner). The AM ensures
that sufficient evidence is collected for a reliable and valid assess-
ment. In a game-based assessment, these are often levels or chal-
lenges in the game. The reliability of a stealth assessment is
determined by the number and evidentiary strength of the challenges
(if we have very few observations for a competency, we can't claim
that our assessment is consistent). The best way to improve the reli-
ability of an assessment is to manipulate the number and types of
challenges offered. The validity of the assessment is established by
producing a collection of challenges that span both the depth and
breadth of the competencies being measured. If an assessment does
not cover all the competencies (and their sub-facets), it will not be
accurate/valid.

The ECD conceptual assessment framework (CAF) is a cohesive
system where the CM, EMs, TMs, and AM work together, forming the
backbone of a stealth assessment's functionality. The CAF provides
the specifications for the assessment, so the design team must ensure
that all the pieces (models) are in harmony. This usually requires some
iteration, as design decisions made in the context of developing one
model require revisiting design decisions made earlier. The CAF also
contains an explicit validity argument for the assessment as it con-
nects the collection of tasks defined in the AM, the tasks assigned
through the TMs, and the evidence extracted by the EMs to the
claims defined in the CM.

ECD is a theoretical framework for assessment design. Moving
from theory to practice can be challenging as the same concept is
often realized differently in different domains and for different assess-
ment purposes. Each assessment design presents unique challenges
and emphasizes different parts of the CAF. The first two authors of
this paper teach graduate-level courses in assessment design, and in
our experience working through examples is the best way to explain
the connection between theory and practice (Mark Wilson, personal
communication, uses the same strategy in his assessment design
course).

The next section provides some approaches and considerations
for a design team developing a CM. This is followed by discussions of
the CM in a number of examples. The first is from a fully realized
stealth assessment, the game Physics Playground. The remaining exam-
ples are CM developed as part of student projects in one of the
assessment design classes. These examples emphasize design deci-
sions, which were challenging for novice assessment designers. The
final section discusses the challenges in CM development uncovered
in the development process for these CMs and provides some guide-
lines for CM development. Although every stealth assessment design
is unique, hopefully, the discussion of issues apparent in this set of
examples will help other design teams find a way to approach the

design decisions they are facing.

2 | CMDEVELOPMENT

The first step in any assessment design is identifying the target com-

petencies and population. The assessment must be able to locate the
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learner on their journey from base camp (low level on all competen-
cies) to the top of the mountain (high level on all competencies). Just
as a map does not need to mark the location of every pebble along
the route, a CM should not be a comprehensive psychological exami-
nation of every competency in the domain. CM only needs to distin-
guish between competency profiles, which are important for future
plans for the learner. Assessment designers should focus on building a
model just sufficient for the purpose of the assessment (Almond
et al., 2015). Therefore, the design process should start with establish-
ing a clear statement of purpose.

In many assessment design projects (based on both our own
experience and informal discussions with colleagues) using ECD with
or without stealth assessment, the CM development process included

the following four steps:

1. Define the CM variables: conduct an in-depth literature review or
consult with domain experts to identify the competencies of inter-
est and their facets. This defines a competency space of possible
patterns of competency learners in the target population
might have.

2. Define the claims: statements that predict how a learner at various
places in the competency space (at certain levels of the compe-
tency variables, for example, low, medium, or high) will perform
real-world tasks.

3. Define the CM variables' population distribution: describe both
where learners in the target population of the assessment are likely
to be in competency space, and especially the relationships among
the competencies in the target population.

4. Confirm the CM with the experts: consult with domain experts who

know the target population, the competency, and its pedagogy.

Although these steps are necessary, they are not necessarily done
in the order presented. In our experience, as designers work through
the process, they need to revisit design decisions made earlier. The
CM development is iterative and continues until the competency vari-
able definitions, the claims and the population distribution are consis-
tent, and the experts affirm that the CM captures key variables and
relationships of the competency of interest. The design issues on the
other core ECD models (EM, TM, and AM) also impact the choices in
the CM, so the entire ECD model development process, not just the
CM development process is iterative. The following sections define
the four steps of CM development in more detail.

21 | Define the CM variables

CM variables usually represent knowledge, skills, or abilities valued in
the domain, although they can also represent other emotional or psy-
chological constructs relevant to performance. They are almost always
ordinal (sometimes with a finite number of states, sometimes continu-
ous), but at the initial stages of CM development is often useful to dis-
cuss learners who are high, moderate, or low on a given CM variable.
As the CM variables are latent, they are defined through the claims
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(predictions about performance on future tasks) and operationalized
by performance on the assessment tasks (e.g., in a digital game).

The final choice of CM variables and the number of states is
determined by the purpose of the assessment. If the purpose of the
assessment is to inform instruction (i.e., formative), different levels of
the competency variable should be associated with different instruc-
tional activities or approaches. Additional variables, especially ones
representing facets of another variable, may still be useful in defining
the primary variable and developing assessment tasks that span the
range of valued knowledge, skills, and other attributes.

The CM variable identification should be based on both a review
of the literature and consultation with the experts. The domain analy-
sis phase of assessment design described in Almond et al. (2003)
includes the importance of documenting the portions of the literature
and the statements of the experts that motivate the later design
choices. If there are previously developed standards or learning pro-
gressions in the domain of interest, these are a good starting point as
they often define instructionally relevant parts of the scale.

For example, the development process of a creativity assessment
starts with a review of the literature on how creativity is usually
defined. Some scholars (e.g., Acar & Runco, 2019; Runco & Acar,
2012) use divergent thinking, which includes fluency, flexibility, original-
ity, and elaboration, as a proxy for assessing creativity. This is a CM for
creativity with five variables, one defining overall creativity
(or divergent thinking) and the other four representing facets of the
high-level variable.

Another example (Almond et al., 2015; Chapter 12) has three
levels. The target domain is communicative competence (in English)
and represents a candidate CM developed by the assessment
designers after listening to some preliminary discussions among
experts in language instruction and assessment. Figure 2 presents the
proposed CM variables organized into three levels. The highest level
consists of overall communication skill. The second level corresponds
to the skills identified by one of the experts: grammar, correspondence
competence (using written language), conversation competence (using
oral language), and sociolinguistic competence (social dimensions of
language). The third level represents the four modalities of communi-
cation, reading, writing, speaking, and listening. Level 1 (overall skill) and
Level 3 (four modalities) are reporting targets for the assessment, so
they must be included in the model. Level 2, which represents only
one view of communicative competence, may or may not be relevant

to the purpose; Almond et al. (2015) also propose an alternative

Level 1 Level 2 Level 3

Reading

Correspondence

Communication

Conversation p g

FIGURE 2 Communication competency model (CM) variables
(Source: adapted from Almond et al., 2015, figure 12.5).
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model without that layer. The next logical step would be to present
both proposed models to the experts to get feedback.

In the example shown in Figure 2, some of the variables on Level
3 are shared with the variables on Level 2. That is, Reading and Writ-
ing are shared between Grammar and Correspondence.

Experts are usually very comfortable with constructing hierarchi-
cal breakdowns of competencies into facets and sub-facets. It is more
challenging to get them to identify facets which are common to differ-
ent competencies (i.e., grammar is a part of all four modalities of com-
munication). Often the initial expert model needs to be simplified
because not enough evidence can be gathered in the available assess-
ment window. However, the eliminated sub-facets are often useful in
ensuring that the collection of assessment tasks spans the various
parts of the higher-level CM variables.

2.2 | Define the claims
Claims are specific predictions of what an individual with a particular
level (e.g., low, medium, or high) on one or more CM variables can do
in some future context, either a future assessment or applying the
competencies in the real world. Claims should be precise in the sense
that if the learner attempts to use the competencies in the defined
context and suitable observations of the performance are recorded,
then it can be unambiguously determined whether or not the claim
holds.

Claims are often hierarchical, with the higher-level claim having
a more general context than the sub-claims. For example, the claim
“Learner can write a business letter,” might include the sub-claims
“Learner can write a business letter requesting information,” and
“Learner can write an invoice for services rendered.” Note that the
lower-level claims could be at different levels of a single CM
variable, or even involve different combinations of CM variables.
Due to constraints on the time available for assessment, the
assessment usually must sample from the contexts represented in

the claims.

2.2.1 | Organizing claims

The goal in building a CM variable is

... to build an imaginary variable along which we can
define ... equal units that, although abstract in theory,
are, nevertheless, approximable in practice...It is the
fundamental language of science... [to] add up to
reproducible meaning.

Wright, 1999, p. 67-8.

Although Wright is describing a continuous CM variable (hence the
equal units), the principle remains the same if the CM variable is
represented as ordinal or event binary. No matter how the CM vari-

able is finally represented, it is helpful for designers and experts to
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think about the high-end, middle, and low-end of the scale. In the
CM, claims are associated with a level of the CM variable for which
the claim is believed to be more likely than not to hold. At this stage,
the goal is to make sure that the assessment can gather evidence to
place a learner along the claims hierarchy defined by the CM
variable.

A claim is practical if it can be assessed using a task that fits
within the design constraints (testing time, cost, other resources) of
the assessment. A construct map generally includes a mix of practi-
cal and impractical claims. The impractical claims are useful as they
anchor the assessment designers to the kinds of real-world claims
the score-users value (e.g., the learner can write a 20-page research
paper). The practical claims are fodder for development into task
and evidence models; in fact, as the design process progresses the
claims implicit in the task and evidence models must be an exten-
sion of Almond's Rule above that there needs to be sufficient feasi-
ble claims to distinguish between levels of the competency
variable.

Ultimately, the assessment must have a collection of claims (and
later tasks) which will provide enough evidence to place the learner
on the scale of the CM variable. There are two approaches (using a
sports metaphor): high and long jump. The high-jump approach creates
a collection of progressively more demanding tasks and infers the
level of competency by the highest level at which the learner can con-
sistently produce an adequate solution. The long-jump approach
defines an open-ended task and infers the level of competency by the
quality or quantity of the solution. Table 1 shows some claims associ-
ated with the jumping competency. Note that in a typical high-jump
event, each task (attempt) is more demanding than the last as the bar
is raised after each one, while in the long jump approach, all tasks
(attempts) are made under the same condition. Some competencies
are more naturally measured through the long-jump or high-jump
approach, and some can be measured with either. Design teams
should explore both approaches and choose the one that seems most
natural.

As an example, consider a reading test. A high-jump approach
would select a sequence of increasingly difficult (harder vocabulary,
more complex sentences, less familiar topics) passages and associate
the learner's reading skill with the most difficult passage they can
read. A long-jump approach might provide them with a long reading
passage and see how long it takes them to read it (or how much they
can read in a fixed time). The long-jump approach is natural when the

construct being measured includes fluency.

TABLE 1 High bar versus long jump claims.
High bar claims Long jump claims
High The person can jump over The person can jump to

7 feet or higher bars 10 feet or more

The person can jump
between 6 and 10 feet

Medium  The person can jump over
5.5 feet or higher bars

The person can jump to
6 feet or less

Low The person can jump over
4 feet or higher bars

Journal of Computer Assisted Learning_WlLEyﬂ

2.2.2 | lIdentifying claims

In the authors' experience working with novice test designers (stu-
dents in assessment design courses), identifying, and specifying claims
can be difficult. Below are some strategies which may or may not be
useful in any assessment design context.

Bloom's Taxonomy and Depth-of-Knowledge. Bloom's taxonomy of
learning (Bloom, 1956; Krathwohl, 2002) associates various verbs with
levels of a particular skill. For example, learners who can only remem-
ber facts or definitions but cannot apply the knowledge at hand in var-
jous situations are probably low on the CM variable; learners who can
remember and apply the knowledge to different situations are proba-
bly at a medium-to-high level; and learner who can remember facts,
apply the knowledge to various cases, and evaluate the quality of vari-
ous given responses are probably at a high level.

Bloom's taxonomy uses action verbs, verbs which imply that infor-
mation can be gathered about whether or not the task was success-
fully completed. Note that often the taxonomy is used for writing
learning objectives, which are essentially claims. While some
approaches only accept learning objectives which are observable
claims, the ECD approach allows a learning objective to be a level of a
latent CM variable that is defined through observable claims.

The claims chosen to be included in the assessment are further
specified through the task and evidence models. Consider the claim,
“The learner can successfully apply the competency in a familiar con-
text.” What is meant by “familiar context” is defined in the task model
and a “successful application” is defined through the evidence model.

Consistency of performance and variety of tasks. Almost all psycho-
metric models encode the premise that the more competency the
learner possesses the more likely the learner will be to successfully
complete the task. To accurately assess the learner's competency, the
assessment must offer numerous opportunities for the learner to
attempt to apply the competency in an appropriate context. For some
competencies (particularly physical skills like throwing a ball to hit a
target), repetitions of the same or essentially similar tasks might be
sufficient, but in other cases, the assessment designers will need to
change incidental details of the task so that the learner does not rec-
ognize the tasks as the same.

If the competency can be applied in a variety of different con-
texts, then learners who are higher on the scale are more likely to suc-
cessfully apply the competency in a wider variety of tasks. In
particular, some contexts will be more demanding than others, and for
the more demanding contexts, only learners higher along the compe-
tency scale will be likely to successfully apply the competency. Gener-
ally, a learner is more likely to complete a task for which the demand
is equal to or lower than that learner's competency, and less likely to
complete a more demanding task. Note that tasks which have a con-
text familiar to the learner (near transfer) are easier than tasks with an
unfamiliar context (far transfer). To help span the range of the con-
struct, the assessment designers should think about task contexts
which represent near and far transfer applications of the skill.

How many claims are needed? Like many questions in psychomet-

rics, the answer depends on the purpose of the assessment. As the
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purpose of a stealth assessment is formative, the assessment must
distinguish parts of the competency space corresponding to the rec-
ommendation of different instructional strategies. For those different
regions (i.e., low, medium, and high levels of performance) to be differ-
ent, there must be at least one claim difference between them.

The second purpose of the claims is to provide a definition of the
CM variable in terms of potentially observable predictions. In this
case, the number of claims is sufficient when the meaning becomes
clear. One method for testing this is to have colleagues who are not
part of the design team review the CM variable definitions and make
sure they are clear.

Finally, note that the process of developing the conceptual
assessment framework is iterative. As the design team considers the
EM, TM, and AM they will naturally revisit and clarify the CM variable
definitions and claims. Thus, it is possible to start with a small set of
initial claims and expand the number of claims as the assessment

design process unfolds.

2.3 | Define the population distribution and the
CM variables' relationships

Each assignment of possible values to the CM variables defines a
location in the competency space at which a learner could be located
(e.g., low, medium, or high). Generally, instructional systems try to
move learners from less desirable to more desirable parts of the
competency space (e.g., from low to high). Tasks provide the most
evidence about learners when the competency demands of the task
are matched to the expected competency of the learners. Therefore,
knowing how the learners are likely to be distributed in competency
space, e.g., toward the low-end, the middle, the high end, or spread
throughout, helps the assessment designers design tasks and evi-
dence to maximize information. Certain scoring models also require
a population distribution over where learners are in the competency
space.

When there is more than one CM variable, then the CM must
capture the relationship between (or among) the variables. In gen-
eral, the variables will be correlated as learners who have spent more
time studying or practicing will generally be at higher levels of the
variables. In the early stages of the design process, the design team
should characterize these dependencies with a knowledge graph,
with nodes representing variables and edges representing relation-
ships (see Figure 2). The edges can be labelled with the type of
relationships, some common labels are described in the following
paragraphs.

Part-of relationships. Often one CM variable consists of several
component sub-competencies; these are part-of relationships. Almond
et al. (2015) recommends orienting these edges from the whole to the
part. For example, Reading, Writing, Speaking, and Listening are all parts
of the Communication competency. Experts seem comfortable with
hierarchical breakdowns of this kind, and in many cases the designers
need to encourage the expert to think about other ways in which the

CM variables could be related.

RAHIMI ET AL.

Prerequisite relationships. If learners typically master one compe-
tency before another, that is a prerequisite relationship. Competencies
that are necessary for learning a second competency are a hard pre-
requisite, for example, letter-sound identification is a prerequisite for
word-level decoding. Soft prerequisites are an artifact of one compe-
tency usually being required before the other, for example, addition is
almost always taught before subtraction. Note that prerequisite rela-
tionships can arise in a curriculum-dependent model. For example,
one world history text might put the chapter on Ancient Mesopota-
mian civilizations before the one on Ancient Indus Valley civilizations,
and a different text might reverse the order. The relationship between
knowledge about the two groups of civilizations might point in either
direction depending on the chosen text. The target population of the
assessment can influence the strength and direction of the relation-
ship. For example, when children are learning their first language, usu-
ally listening and speaking are mastered first, with reading and writing
coming later in childhood. For adult learners of a second language,
many students learn reading and writing first as that is easier to prac-
tice without a conversation partner.

Correlational relationships. Sometimes there is a relationship
between competencies which does not fall neatly into one category
or the other. Two skills could be correlated because learning the first
helps with learning the second and learning the second helps with the
first. For example, reading vocabulary and reading comprehension
skills are usually gathered at the same time with gains in one helping
provide gains in the others over time. In other cases, it could just be
that the two skills are taught at the same time, thus the common fac-
tor is how much instruction and practice the learner has experienced
(and some learners seem to require less instruction and practice than
others). Correlational edges can be oriented in either direction,
although sparser graphical representations generally result when the
edge is oriented from hypothesized cause to effect.

24 | Confirm the CM with the experts

When possible, the design team should have the CM reviewed by
experts in the domain being assessed. These should be experts in both
the content and the pedagogy of the domain, that is, they should
understand how competency in the domain develops in the target
population. For example, a researcher in Physics, who uses advanced
calculus every day, may or may not understand how middle school
students might approach a problem in Physics. Therefore, the expert
panel should include at least some members who know the target
population.

The design team should prepare alternative versions of the CM
for the experts, and ask “Which one is better and why?” (Almond
et al., 2017; Rahimi et al., 2023). Presenting a single model and asking
“Is this version adequate?” runs up against an agreeability bias, while
asking about competing models will focus the experts' attention on
the differences and encourage them to verbalize their thinking. These
conversations form part of the justification for the CM and should be

recorded so that they can be revisited later as needed.
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3 | CMDEVELOPMENT EXAMPLES

This section reviews five examples of CM development. The first is
the CM for the fully realized stealth assessment in the game Physics
Playground. The remaining four are based on class projects in a gradu-
ate course about stealth assessment taught by the first author of this
paper in Spring 2022 (the students are listed as the third to the last
co-authors of this paper). Each example brings up unique challenges
as well as identifying competencies which novice test developers

struggle to develop.

3.1 | CM development in physics playground

Physics Playground (Shute et al., 2019), a puzzle-based game, equipped
with a physics engine demonstrating the laws of physics, was specifi-
cally developed to assess middle school learners' conceptual physics
understanding. In Sketching levels (Figure 3A), learners can draw
objects, create simple machines, and employ physics laws all toward
reaching the goal of each level (i.e., to hit a red balloon using a green
ball). In Manipulation levels (Figure 3B), learners can adjust some
sliders (altering the mass of the ball, gravity, and air resistance) or
manipulate objects that can exert a force (i.e., a puffer or a blower) to
solve the levels, similar to a simulation.

When designing the CM of physics understanding in Physics
Playground, we first identified standards in the Next Generation Sci-
ence Standards (NGSS) relevant to the game and the target grade
levels. To operationalize the physics understanding (as the compe-
tency of interest), we asked two experts to identify behaviours they
expected from learners who were high in the competency that they
did not expect from learners medium, or low in the competency
(i.e., claims). Table 2 shows some claims for learners relevant to
Newton's First Law using Bloom's taxonomy of learning. We did not
include the claims for the entire CM of physics understanding in this
paper.

These claims represent a progression of understanding and
application of Newton's first law, ranging from basic recognition and
comprehension at the low level to advanced analysis, prediction, and
innovation at the high level of performance. Once the individual

competencies were defined, we asked the experts to define the
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relationships among the variables. These relationships are generally
of two types. The first reflects the natural hierarchy of the field of
consideration. For instance, from a hierarchical perspective, New-
ton's laws are part of the larger concept of Force and Motion, which
in turn is a part of the larger concept of physics understanding. Not
all relationships are hierarchical. For example, the Properties of

Momentum concept is a prerequisite to the Conservation of

TABLE 2 Claims for Newton's first law using Bloom's taxonomy
of learning method.

Level of
performance Claims

Low 1. Can recognize that objects tend to stay at rest or
in uniform motion unless acted upon by an external
force.

2. Can identify common situations where Newton's
first law applies, such as a book remaining on a table
or a moving car coming to a stop when brakes are
applied.

3. Can understand that force is needed to change
the state of motion and may provide simple
examples of this principle.

Medium 1. Can explain in detail Newton's first law and its
significance, emphasizing the concept of inertia and
how it relates to everyday situations.

2. Can analyse and describe more complex scenarios
where objects either maintain their state of rest or
uniform motion, citing specific examples and
providing clear explanations.

3. Can relate the first law to practical applications,
like seat belts in cars, and discuss how the law plays
a crucial role in engineering and technology.

High 1. Can predict and analyse situations where the
application of Newton's first law may lead to non-
intuitive outcomes, using the law to explain why
objects behave as they do.

2. Can demonstrate a deep understanding of the
mathematical and conceptual aspects of the first
law, applying it to solve problems involving complex
scenarios, including friction and varying forces.

3. Can innovate and design experiments or practical
applications that rely on the principles of the first
law, and critically evaluate their effectiveness and
implications.

FIGURE 3 A sketching level (A) and a manipulation level (B) in Physics Playground.
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Momentum concept because it is difficult to understand the conser-
vation of momentum if momentum itself is not well understood.
Other types of relationships may concern the way the skills are
ordered in the curriculum; for example, students typically learn about
force and motion before learning about energy, so there is a correla-
tional relationship between these CM variables. After showing two
CM versions of physics understanding to our physics experts
(R. Almond et al., 2017), they selected the CM shown in Figure 4. In
the following section, we discuss four other CM development

examples.

3.2 | Other examples of CM development

The four CM development examples discussed in this section are
selected from the stealth assessment course projects of the students
who are included on this paper as co-authors (listed after the second
author). Students formed four groups, and each designed a stealth
assessment to assess four competencies: (1) systems thinking,
(2) online information credibility evaluation, (3) computational think-
ing, and (4) collaborative creativity. In the following sections, we dis-
cuss how these groups developed their CMs and what difficulties
they faced in the process.

Note that our primary aim in this paper is not to establish defini-
tive CMs for the constructs mentioned above; instead, we acknowl-
edge that those CMs must undergo rigorous testing for
implementation. Rather, the core objective of this paper is to provide
insight into the process of CM development, highlighting common
challenges and offering strategies to resolve those challenges. The
below examples are written by the students in each team; therefore,
“we” refers to the students in each team per example.

( Force and Motion )

RAHIMI ET AL.

3.21 | Example 1: Systems thinking

Systems thinking (ST) refers to seeing the larger picture of a system
that is informed by its components, connections, and processes, but
that is also more than the sum of those parts (Stave & Hopper, 2007).
After conducting a literature review, we proposed a multilevel compe-
tency model with three direct sub-facets: (1) attend to elements and
interconnections (Dugan et al., 2021; Stave & Hopper, 2007);
(2) model the system (Shute et al., 2010); and (3) use conceptual
models (Stave & Hopper, 2007). Considering that to model the system
it is necessary to attend to elements and interconnections, we
selected the relationship between (1) and (2) as a prerequisite rela-
tionship. At the same time, a model of the system is required to use
conceptual models to describe the system. Therefore, we decided that
(2) is a prerequisite to (3). Each of these three competencies has sub-
facets at a third, low level (Figure 5 for the final CM for systems
thinking).

To further define the CM of systems thinking, the team elabo-
rated the possible, relevant claims for each low-level sub-facet.
Table 3 includes the claims related to the sub-facet See the Whole
System.

Difficulties and how they were resolved. The main challenges we
faced when developing the ST's CM stemmed from our team's lack of
expertise in ST, coupled with time constraints that prevented us from
becoming ST experts. Furthermore, ST is a complex and difficult-
to-define construct. It would have been advantageous to conduct a
more comprehensive and in-depth systematic review before defining
our model, especially in terms of gaining a deep understanding of how
ST operates within the specific target population (in our case, middle
school students). Alternatively, collaborating with experts in ST to
design an appropriate CM would have been valuable. Unfortunately,

/,/”C ~ Newton’s First Law : )

" +(_ Newton’s Second Law )

B

Newton’s Third Law )

Properties of Momentum D

( Physics Understanding

Linear Momentum l

Conservation of Momentum )

—+(___ Energycan Transfer )

~+(__Energycanissipate )

_+{___properties of Torque )

T4

Static Equilibrium )

FIGURE 4 Physics understanding competency models.
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Journal of Computer Assisted Learning_W“_Eyﬂ

Understand how parts relate to and
make up wholes

See the whole system

Identify feedback processes

v

Understand the relationship

Systems thinking Model the system — between feedback and behavior
: Elaborate causal reasoning
. diagrams
Use of conceptual B Use general systems principles to
models explain an observation
FIGURE 5 Systems thinking competency model (CM).

TABLE 3 Claims for See the Whole System using Bloom's
taxonomy of learning objectives method.

Level of
performance Claims

Low 1. Can give an understandable name to the system
according to its function.

Medium 1. Can give an understandable name to the system
according to its function.
2. Can explain the system as a whole without
getting stuck on details.

High 1. Can give an understandable name to the system
according to its function.
2. Can explain the system as a whole without
getting stuck on details.
3. Can explain the system synergy: describe
properties of the system that the components
alone do not explain.

due to the unavailability of such experts, we had to rely solely on
existing literature.

Another challenge we encountered in developing the CM was
that we created the model without a clear understanding of its ulti-
mate application. If we had first developed a game or had more time
to adjust both the game and the CM simultaneously, we might have
designed the CM differently. It is essential to recognize that the
design, narrative, and features of the game directly influence how we
envision the CM, introducing complexity into the development pro-

cess. This experience taught us a valuable lesson: in future projects,

we should consider and develop the ECD models simultaneously or

iteratively.

322 |
evaluation

Example 2: Online information credibility

Online information credibility evaluation, which requires critically
assessing and evaluating the trustworthiness of online information in
various formats (e.g., websites, videos, images, and social media posts),
is the most challenging aspect of information literacy (Choi, 2020;
McGrew et al, 2017; Metzger et al., 2010; Sparks et al., 2016).
Although targeted curricular interventions have shown the potential
for positive student learning outcomes in this area (McGrew, 2020;
McGrew et al., 2018), online information credibility evaluation is diffi-
cult to measure using traditional assessments because of its multidi-
mensional competencies, which require a wide range of knowledge
and skills that are difficult to transfer to authentic, real-world contexts
(Shute et al. 2021; Shute & Rahimi, 2017).

To build a CM for online information credibility evaluation, we
synthesized the existing literature with the help of experts that con-
sisted of relevant assessment frameworks for measuring related infor-
mation literacy competencies in secondary-student populations
(e.g., Association of American Colleges and Universities, 2013; Binkley
et al, 2012; Bundy, 2004; Caulfield, 2019; ETS, 2002;
Environments, 2009; International Society for Technology in Educa-
tion, 2022; Kempster Group, 2008; The Association of College and
Research Libraries, 2015; Wineburg et al., 2016).
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Analyze the structure of knowledge }

Understand that media messages are ]
constructed

Determine if content matches the intended J
goal

Organize and compare the information }
retrieved

FIGURE 6 Online information credibility evaluation competency model (CM).

TABLE 4 Claims for the sub-facet Investigation using the
consistency of performance method.

Competency
Competency level Performance
Investigation Low Rarely (0%-30% of the
(observables: time) performs each
suspending judgment indicator (e.g., reading
until the larger context laterally, using click
is understood; exploring restraint, etc.)
differing viewpoints; M djym Usually (30%-80% of the
recognizing authority; time) performs each
fgettlng the relevant indicator (e.g., reading
information) laterally, using click

restraint, etc.)
High Almost always (80%-

100%) performs each
indicator (e.g., reading
laterally, using click
restraint, etc.)

Our CM consists of three sub-facets and eight general observ-
ables. The three sub-facets are (1) investigation, (2) critical analysis,
and (3) synthesis (see Figure 6 for the relationship between the sub-
facets and indicators). The sub-facet investigation (Table 4) encom-
passes the process of searching for online information to yield results
likely to correctly answer the evaluator's question. The sub-facet criti-
cal analysis encompasses the process of analysing online information
for credibility. The sub-facet synthesis encompasses the process of

compiling and organizing all of the information learned in the search,

and determining if the information found achieves the intended goal
of the evaluator. The CM should be approached procedurally to
obtain the most conclusive results. For instance, after investigating a
source, the evaluator should critically analyse the structure and nature
of the information by considering the potential for bias, decontextuali-
zation, or misrepresentation. Finally, the evaluator must synthesize
the existing information to make a definitive credibility judgment.
Therefore, we included the vertical, prerequisite connections between
the sub-facets.

Difficulties and how they were resolved. Online information credi-
bility evaluation is a cross-disciplinary competency with a variety of
definitions and proficiencies in the broader literature including fields
such as literacy, library science, educational technology, psychology,
journalism, and others. Therefore, it was difficult to identify a compre-
hensive framework for assessing online information credibility evalua-
tion as an independent construct dimension of information literacy.
Our best option was to first generate a cohesive definition for online
information credibility evaluation and then develop a multi-
dimensional competency model based on a synthesis of the various
frameworks, rubrics, and academic standards across disciplines and
grade levels (Caulfield, 2019; Sparks et al, 2016; Wineburg
et al., 2016) that we encountered in our literature review and through
discussions with subject matter experts. This process was time-
consuming, yet necessary, for properly identifying our competency
and its relevant sub-facets, general indicators, and observables.

Another complication we had to wrestle with was that one's
belief and ideology are inseparable when evaluating the credibility of

information. Some evaluation frameworks tried to address this notion
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by including language such as developing and maintaining an open mind
when encountering varied and sometimes conflicting perspectives, devel-
oping awareness of the importance of assessing content with a skeptical
stance and doing so with a self-awareness of their own biases and world-
view (ACRL, 2015). We chose to exclude this phenomenon from our
CM as it is typically conceptualized in sociocultural literacy theory lit-
erature as a mindset rather than a set of competencies that can be

more easily measured.

3.2.3 | Example 3: Computational thinking

The term computational thinking (CT) was first popularized in refer-
ence to the skills postsecondary computer science students needed to
be successful, defined as thought processes that are used to formulate
a problem and express its solutions in such a way that a computer-
human or machine can effectively carry out (Wing, 2006; Wing &
Stanzione, 2016). Since then, many researchers have defined compu-
tational thinking in different ways. For instance, Aho (2012) defined it
as habits of mind used to “formulate problems so students' solutions
can be represented as computational steps and algorithms” (p. 832).
Berland and Wilensky (2015) said it is “the ability to think with the
computer-as-tool” (p. 630). Synthesizing these aforementioned
definitions, we decided to demonstrate CT as the ability to formulate
problems and solutions that can be effectively carried out by
computers.

Based on the literature review we conducted and inspired by
Kong and Wang (2021), our CM includes four sub-facets: (1) Abstract-
ing and Modularizing: referring to the ability to conceptualize prob-
lems and divide a concept into smaller parts of code to work on
(Kong & Wang, 2021); (2) Algorithms and Controls: which is the ability
to understand and construct algorithms to enable problem-solving via
a well-defined sequence of actions and instructions (Kong &
Wang, 2021); (3) Remixing: building on and modifying the work, solu-
tions, and ideas of others to facilitate the construction of one's own
project (Kong & Wang, 2021). A student who demonstrates a high
competency in remixing and reusing can incorporate the code into
original programs and give attribution; and (4) Testing and Debugging:
developing strategies and plans for anticipating and dealing with prob-
lems during code construction by using iterative processes to find
solutions (Kong & Wang, 2021). Of these four, we believe the compe-
tencies associated with algorithms and controls are prerequisites to
effectively express solutions associated with the other three sub-
facets. Table 5 shows example claims for Abstracting and Modularizing.

Figure 7 shows the full CM with general observables per sub-
facet. General observables are actions that can be observed across
multiple contexts. At this stage of developing a CM, these observables
can direct assessment designers to think about in-game, final observ-
ables as discussed earlier in this paper.

Difficulties and how they were resolved. Our team encountered
several difficulties with the development of the CM for CT, starting
with the definition of the latent trait and its sub-facets. In their CT
item analysis, Kong and Wang (2021) identified a four-dimensional
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TABLE 5 Claims for Abstracting and Modularizing using a mixture
of consistency of performance and Bloom's taxonomy methods.

Level of
performance Claims

Low 1. Struggles to conceptualize and break down
complex problems into smaller, manageable parts
for coding.

2. Difficulty in identifying and creating modular
code structures for problem-solving.

3. Rarely utilizes abstraction techniques to simplify
and organize code.

Medium 1. Demonstrates an understanding of problem

decomposition and can break down moderately
complex problems into smaller components.

2. Able to identify and create modular code
structures to address coding challenges effectively.

3. Uses abstraction techniques to simplify and
organize code, enhancing clarity and maintainability.

High 1. Proficient in conceptualizing and breaking down
complex problems into well-structured, smaller
parts, making them amenable to coding solutions.

2. Effectively employs modular code structures to
solve coding challenges, ensuring efficiency and
maintainability.

3. Skillfully utilizes abstraction techniques to
simplify and organize code, enhancing code
readability and facilitating collaboration on projects.

conceptualization through parallel analysis. However, it remains
unclear whether a student must first learn to decompose a problem
(i.e., Abstracting and Modularizing) before learning how to encode a
systematic series of instructions (i.e., Algorithms and Controls). Logi-
cally, students would need to first develop an understanding of algo-
rithms as a prerequisite to modifying the codes of others
(i.e., Remixing), or inspecting and improving a program (i.e., Testing
and Debugging). We hypothesize that Algorithms and Controls can be
understood independently of Abstracting and Modularizing. However,
the Algorithms and Controls facet is a partial prerequisite of Remixing
and Testing and Debugging.

We also ran into a series of issues with how we could observe
the CM variables later in our stealth assessment. The block program-
ming environment has the potential to match for measuring Algo-
rithms and Controls, but it was more difficult to apply this toward
measuring Abstracting and Modularizing. To resolve this issue, we
considered adding alternative interfaces where users down recipe
steps or construct flow charts. Remixing is a skill that can often be
seen in collaborative online coding environments, but in our coding
puzzles, there was no apparent other user with whom to collaborate.
To resolve this, we plan to add multiple characters to the game with
code that serves as a key to help them escape a maze or get a prize.
We conjecture that the user's appropriate use, modification, and cita-
tion of code provided by non-player characters can provide evidence
of remixing. In addition, the direct, implicit puzzle challenges did not

immediately allow observing the sub-facet of Testing and Debugging.
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To resolve this, we chose to provide code with bugs purposefully
placed as a challenge to allow the user to find and correct them.

A major challenge to the incorporation of this CM into a stealth
assessment is the identification of ideal responses to coding chal-
lenges. Users may take various approaches, from identifying the most
efficient solution to crafting creative or purposefully complex solu-
tions. In the latter case, the expression of user creativity might inad-
vertently be scored as low on the skill of Algorithms and Controls. As
suggested by Buss and Gamboa (2017) and Almond (2022), a key dis-
criminating factor could be the distinction between brute-force
approaches where users attempt every possible combination of
available options until one works, as opposed to finding an efficient
solution in fewer steps. If an ideal solution is identified by subject-
matter experts, then we can add points for similar solutions, or take
away points from solutions that are further from the ideal. One possi-
ble solution is the application of natural language processing to the
ideal solutions, as

codes submitted by students to model

demonstrated by Min et al. (2019). However, this solution may still be
limited by an abundance of efficient, but unanticipated, alternatives.

3.24 | Example 4: Collaborative creativity

With the challenges of sustainable development and the increased call
for a culture of innovation, the development of 21st-century skills,
such as creativity and collaboration, becomes essential to succeed in
today's world (Thornhill-Miller et al., 2023). Interestingly, over the
past two decades, several researchers have recognized that our ability
to meet today's complex challenges depends on collaborative creativ-
ity (Amabile & Khaire, 2008; Aragon et al., 2009; Cirella., 2016;
Sawyer, 2012). Collaborative Creativity (CC) can be considered as the
emergence of new, valuable, appropriate, and shared ideas between
two or more people through social interactions (Elsbach & Stigliani,
2019; Glaveanu, 2018; Harvey, 2014).
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FIGURE 8 Collaborative
creativity competency
model (CM).

Our effort to assess collaborative creativity is guided by a suite of
three dimensions defined by Tan, Caleon, and colleagues (2014):
(1) the socio-communicative, (2) metacognitive, and (3) cognitive
dimensions. Additionally, each dimension was operationalized into
one or multiple sub-dimensions (see Figure 8).

Firstly, under the socio-communicative dimension is Social Inter-
action, which describes “The group's ability to engage in reciprocal
and productive communicative interactions, including mutual ground-
ing, that enable (rather than hinder) the preceding metacognitive and
cognitive processes” (Tan, Caleon et al., 2014, p. 420). General indica-
tors include dffectivity (non-task activity), disaffectivitiy (non-task activ-
ity), and mutual grounding (clue discussion, brainstorming). Reflexivity is a
sub-dimension of the metacognitive dimension. Reflexivity refers to
“The group's ability to collaboratively self-examine, reflect on and
repurpose group objectives, strategies, processes, and solutions” (Tan,
Caleon et al., 2014, p. 419). The cognitive dimension consists of two
sub-dimensions, divergent production, and convergent production, due
to its complexity. Generally, divergent production describes the
group's ability to generate a set of ideas, methods, or solutions to
address a given problem, whereas convergent production evaluates
them to reach a consensus (Tan, Chai et al., 2014). Table 6 includes
claims we wrote for Divergent Production.

Difficulties and how they were resolved. Attempting to design and
develop a CC's stealth assessment from scratch is challenging, espe-
cially for novices who have not learned or trained with sufficient
knowledge. We as a group had run into specific issues and gone
through the problem-solving process multiple times to get different
models set up properly.

The first obstacle was establishing the CM after having deter-
mined our competency (i.e., CC). The team started by reviewing the
literature and ended up retrieving one framework that seemed to be
the most appropriate. However, there were too many sub-dimensions
and related components to assemble a CM. The second issue we ran
into was making connections between the evidence model (EM) and
the game which was supposed to be developed to assess the compe-

tency. This issue persisted until we started thinking about the game,
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Socio-Communicative o o ction
Dimension
Muacogqlﬂ\'e L - Reflexivity
Dimension ’
Divergent Production
Cognitive Dimension l

Convergent Production

TABLE 6 Claims for divergent production using the performance
context method.

Level of
performance Claims

Low Demonstrates limited ability in generating a set of
ideas, methods, or solutions when addressing a
problem as part of a group. May struggle to
contribute to the creative process effectively,
offering only a few or unvaried ideas.

Medium Displays a moderate level of competency in

generating ideas, methods, or solutions in a group
setting. Can contribute a reasonable number of
ideas and actively participate in creative discussions,
aiding in the brainstorming process.

High Exhibits a high level of proficiency in generating a
diverse and extensive set of ideas, methods, or
solutions during collaborative problem-solving.
Actively contributes to creative discussions,
promoting a wide range of ideas and effectively
supporting the group's creative endeavours.

but it would be more helpful if the three steps (CM, EM, and TM
development) were taking place simultaneously or iteratively. We
constantly revised our EM and the game design when working on TM
just to make sure all of them worked cohesively to assess CC.

In general, the lack of precedent work or related literature on the
design and development of stealth assessment, in specific, both
models and the game design, had been the major issue for our team.
We were not able to finalize the game until all three models were
assembled, including the finest detail in each model (e.g., observables,

associated game tasks, and evidence rules).

4 | DISCUSSION AND GUIDELINES FOR
CM DEVELOPMENT

This section summarizes the challenges the design team faced and

provides guidelines for designers when developing a CM.
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Embrace the Complexity of CM Development. Typically, the CM
development process starts with a literature review, which often takes
time and effort. Note that this review must look both at how compe-
tency is defined in the domain of interest and how it is typically
acquired (pedagogy). The literature typically defines the competencies
in abstract terms, so building concrete claims is often challenging.
Designers should anticipate that the process will require many itera-
tions and refinements and be sure to allocate sufficient time and
resources. Except for Physics Understanding, work on all the exam-
ples discussed was limited by the very short period available in a one-
semester course. These examples represent intermediate drafts, and
in an operational project would undergo further refinement, much of
it in the context of fleshing out the rest of the conceptual assessment
framework and implementing the final assessment.

Define and design all the ECD models at the “Same Time.” The com-
plete conceptual assessment frame consists of the CM, the AM, and a
collection of TMs and matching EMs; all must work together to make
the complete assessment argument. There are points of contact
between all of them. The AM must ensure that the collection of TMs
spans all the contexts in which the constructs in the CM are mea-
sured. The TM must specify the context information for use in the
AM and the work product used by the EM. The EM must connect
the work product from the TM to the CM variables. Although the
designers' focus may shift from one model to another, the points of
contact with the other models must be included.

Papers and talks explaining ECD must always pick a sequence in
which to describe each model; this can leave the impression that it is
a waterfall process—one model is completed and then the next. In
practice, the process is cyclical and iterative, as design decisions made
in the context of one model often require revisiting earlier design
decisions made in later models. Mislevy (2022), in a talk to the assess-
ment design class, said, “We can think about the four models at the
same time.” When constructing a building, the blueprint specifies how
the work of the carpenters, masons, plumbers, electricians, and other
builders come together to make the complete building. Similarly, the
conceptual assessment framework defines the interfaces between
the developers working on the game, building the tasks, and building
and testing the scoring engines. When all the models are consistent,
then the developers can work independently on each part of the
assessment system and expect that all of the parts will work together.

The design process optimizes information about competencies within
constraints: Assessment design is an engineering discipline: the goal is
to optimize the amount of information the assessment provides about
the learner's competencies subject to the constraints of budget,
required delivery time, and the time the learner will interact with the
assessment. This last constraint can have a large effect on the scope
of the assessment. As a rule of thumb, there should be 3-6 pieces of
evidence for each CM variable, which will be reported (additional CM
variables can be useful in defining the competencies but will not be
reliable enough to report. This often limits the size of the CM; it is
common to prune back the initial CM).

For a stealth assessment, the setting/story and the mechanics of

the game or learning environment place constraints on the types

RAHIMI ET AL.

of tasks, and hence the types of claims. In the initial version of Physics
Playground, the mass of the ball was fixed. One of the claims was
“Learner can predict how the path of the ball will change if the mass
changes.” To test this claim, the game engine needed to be expanded
to include a new kind of game level, where the mass of the ball can be
manipulated (the domain experts considered this claim too central to
Physics Understanding to support the alternative of dropping the claims
from the model; Smith et al., 2023, explores this idea in more detail).

Unless the conceptual assessment framework matches the relevant
parts of the domain, the assessment will not be appropriate: Identifying
the right CM variables, observables to assess those variables, and
tasks to produce the observables provides the first decimal place of
the accuracy of the produced measure; other decisions, such as which
psychometric model is used for scoring, are the second decimal place
at best (Rahimi et al., 2023). There are two sets of claims associated
with an assessment: the claims advertised in the score report (which
may include infeasible claims far from the context of the assessment)
and the claims used to develop the TM(s). The collection of tasks must
provide enough evidence to establish the advertised claims with suffi-
cient reliability and validity to meet the purpose of the assessment.
No amount of statistical adjustment will fix an inadequate collection
of tasks. Instead, it will be like the old joke where the man looks for
his lost keys under the street light instead of out in the darkness
where he lost them. Thus, getting the collection of claims right is
essential to the validity of the assessment.

Consult with experts early and often. Subject matter experts, partic-
ularly experts in the pedagogy of the domain, should provide feedback
on the clarity and utility of the CM variables and claims, as well as
their level of agreement with the scientific consensus. The Physics
Playground design team included two Physics instructors to provide
feedback, the other four examples could be improved by expert
review (not feasible within the time frame, but the next logical step).
Even if experts are not available, colleagues who are not part of the
design team can review for clarity. Eventually, the score reports will
need to explain to learners, their instructors, and often their parents
where the learner is in competency space, why the assessment made
this inference, and what additional instructional steps are appropriate.
A CM is complete only when it is both judged appropriate by the
experts and comprehensible by the score users; checking in with

the experts frequently keeps the design team on task.

5 | CONCLUSION

Although the CM is only one of the models in the conceptual assess-
ment framework, it contains the claims which are central to the valid-
ity argument of the assessment. This paper describes the steps in
developing a CM as well as some of the design considerations. This
paper describes some ways of developing the claims central to the
argument.

To explore how these design considerations are applied in prac-
tice, this paper describes the CM development in one fully realized

stealth assessment (the game Physics Playground), and four initial draft
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CMs built by graduate students as part of a class in assessment
design. The latter examples allow some exploration of design deci-
sions which were difficult for novice designers. Each assessment pre-
sents unique challenges, but hopefully, this collection of examples is
sufficiently rich to provide other designers with possible strategies to
employ in their own design.

Assessment design involves art and science in equal measure. The
ECD conceptual assessment framework is the schematics for the final
assessment. The CM, which contains the claims, is central to ensuring
that the final assessment is suitable for its intended purpose. Stealth
assessment design differs from general assessment design only in that
the game mechanics and setting provide further constraints. Taking
the time to design an assessment which meets the purpose and con-

straints can prevent wasted effort in the implementation phase.
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