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Abstract

Research fields related to learning (e.g., educational technology and learning sciences)
have historically focused on what questions using traditional methods (e.g., comparing
different learning tools and methods). New methodologies that are grounded in learning,
engagement, and motivational theories are needed to additionally address the how ques-
tions. Methodologies that use learners’ process data shed more light on how learners learn
and if the learning tools are effective, compared to methodologies that use just outcome
data. In this paper, we discuss stealth assessment—an evidence-based methodology that
can be used in technology-rich environments (e.g., games) to assess and support hard-to-
measure constructs (e.g., creativity) as well as knowledge acquisition (e.g., physics). We
also discuss evidence-centered design (ECD), and present specific steps to design, embed
in a digital learning environment, and evaluate a stealth assessment. Additionally, we pro-
vide two examples of stealth assessment studies in the context of an educational game
called Physics Playground: Study 1 illustrates a stealth assessment of creativity and Study
2 describes a stealth assessment of physics understanding and how we used it to make the
game adaptive. The purpose of this paper is to provide sufficient detail about stealth assess-
ment to help researchers in the field of educational technology and related fields to adopt
this method to assess, foster, and investigate learning processes in various technology-rich
environments.
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Introduction

For decades, researchers in the field of educational technology have been conducting pre-
test—posttest studies comparing a learning technology with a control (or business-as-usual)
condition. But the results often fail to shed light on the reasons how and why the treatment
condition affected students’ learning (e.g., Reeves & Lin, 2020; Reeves & Oh, 2017). In
other words, research fields related to learning (e.g., educational technology and learning
sciences) have tended to focus on effectiveness studies (usually by examining the effects
of a treatment based on pretest to posttest changes) via traditional methods. New method-
ologies that are grounded in learning, engagement, and motivational theories are needed
that can additionally answer the how and why questions. Conducting effectiveness stud-
ies using traditional methods, researchers have been treating the learning interventions as
black boxes. With advances in learning technologies, learning sciences, and psychometrics
(Shute et al., 2016a, 2016b), researchers can and should go beyond simply evaluating stu-
dents’ learning before and after they engage with some intervention. Using new methods
and technologies for collecting and analyzing students’ interaction data and making infer-
ences of learning in real time will allow researchers to test their educational interventions
as glass boxes.

Apart from the black vs. glass box issue above, traditional comparison methodologies
are not able to capture how learners acquire, express, and improve such hard-to-measure
competencies like creativity, problem solving, persistence, collaboration, and systems
thinking (Shute & Wang, 2016). For instance, asking learners about their problem-solv-
ing skills is not as reliable and valid as seeing learners going through the problem-solving
stages when they attempt to solve a game level. Advances in new technologies and meth-
ods can help us identify and interpret what students know and can do as they interact with
technology-rich learning environments (e.g., digital games).

Glass-box approaches can provide researchers with a wealth of information regarding
a person’s learning trajectory which can be used, in real-time, to assess learners’ compe-
tencies and adapt the learning environment to fit learners’ needs (e.g., adapt the difficulty
of challenges, or provide targeted feedback). Such adaptivity is closely linked to learning,
engagement, and motivation theories. Learning and engagement theories—such as the
zone of proximal development (Vygotsky, 1978) and flow (Csikszentmihalyi, 1990)—sug-
gest that challenges in a learning environment should match learners’ knowledge and abil-
ity. Moreover, motivation theories and models such as self-determination theory (SDT;
Deci & Ryan, 2012) and the ARCS model (Keller, 1987) indicate that learners’ mastery of
and confidence in what they know and can do increases their motivation and effort they are
willing to put in the learning experience. Learning environments that maximize students’
learning via ongoing formative assessments and delivery of appropriate learning supports,
are environments that can promote learners’ motivation. With the advances in technology,
as well as in the learning and assessment sciences (Shute & Rahimi, 2017; Shute et al.,
2016a, 2016b), educators can develop learning environments that accurately assess and
support students’ knowledge, skills, dispositions, and other attributes. As mentioned above,
such learning environments use the real-time assessment estimates of students’ compe-
tency levels to adapt their challenges to students’ ability levels or to provide tailored sup-
ports to maximize student learning. The real-time assessment of learning can also be used
for research purposes (e.g., investigating learners’ processes of learning).

In this paper, we (1) discuss an innovative methodology called stealth assessment
(Shute, 2011), (2) elaborate the underlying design framework of stealth assessment (i.e.,
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evidence-centered design; ECD; Mislevy et al., 2003) with its psychometrics properties
(i.e., validity, reliability, and fairness), (3) walk the readers through the steps for design-
ing and developing a stealth assessment, and (4) illustrate two examples of stealth assess-
ment. The purpose of this paper is to provide sufficient detail about stealth assessment to
help researchers in the field of educational technology adopt this method to assess, foster,
and investigate learning in various technology-rich environments. We begin by a general
description of what stealth assessment is.

Background
Stealth assessment

Stealth assessment (Shute, 2011, 2023) uses technology-rich environments (e.g., digital
games, virtual reality, or other digital simulations) as vehicles for assessing and fostering
learner’ various competencies (we call those competencies unobservables as they can be
latent traits). Technology-rich learning environments, especially digital games, have many
affordances for learners to show what they know and can do, and for researchers to collect
data in real-time (Shute, 2023). The primary goal of stealth assessment is to seamlessly
blur the boundaries among gameplay (if the assessment is embedded in a digital game),
learning, and assessment in an unobtrusive way. To that end, stealth assessment machinery
continuously collects learner data and estimates their cognitive and non-cognitive compe-
tencies during the gameplay.

The main job of stealth assessment is to serve as a type of formative assessment (assess-
ment for learning). That is, stealth assessment collects data in real-time and estimates stu-
dents’ learning as they learn, thus researchers can make inferences about how people learn
in the process. The future of stealth assessment should include data sources other than
interaction data (i.e., multimodal data sources) to help researchers/educators make accurate
estimations about how people learn in environments equipped with stealth assessment.

As shown in Fig. 1, with stealth assessment machinery in place, learners become
engaged in playing or interacting with the digital learning environment (e.g., a digital
game). The system continuously captures interaction data in logfiles. Then, the stealth
assessment machinery identifies data that show evidence for the learner’s competen-
cies (we call those relevant data observables as we can see a learner perform them while
playing a digital game). A statistical modeling approach then accumulates the evidence
(observables) in real time into a learner model. The evidence accumulation process can be
accomplished by using a simple count of observable frequencies, or by more sophisticated
statistical modeling, e.g., Bayesian network modeling or Item Response Theory (IRT).

The more a learner interacts with the digital learning environment the more accurate
the stealth assessment estimates of the learner’s competencies will become. Stealth assess-
ment estimates can be used by the digital learning environment for various purposes. For
instance, in a digital game context, the difficulty of the challenges can be adjusted to match
the learner’s current ability level to facilitate the flow state (Csikszentmihalyi, 1990) and
place the learner’s experience within their zone of proximal development (Vygotsky,
1978). Adaptive learning systems such as Intelligent Tutoring Systems (ITSs) have used a
similar approach using student models and task adaptation (e.g., Shute, 1995; Brusilovsky,
2002; Phobun & Vicheanpanya, 2010). Alternatively, tailored cognitive and/or affective
supports can be delivered based on the stealth assessment estimates. Stealth assessment, as
the name implies, is unobtrusive and ongoing. The intention is to not disrupt engagement
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Fig. 1 Stealth assessment process

with the learning experience and to effectively blur the distinction between learning and
assessment.

In a systematic review of studies that used stealth assessment during the past decade, we
have identified about 100 studies (see Rahimi et al., 2023a for more details). These studies
(see Table 1), with participants from third grade to adults, were placed into low, medium,
and high-fidelity categories in terms of following the steps of stealth assessment (shown in
Table 2). The competencies that were assessed among those 100 studies included: (a) hard-
to-measure competencies such as creativity, persistence, problem solving, computational
thinking, risk taking, safety and emergency readiness; and (b) knowledge and skills acqui-
sition such as mathematics, physics, genetics, geometry, reading and writing, and ratio
and proportional reasoning (Table 1). This list of competencies that can be assessed using
stealth assessment shows the power and generalizability of this evidence-based method.

In addition to testing different competencies in the reviewed list of stealth assessment
studies, various fields of study have adopted stealth assessment. Some of these include
health and medical, computer science, Al in education, educational technology, learning
sciences, and bioengineering. The diversity of fields leveraging stealth assessment is prom-
ising. For instance, some of the reviewed studies have attempted to modify the way stealth
assessment is created and embedded in digital learning environments (e.g., automatizing
some of the processes of ECD using machine learning). Additionally, although stealth
assessment can be used for summative purposes, it was not originally intended for that.
As shown in Table 1, several studies we reviewed used stealth assessment for summative
purposes. Our view is that the real power of stealth assessment, however, is its formative
function—measuring and enhancing learning.

One important feature of stealth assessment includes the design of its various models—
particularly the competency and evidence models. We have historically (e.g., Shute et al.,

@ Springer AT



Stealth assessment: a theoretically grounded and...

Table 1 Selected sample of the 100 studies that used stealth assessment in the past 10 years

First Author (Year) Field Game/LE Competency Edu.Level N  Use
DeRosier, M. E (2012) Health Zoo U Social Skills 3rd & 4thg 187 V
Shute, V. J (2013) ET/LS PP Physics 8th&9thg 154 V
Ventura, M (2013) ET/LS PP Persistence 8th & 9thg 154 S
DiCerbo, K. E (2014) ET/LS Poptropica Persistence 6toldy 892 V
Halverson, R (2014) ET/LS Progenitor X Stem-cell science M 110 V
Min, W (2015) CS/AI ENGAGE CT M 182 V
Capuano, N (2015) IE, EE, AM VR Safety P & SE 45 D
Snow, E., L (2015) ET/LS iSTART-2 Students’ Agency College 70 V,R
Kiili & Ketamo (2018) ET/LS Semideus Fraction 6th g 51 V
Shute, V. J (2016) ET/LS Use Your Brainz  Problem solving Tthg 47 VvV
Chin, D. B (2016) ET/LS Stroylet Data literacy 10th g 93 V
Snow, E., L (2016) ET/LS iSTART-2 Self-explanation H 40 V
ability
DiCerbo, K. E (2017) ET/LS Insight Learning  Geometry 3rd g 131 D
Antoniou, P. E (2017) Health Serious talk Tech acceptance Adults 21 S
Akram, B (2018) CS/AT ENGAGE Problem solving M 244 'V
DeRosier, M. E (2018) Health Zoo U Social emotional skills 3rd & 4thg 270 V,R
Mayer, 1 (2018) AS TEAMUP Team Quality Adults 424 V,R
Georgiadis, K (2019)  ET/LS abcdeSIM Medical Caring Adults 267 V
Smith, G (2019) ET/LS Variant: Limits Calculus College 148 V
de-Juan-Ripoll, C BE Spheres & Shield Risk Taking Adults 38V
(2020)
Shute, V. J (2020) ET/LS PP Physics 9thto 11thg 263 V
Yang, D (2020) ET/LS Wke-Book Reading 3rdtoSthg 573 V
Chen, F (2020) ET/LS Raging Skie Weather Phenomena ~ Sth g 460 V
Henderson, N (2020)  CS/AIl Geniventure Genetics M & H 462 S
Shute, V. J (2021) ET/LS PP Creativity 9th & 8thg 167 V
Verma, V (2021) ET/LS Chemo-o-crypt ~ Chemistry College 107 F A
Gupta, A (2021) CS/AI Crystal Island Microbiology M 119 S

ET educational technology, LS learning sciences, CS computer sciences, A/ artificial intelligence, /E infor-
mation engineering, EE electric engineering, AM applied mathematics, AS applied sciences, BE bioen-
gineering, PP physics playground, LE learning environment, VR virtual reality, PS problem solving, CA
cyberbullying awareness, CT computational thinking, E elementary school, P primary school, SE secondary
school, M middle school, H high school, V validation, S summative, D design, R research, F formative, A

adaptivity

2009) used evidence-centered design (ECD; Mislevy et al., 2003) to design and develop
our models used in stealth assessment, and then used the stealth assessment estimates from
those models to adapt the environment or provide relevant feedback based on current infor-
mation about a learner. Next, we discuss ECD and its models.
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Assembly Model

* Competency Evidence Task
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Rules .

Fig.2 ECD models

Evidence-centered design (ECD)

As mentioned, stealth assessment uses the ECD framework as the basis for assessment
design. ECD includes four core models (Fig. 2). First, the Competency Model (CM) defines
the competency of interest and its sub-facets (unobservables), their relationships to each
other (e.g., prerequisite, part of, correlational; and the strength of the relationship; shown
as the arrows connecting the circles in Fig. 1), and claims we want to make about what
learners with various levels of competency can do (shown as the stars in Fig. 2). When
defining the competency model, researchers respond to the question of what to assess. Sec-
ond, the Evidence Model (EM) identifies appropriate indicators (observables) in the game
(i.e., establishing the rules of evidence) that provide evidence for the CM variables via
statistical linkages (i.e., the statistical model). When defining the EM, researchers answer
the question of how to assess. Third, the Task Model (TM) involves the creation of various
task types that can elicit the evidence needed for the evidence model. The goal of a task
model (when designing a game from scratch) is to facilitate the authoring process of the
tasks. One can think of a TM as a template from which a game developer can instantiate as
many instances as needed. By defining the TM, researchers answer the question of where
to assess. Finally, the Assembly Model (AM) allows researchers to arrange various tasks
together with various difficulty levels, sufficient per competency, to be delivered to the
learners. Moreover, the AM includes rules for adaptivity, personalization of the learning
supports and other features of the game environment. Researchers respond to the question
of how much to assess by defining the AM.

When these four core models are created and implemented in a digital-rich learning
environment (e.g., an educational game), observations made in the context of a person
interacting with assessment tasks provide evidence of current competency level permitting
the system to update competency estimates in real-time.

In general, there are two ways to design a stealth assessment: (1) creating and embed-
ding a stealth assessment into an existing game (e.g., Shute et al., 2016a, 2016b), and (2)
creating a game from scratch (e.g., Shute et al., 2020). Regarding the first way—embed-
ding stealth assessment into an existing game—this has some limitations, as it is not easy
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to gain access to a game’s source code necessary to integrate what is needed for a stealth
assessment in the game. Also, because expansion of the game to accommodate all sub-
facets of a competency model is not feasible, researchers would need to compromise the
assessment of some facets of a CM and only include facets for which the existing game has
good indicators. Regarding the creation of a game from scratch and concurrently designing
and developing a stealth assessment in the game, while this might be more resource inten-
sive than the first option, it provides greater opportunities to the researchers to assess and
foster what they wish (Shute et al., 2017; Smith et al., 2023 for more on this).

In both cases, the same steps can be employed to design and develop a stealth assess-
ment (see Shute et al., 2021). Each step shown in Table 2 is linked to at least one ECD
model except Step 11. Also, the qualitative and quantitative nature of each step is identi-
fied. It is important to note that these steps are not intended to be followed in a linear fash-
ion. Instead, stealth assessment design, development, and testing should be done iteratively
with the help of various experts (e.g., learning scientists, game designers and developers,
psychometricians, subject matter experts) working together in a team.

In this paper, we expanded Step 11 by adding the following: “... or use the estimates
to analyze learning patterns/trajectories to answer research questions.” The main goal of
stealth assessment is to improve learning, however, since stealth assessment estimates are
continuously computed in the background, researchers can leverage these data to answer
various research questions related to the processes of learning. Following these steps,
researchers can develop stealth assessments that are psychometrically sound—discussed
next.

Psychometric properties of stealth assessment: validity, reliability, and fairness

Any assessment, including stealth assessment, is expected to be psychometrically sound
(i.e., to be valid, reliable, and fair; Messick, 1994; Rahimi et al., 2023b; Shute, 2009). In
short, validity refers to the extent to which an assessment is assessing what it claims to
assess; reliability refers to the consistency of an assessment in different times and places;
and fairness refers to the extent to which an assessment is equitable and unbiased for vari-
ous subgroups (DiCerbo et al., 2016; Dorans & Cook, 2016; Mislevy et al., 2013).

Rahimi et al. (2023b) described various recommendations to improve the psychometric
properties of a stealth assessment. For instance, consulting with a subject matter expert and
conducting a thorough literature review when developing a competency model improves
the construct and face validity of a stealth assessment. Moreover, a stealth assessment that
assesses learners’ abilities in an authentic learning environment (e.g., an educational game)
tends to have a high level of ecological validity (i.e., the extent to which one can generalize
what was found to real-life situations). Additionally, including a diverse group of people in
terms of expertise, ethnicity, and gender on the design team can improve the fairness of a
stealth assessment.

Once a stealth assessment in designed and developed, researchers should first attempt
to evaluate the psychometric properties of a stealth assessment via validation studies. The
most common type of validation reported in various stealth assessment studies is conver-
gent validity (Rahimi et al., 2023a)—i.e., evaluating the correlations among stealth assess-
ment estimates and external measures that assess same competency. If the stealth assess-
ment shows a positive correlation with an external measure, this suggests that the stealth
assessment is measuring what it claims to measure. Most of the correlational analyses
reported in the literature yield values between 0.1 and 0.6 (DiCerbo et al., 2016; Rahimi
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A Ramp drawn by the student.

Sliders

Blower.

Fig. 3 Sketching level (top) and manipulation level (bottom) in PP

et al., 2023b). We do not see this as a weakness of stealth assessment since the condi-
tions of traditional assessments and stealth assessment are different. However, in the case
of non-significant or very small correlations, we suggest that researchers improve their
stealth assessment by (1) expanding their task models to capture more evidence for the CM
variables if needed, (2) identifying poor observables and replacing them with more robust
ones, and (3) revising the parameters of the statistical modeling used (e.g., tweaking the
conditional probability table entries after a pilot and validation study).

In the following sections, we discuss two studies that we conducted that illustrate the
steps listed in Table 1. Before presenting those studies, we first introduce the game that we
designed and used in both studies—Physics Playground.

Physics playground

A 2-dimensional computer-based game, Physics Playground (PP; Shute et al., 2019) was
developed to assess and support middle-to-high-school students’ understanding of New-
tonian physics. This puzzle game has a clear and simple goal—i.e., hitting a red balloon
using a green ball. Initially, PP only included one type of task, referred to as sketching
levels (Fig. 3 top) where learners draw lines on the screen using a stylus or mouse, and use
tools in the game (e.g., pins) to create simple machines (or agents of force and motion; e.g.,
lever, ramp, springboard, and pendulum) to guide the ball to the balloon. The most recent
version of PP includes a new task type called manipulation levels (Fig. 3 bottom) where
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the only way to solve the levels is to interact with three sliders (i.e., mass of the ball, grav-
ity, and air resistance), or to enable the bounciness option, and/or use puffers and/or blow-
ers (if included in a level). Drawing is disabled in this task type. Using the level editor of
PP, non-technical members of the team allowed us to design over 100 game levels.

Study 1: stealth assessment of creativity
Background and method

The first study we discuss is a stealth assessment of creativity in PP (see Shute & Rahimi,
2020). Creativity is one of the most important skills for success in our complex world
with all of its everchanging and unexpected problems (Glaveanu et al., 2020; Gray, 2016;
Resnick, 2018). The type of creativity we are referring to here is not necessarily artistic
creativity; rather, it is the creativity people need in their everyday life, or little-c creativ-
ity (Kaufman & Beghetto, 2009; Richards, 2010). To improve people’s creativity, we first
need to accurately assess it. However, creativity is a hard-to-measure construct (Shute &
Wang, 2016) and traditional, self-report measures are not able to assess it accurately or
fully. Therefore, we used stealth assessment to automatically assess students’ creativity
when they solved game levels in PP (Step 2 in Table 1). In this study, we asked the follow-
ing research questions:

A) Is our stealth assessment estimate of creativity valid (i.e., does it correlate with other
external measures of creativity)?

B) Does creativity predict in-game performance (i.e., number of levels solved, number of
gold and silver coins earned)?

C) Does creativity predict enjoyment of the game?

D) Does creativity predict physics learning?

First, we conducted a literature review to define our competency model of creativity in
the context of PP (Step 1 in Table 1). In the creativity research literature, one of the most
agreed upon definitions of creativity defines it as any product (i.e., idea, solution, artwork,
writing) that is both novel (original) and appropriate (applicable) (Runco & Acar, 2012;
Runco & Jaeger, 2012). Moreover, the four-p model of creativity (Rhodes, 1961) suggests
that there are four approaches when it comes to researching creativity: person (i.e., per-
sonalities, dispositions), process (i.e., steps one takes to come up with a creative product),
press (i.e., the environment one interacts with or lives in that leads to a creative product),
and product (i.e., the outcome of a creative process). Other operationalizations define crea-
tive thinking as divergent thinking which includes fluency (i.e., the ability to produce many
relevant ideas); originality (i.e., the ability to produce ideas that are statistically rare); flex-
ibility (i.e., the number of categories or themes used when solving a problem or the ability
to come up with relevant ideas from different categories or themes); and elaboration (i.e.,
the ability to implement and expand on an idea in detail and high quality). In this study, we
included fluency, flexibility, and originality as the sub-facets of gameplay creativity, shown

! Because the facet of elaboration generally overlaps with the other facets (and we could not ascertain
unique indicators for it), we excluded it from our model.
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Number of all agents drawn per solved level

Number of all agents drawn per unsolved level

Fluency .
Number of objects drawn per solved level
Number of objects drawn per unsolved level
Number of applicable agents attempted in the level
Creativit
v Flexibility — :
(Divergent Thinking) Standard deviation among agent frequencies of [R]

Consecutive use of incorrect agent [R]

Unexpected ball trajectory
Originality <
_ Use of an unexpected agent to solve the level

Fig.4 CM of creativity with evidence model variables (indicators) on the right. Note. *R indicates reverse
coding (for negative evidence)

in Fig. 4. We also identified appropriate EM variables (i.e., observables) as indicators in
PP per sub-facet (Step 3 in Table 2).

Participants, research design

The participants of this study consisted of 167 8th and 9th graders (76 male and 91 female)
from a K-12 school in Florida. Upon the completion of the study, each student received a
$25 gift card. We used a one-group, pretest—posttest research design. The total gameplay
time was about 4 h (across six 45-min sessions in a week). Thirty computers, in one of the
school’s two computer labs, were used for this study. Separators were used between the
computers to make sure students did not talk to each other during gameplay. All students
played the same version of PP.

After introducing the study, researchers administered a demographic questionnaire
about students’ age, gender, grade, and gameplay frequency. Afterwards, an online physics
pretest, followed by some performance-based measures of creativity (i.e., identifying alter-
native uses for three common tools—discussed later) were administered. Upon completing
the pretest battery of measures, the researchers introduced PP to the students. To encour-
age students to pay attention during gameplay, they were told that the student with the most
gold coins at the end of the study would receive an extra $25 gift card.

The first session of gameplay started by having students complete the agent-tutorial
videos. Students could start playing the game when they finished watching the videos.
Researchers instructed students to start by playing levels in Playground 1 (i.e., mostly easy
levels), and then they could move on to any levels in any playground they wanted (students
were informed that the difficulty of levels across the 7 playgrounds increased incremen-
tally). During gameplay, students were told that they could watch the tutorial videos if they
were struggling in a level.
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Measures?
Physics Test

Working with a physics expert, we created 24 multiple-choice items, counterbalanced
between two equivalent forms (Form A and Form B), and used for pretest and posttest in
the study. Each form included two items for each of our six main physics concepts. The
tests measured students’ understanding of Newtonian physics. The Cronbach’s a for the
physics test Form A was 0.72 and 0.73 for Form B.

Game enjoyment

We created a scale with questions about how the students enjoyed playing the game using a
5-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree). Two examples
of game-enjoyment items include: “I enjoyed playing Physics Playground” and “I would
play this game in my spare time” using a 5-point Likert scale ranging from 1 (strongly
disagree) to 5 (strongly agree).

Stealth assessment of creativity

We developed three different stealth assessment measures of creativity—for fluency, flex-
ibility, and originality as shown in Fig. 4. To estimate fluency, we identified different vari-
ables such as “Number of drawn objects per solved problem,” and “Number of agents used
in a problem.” For flexibility, we collected data on variables such as, “number of correct
agents attempted in the problem,” and “standard deviation among frequencies of agent
used” [per session; reverse coded]. Finally, for originality, we captured the X, y coordinates
of each student’s solution trajectory (i.e., the path the ball took from origin to hitting the
balloon) in the log files. We also had, for each level, the expected solutions’ x, y coordi-
nates. Therefore, we could compute the difference between the student’s and expected solu-
tion path—the larger the difference the more original the solution.

After establishing the relevant observables for each of the three facets of creativity, we
created a Bayesian network (BN) to estimate students’ creativity in PP (see Fig. 5). As stu-
dents play and provide evidence (or counter evidence) for each facet of creativity (i.e., flu-
ency, flexibility, and originality), the parent node gets updated. That is, at the end of each
level the log files are automatically parsed, observables are identified and scored (using
the scoring rules from the EM), and the scores are accumulated by the Bayes net (BN) for
each student. The BN automatically calculates the low, medium, and high probability esti-
mates for fluency, flexibility, originality, and finally for overall creativity, per student. For
example, as shown in Fig. 5, the trajectory of the solution for a given level has been scored
as “rare” which generated a high probability for originality, and in turn, for overall creativ-
ity. Considering other pieces of evidence coming into the BN in this example, the high,

2 We also had students design their own game levels and we scored the creativity of their levels [see Shute
and Rahimi (2021) for a full report]. We focus on the in-game stealth assessment and external measure of
creativity in this paper.
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Creativity
High 75.0 pi——
Medium 22.8 i
Low 2.27
Fluency Flexibility Originality
High 66.1 High 71.9 High 80.0
Medium 25.9 Medium 26.2 i Medium 19.1 mm
Low 7.95m Low 1.96 Low 0.87
Correct agents attempted Time on incorrect agent Deviation from expect trajectory
3 i 0 ——
Rare
2 0-2
1 25 Unusual
0 >5 Common

Fig.5 Creativity BN with its child nodes and example indicators for one level in PP

medium, and low probabilities are calculated as P(Creativity =highlevidence)=0.75, P(Cr
eativity =mediumlevidence) =0.23, and P(Creativity =lowlevidence) =0.02.

These estimates become increasingly more accurate as additional data is absorbed into
the BN at the end of each level. For our analyses, we computed a single value for the par-
ent node (creativity) per student. That is, the stealth assessment estimate consisted of three
probabilities (i.e., high, medium, and low). We assigned numeric values to the three states
and computed the expected value. This Expected A Posteriori (EAP) value can also be
expressed as, P(Giszigh)—P(Gij:Low), where Gij is the value for Student i on Compe-
tency j, and 1¥*P(High)+0*P(Med)+ — 1*P(Low)=P(High)—P(Low). This results in a
scale from — 1 to 1.

External measures of creativity

To validate our stealth assessment of creativity, we used Wallach and Kogan’s Creativity
Test (Wallach & Kogan, 1965) consisting of three alternative-uses test items (e.g., “How
many different uses can you list for a rubber band?”’) with a maximum of eight responses.
Students had one minute to compile their lists with as many answers as they could. When
time was up, they circled their top two most creative responses. We scored students’
responses for fluency (i.e., number of responses per item; Cronbach’s a=0.9) and original-
ity (i.e., two most creative responses; Cronbach’s a=0.8).

In-game measures of game performance

Parsing the log files, we created multiple variables indicating students’ game performance:
(1) the number of gold coins: depending on the levels’ difficulty, we assigned the minimum
number of objects needed to solve the level. When a student solved a level at or under the
minimum number of objects, a gold coin was given to the student; (2) the number of silver
coins: when a solution used more objects than the minimum number of objects to solve
the level, a silver coin was given to the student; and (3) the number of levels solved: which
indicates the total number of levels a student solved throughout all gameplay sessions.
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Results

Research question 1 concerned validity. To establish the convergent validity of our stealth
assessment of creativity, we conducted several correlational analyses. Results showed sig-
nificant correlations between our stealth assessment measure of creativity and the Alterna-
tive Uses test—fluency (r=0.18, p=0.02); and (b) Alternative Uses test—originality (r=0.18,
p=0.02). Therefore, the significant correlations suggest that our stealth assessment measure of
creativity is valid. However, there is room for improvement.

To answer research question 2 on the ability of our stealth assessment measures to predict
in-game performance, we conducted three separate multiple regression analyses controlling
for the pretest score (using stealth assessment estimates for research purposes—Step 11 in
Table 2). Results showed that, controlling for pretest, our stealth assessment estimate of crea-
tivity was not a significant predictor of gold coins earned (ﬂmmwm 0.11, r=1.38, p=0.17;
Bpreres:=0-31,1=3.92, p=0.17; F(2, 163)=12.57, p<0.001, R?=0.12). However, it was a sig-
nificant predictor of silver coins earned (ﬂmm,my 0.27, 1=3.29, p=0.001; B, =— 0.09,
t=— 1.04, p=0.30; F(2, 163)=5.44, p=0.003, R*=0.05), and total number of levels solved
Bereaiviy=0-39, 1=5.20, p<0.001; B,,,.,=0.16, t=2.11, p=0.04; F(2, 163)=23.38,
p<0.001, R*=0.21). This indicates that more creative students earned more silver coins and
completed more game levels than less creative students.

For research question 3, regarding the relationship between creativity and enjoyment of the
game, we computed a simple regression analysis with game-enjoyment score (i.e., the aver-
age of the two items related to game enjoyment) as the dependent variable and the stealth
assessment estimate of creativity as the independent variable. Results showed that our crea-
tivity estimate significantly predicted students’ game enjoyment (f=0.21, F(1, 152)=6.73,
p=0.01, R?=0.04) showing that more creative students enjoyed playing the game more than
less creative ones.

Finally, to address research question 4, testing whether our stealth assessment estimate of
creativity predicts learning physics from the game, we conducted another simple regression
analysis with posttest score as the dependent variable and our in-game creativity estimate as
the independent variable. Results showed that our creativity estimate significantly predicted
students’ posttest scores (=0.19, F(1, 152)=5.64, p=0.02, R>=0.04) showing the posi-
tive yet small relationship between creativity and learning. However, when controlling for the
pretest, stealth assessment creativity estimates were not a significant predictor of the posttest
scores (f=—0.06, t=—0.81, p=0.42).

Brief discussion

In Study 1, we validated our stealth assessment of creativity and used the in-game estimates
to create regression models to predict game performance, enjoyment, and learning. We did
not use the stealth assessment estimates in real-time to make the game adaptive or provide
appropriate supports to improve students’ creativity. In fact, such validation studies should be
carried out before using the stealth assessment estimates for real-time changes to the game
environment. Herein, we showed that the stealth assessment estimates of creativity can be
used as a valuable source of process data illustrating a learner’s trajectory of learning and to
answer various research questions. While using stealth assessment estimates to improve learn-
ers’ creativity in real-time is one of the future directions we are taking our research, we now
discuss another study where we did use the stealth assessment estimates for adaptivity and
triggering learning supports.
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Fig.6 Physics understanding competency model

Study 2: stealth assessment of physics understanding
Background and method

In Study 2, we pursued three main goals: (a) redesigning and validating a stealth assess-
ment of conceptual physics understanding, (b) designing, developing, and evaluating the
effects of including cognitive learning supports in multiple formats (e.g., short videos, mini
games, text, etc.), and (c) using the stealth assessment estimates of students’ physics under-
standing to create and evaluate an adaptive version of the game (i.e., showing a game level
to the learner that matches their level of physics understanding; starting the next level with
a learning support if the learner’s competency estimate was low). To achieve these goals,
we spent time going through the steps included in Table 2 in an iterative process. First, we
consulted with our physics experts to develop a new competency model of physics under-
standing (Fig. 6; see Almond et al., 2017; Rahimi et al., 2023b for more detial on this pro-
cess), in press a for more detial on this process). Developing the CM was Step 2 in Table 1.

Study 2’s CM is more complex than the CM described in Study 1 as it has three levels
of CM variables: physics understanding which is the high-level variable; force and motion,
linear momentum, energy, and torque that are mid-level variables; and other variables
(e.g., Newton’s laws) that are lower-level variables. The indicators (observables) in PP are
directly linked to the low-level variables (not included in Fig. 6). Figure 7 shows the in-
game indicators we included for manipulation levels relative to Newton’s Third Law of
force and motion (the primary concept) and Energy can Dissipate (the secondary concept).
Sketching levels and other manipulation levels that were not connected to Newton’s Third
Law had different indicators.

In the process of creating the CM for physics understanding we came up with two dif-
ferent CMs and showed them to our experts. They selected the CM shown in Fig. 6 as the
best depiction of the content. During an earlier phase of Study 2, PP had only one level
type (i.e., sketching levels) and we had about 100 sketching game levels. Step 5 in Table 2
suggests using a tool called Q-Matrix to link indicators or game levels to the CM variables.
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Fig. 7 Indicators for the manipulation levels with Newton’s Third Law and Energy can Dissipate as primary
and secondary concepts respectively

Table 3 Example of the Q-Matrix

NFL NSL NIL POM COM ECT ECD POT Eqil GM PU Comp

Level1 1 2 0 0 0 0 0 0 0 2 3 5
Level2 O 0 0 0 0 1 0 2 0 3 5 8
Leveln 1 2 0 0 0 0 0 0 0 2 2 4

NFL Newton’s First Law; NSL Newton’s Second Law; NTL Newton’s Third Law; POM Properties of
Momentum; COM Conservation of Momentum; ECT Energy Can Transfer; ECD Energy Can Dissipate;
POT Properties of Torque; Equil. Statis Equilibrium; GM Game Mechanics difficulty; PU Physics Under-
standing Difficulty; Comp. Composite difficulty

This tool allows researchers to examine the coverage of game levels or indicators per CM
variable.

Through examination of a Q-Matrix, researchers can identify any need to modify
(expand or curtail) the TM. Table 3 shows a smaller version of the Q-Matrix that we used
for Study 2. In this Q-matrix, a 1 indicates the primary competency and a 2 denotes the
secondary competency associated with each game level (e.g., Level 1 has Newton’s First
Law as its primary competency and Newton’s Second Law as its secondary competency).
Additionally, the Q-matrix included columns indicating the game mechanics difficulty
(GM, ranging from 1 to 5) and physics understanding difficulty (PU, ranging from 1 to
5) indices of each game level. The composite difficulty score was the sum of GM and PU
(discussed in more detail later). Summing the number of entries in each column provides
a quick estimate of the amount of evidence available for the corresponding competency,
towards ensuring complete coverage of the competency model. Including the difficulty
information in the Q-matrix allows the assessment designers to ensure that the levels span
the relevant depths of competencies of interest and that the game will not be too challeng-
ing or too easy. After finalizing our CM for Study 2, we evaluated our game levels to see
if we had enough game levels per low-level competencies (e.g., Newton’s laws, proper-
ties of momentum, conservation of momentum, etc.). We found that the Newton’s Second
and Third laws did not have enough game levels directly related to them. Therefore, we
expanded our TM (Step 4 in Table 1) and designed a second level type called manipulation
levels.

@ Springer ACECT



Stealth assessment: a theoretically grounded and...

o

Animdeion Definition Formula Hewitk Video Glossary

Aforce is a . It has a strength, called , and a direction.
For example, all objects downward.
Springboards and blowers can Friction and are also

forces, which can be seen when they slow a moving object.It is measured in newtons (N).

Fig.8 Learning supports available in Show me the Physics (top) and example of the learning support for an
interactive Definition (bottom)

In parallel with expanding our TM, we designed multiple type of learning supports
in the game (see Fig. 8). The learning supports included: Animations which contained
videos presenting physics concepts (e.g., properties of torque) in the game environ-
ment relevant to a student’s current game level; Definition which included physics terms
applicable to the game’s content and students after students watched a short animation
illustrating the term in the game environment (e.g., gravitational potential energy) and
complete the term’s definition through a fill-in-the-blank, drag-and-drop interaction;
Formula presents the physics concept’s formula (if applicable) and defines the asso-
ciated variables; Hewitt video contains cartoon animations explaining various physics
concepts, originally developed by Paul Hewitt, and edited with permission; and Glos-
sary support contains brief explanations of a set of physics terms relevant to the game
(to read more about the software architecture of PP, please see Rahimi et al., 2023c;
to read more about a series of studies we conduced to evaluate the effectiveness of the
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learning supports in PP, please see Bainbridge et al., 2022; Kuba et al., 2021; Rahimi
et al., 2021; Rahimi et al., 2022a; Yang et al., 2021a, 2021b; Yang et al., 2022).
We included 91 game levels, and asked the following three research questions in Study

2:

1. Is the stealth assessment of physics understanding valid?

2. Which delivery method of game levels (i.e., adaptive, linear, or free choice) is more
effective for improving students’ physics understanding when controlling for incoming
knowledge?

3. Which type of embedded learning support most effectively enhances learning and game
performance?

In the current paper, we only focus on research question 1 and describe how we designed
a learner-facing dashboard to show the real-time estimates of competencies to each learner.
To read about what we found regarding research questions 2 and 3, please see Shute et al.
(2020).

Participants and research design

We recruited 280 9th—11th grade students in a large K-12 school in the southeastern U.S.
We included the data from 263 students who had completed both the pretest and posttest,
submitted their parental consent forms, and signed the assent form in this study. We had the
same number of students self-identify as male (n=128) and female (n=128), with a wide
range of ethnicities. Self-reported ethnicities representing more than 1% of the respond-
ents were: Asian (n=38), Black or African American (n="77), Hispanic (n=23), White
(n=114), Other (n="7), Black or African American and White (n=6), Black or African
American and Hispanic (n=3), and Hispanic and White (n=9).

Procedure

The experiment spanned six days of class time, comprising six sessions (50 min per ses-
sion). On Day 1, participants completed a demographic survey and the pretest of physics
knowledge (18 items), followed by an introduction to PP gameplay. Days 2 to 5 consisted
of gameplay throughout the session. Day 6 consisted of gameplay followed by the posttest,
the game and learning support satisfaction survey, and receipt of the gift card.

External measure: physics understanding test

To validate our stealth assessment of physics understanding, we created and pilot tested 36
multiple-choice items covering the nine physics competencies in the game, counterbalanced
between two equivalent forms for a pretest and posttest (pretest=18 items, a=0.77; post-
test=18 items, =0.82). Each form included two items per competency. These were matched
forms, with multiple-choice formatted items accompanied by relevant pictures. The tests have
been revised across two years of testing, and the current reliabilities (Cronbach’s « values)
were: pretest=0.77; posttest=0.82. The items were (a) designed in the context of PP (i.e.,
including a video or an image from the game environment), (b) developed with the help of
two physics experts, and (c) subjected to several pilot tests before administration in Study 2.
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Table 4 Fine-grained validation

of stealth assessment estimates Stealth assessment estimates Pretest Posttest
Force and motion 0.29%:* 0.30%*
Linear momentum 0.27%* 0.27%*
Energy 0.227%% 0.35%%*
Torque 0.14%* 0.18%%*

*p<0.05; *¥p<0.01

Results

To address research question 1 concerning validity, we computed the correlation
between our overall stealth assessment estimate of “physics understanding” with our
external physics test scores. Results showed that both the pretest (r=0.36, p <0.01)
and posttest (r=0.40, p <0.01) scores significantly correlated with the overall stealth
assessment estimate. We were also able to test specific correlations involving each one
of our mid-level competency estimates (e.g., Torque) with the score of relevant sub-
scale items on the pretest and posttest (e.g., average score of students on the items
related to energy were correlated with their stealth assessment score of energy). Like
the overall physics understanding estimate, the mid-level stealth assessment estimates
significantly correlated with their associated external measures both on pretest and
posttest (see Table 4).

In summary, we found that our stealth assessment of physics understanding was
valid—both overall as well as at a more granular, diagnostic level. Note that the BN
scores were based only on the experts’ original estimates. Refining the model using the
data from the field test from Study 2 should yield even better measures of physics com-
petency (Step 9 in Table 2) in future studies. Next, we discuss how we used these esti-
mates in the game.

Using the stealth assessment estimates in PP

We used the validated stealth assessment estimates in the game in two ways: (1) making
the game adaptive, and providing learning supports in a personalized way; and (2) show-
ing the estimates to the students in an in-game, student-facing dashboard. One of the
conditions in this study was adaptive. We used an algorithm to determine the order to
present the levels to best match students’ physics understanding competency level. For
example, if the stealth assessment estimate of a student’s current level of physics under-
standing of a competency (e.g., Newton’s Third Law) was satisfactory (e.g.,>0.33), the
adaptive algorithm would deliver more difficult levels associated with that competency.
If the competency estimate was too low (e.g.,<0.33), the algorithm would show a rel-
evant learning support to the student before playing the next level.

Although this assessment method is called stealth assessment, the fact that students
are being assessed is not hidden from them. To facilitate students’ understanding of
their progress in playing game levels and their mastery of various physics concepts
we designed an in-game dashboard (Fig. 9; see Rahimi & Shute, 2021 for a report on
learning analytics dashboard in educational games and how we designed this dashboard
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Fig.9 My backpack—students can check their gameplay progress, money balance, and physics understand-
ing

for PP). The orange bars show students’ level of mastery on different physics con-
cepts and the cyan bar (at the bottom of the dashboard) show students’ overall physics
understanding. These bars were all connected to students’ real-time stealth assessment
estimates.

Brief discussion

In summary, Study 2 was the most comprehensive study of stealth assessment we con-
ducted to date. It included (1) designing and developing the stealth assessment machinery
based on ECD in the game, (2) designing and developing learning supports, (3) valida-
tion of the stealth assessment measure, and (4) using the stealth assessment estimates to
make the game adaptive, providing learning supports in a personalized way, and showing
learners their progress as they played the game and learned the concepts (the four-stage
process shown in Fig. 1). Stealth assessment studies in the literature (some of them shown
in Table 1) may or may not include all these components (Rahimi et al., 2023a). However,
we emphasize that having all these components operating within a game or other learning
environment is what makes the stealth assessment loop complete.

Conclusion

In this paper, we discussed the need for new methodologies that allow researchers to look
closely into learning processes. Advances in learning sciences, instructional technologies,
and psychometrics have made it possible to design, develop, and evaluate digital learning
environments that can collect, analyze, and interpret learners’ interaction data in real-time.
We introduced stealth assessment as one of the innovative methods that is based on learn-
ing, engagement, and motivational theories, and uses a psychometrically sound framework
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of ECD. Stealth assessment has been adopted in other fields (e.g., computer science, health,
etc.) in the past ten years and we expect to see it expand in the future.

There are two limitations that need to be discussed regarding the design of stealth
assessment: (1) the quality of assessment model depends on the information (accuracy)
of the indicators (observables); and (2) stealth assessment is a labor-intensive process that
requires various types of expertise that may seem difficult to bring together in one pro-
ject (e.g., computer sciences, learning sciences, psychometrics, instructional design, game
design). While these two limitations are valid, to address (1) we recommend that research-
ers follow the steps of designing stealth assessment in an iterative process. The indicators
need to be tested and modified in multiple pilot studies. Later, new indicators may be added
to enhance the accuracy of the models. To address (2), researchers in the field of computer
science are trying to automate some of the processes of stealth assessment to reduce the
labor-intensity of the design process. For example, Min et al. (2015) used deep learning to
analyze log data and automatically create accurate evidence models (useful indicators as
proxies for learning). In general, a diverse team of experts working toward a common goal
is important for a successful stealth assessment design.

So far, most of the applications of this methodology have been limited to research labo-
ratories. However, we expect to see the design and development of learning technologies
equipped with stealth assessment at a larger scale (e.g., in schools across the country or
even the world and with thousands of learners using these environments). Finally, while
we see stealth assessment as a top-down approach, bottom-up approaches (e.g., educational
data mining, machine learning) can be used to enhance the accuracy of stealth assessment
estimates in future learning environments. For instance, machine learning can be used to
identify new patterns in learners’ learning and gaming behaviors, as well as new variables
(observables) that can be included to improve stealth assessment’s accuracy in the future
(e.g., Rahimi et al., 2022b). Additionally, machine learning can be used for scoring the
appropriate observables. Using methods such as stealth assessment can open many doors to
us to improve how learners learn and to provide personalized learning experiences for all
learners at scale.
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