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ABSTRACT

The Interactive Strategy Training for Active Reading and Thinking (iSTART) game-based intelligent
tutoring system (ITS) was developed with a foundation of comprehension theory and principles of
learning science to improve students’ comprehension of complex scientific texts. iSTART has been
shown to improve reading comprehension for learners from middle school through adulthood,
particularly lower knowledge readers, through strategy instruction and game-based practice. This
paper describes iSTART, the theoretical foundations that have guided iSTART development, and
evidence for the feasibility of game-based practice to improve learning outcomes. This paper also
introduces a novel method of assessing students’ reading comprehension through game-based lit-
eracy assessments that have been incorporated in iSTART. The development of these stealth
assessments was guided by recent work emphasizing the need for rapid, dynamic, and low stakes
assessments that evaluate students’ reading skills in the context of brief, dynamic games. Stealth
assessments can generate estimates of multiple aspects of students’ reading comprehension
quickly and within a motivating environment. The work described in this paper is a promising
method to assess students’ literacy in an unobtrusive and authentic way that may lead to
improved learning outcomes for students.

1. Introduction

The Interactive Strategy Training for Active Reading and

Thinking (iSTART) intelligent tutoring system (ITS) was

developed to improve students’ literacy skills. More specific-

ally, iSTART leverages interactive and adaptive technology

to enhance students’ ability to comprehend the types of

complex informational texts they encounter in their STEM

courses. iSTART’s development has been guided by theories

of comprehension, learning, and human-computer inter-

action (HCI) to offer high-quality and effective comprehen-

sion strategy instruction and practice. Over the past two

decades, advances in HCI and interactive computing have

led to the continued refinement of the iSTART system.
This paper describes the theory of reading comprehen-

sion and principles in learning science that undergird the

development of iSTART. Additionally, this paper includes

how iSTART has been redesigned to incorporate techno-

logical advances that further support students’ learning such

as natural language processing (NLP), adaptivity, game-

based practice, and novel, game-based (i.e., stealth) literacy

assessments. These stealth assessments are incorporated into

brief, efficient, engaging games to provide authentic, multi-

dimensional information regarding students’ literacy skills.

The overarching goal in the development and redesign of
iSTART is to address students’ struggle with comprehension
of complex, informational text.

1.1. The need to improve literacy

Although reading is an everyday activity, many students
struggle to understand what they read, particularly when
trying to learn from complex expository texts. Recent data
from the Program for International Student Assessment
(PISA) showed that U.S. adolescents ranked 15th in literacy
skills worldwide. Similarly, roughly half of U.S. high school
students do not have sufficient literacy skills to meet the
demands of college-level reading (American College Testing,
2006). Insufficient literacy skills, then, become a barrier to
students’ access to and completion of post-secondary educa-
tion (Baer et al., 2006). Of particular concern is the growing
“STEM crisis,” a shortage of individuals qualified to work in
essential Science, Technology, Engineering, and Math
(STEM) fields. STEM workers make up between 5% and
20% of workers in the U.S. (Xue & Larson, 2015) and that
number is steadily growing. Under preparedness for college-
level learning material is a key factor that contributes to low
enrolment and success in STEM fields (Sithole et al., 2017),
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increased STEM attrition rates, and dropping out of college

altogether (Chen, 2013). Generally, the STEM-related jobs

that are most in-demand require some level of college edu-

cation (Fayer et al., 2017; Xue & Larson, 2015).

Informational texts such as those that students encounter in

STEM courses are particularly challenging.
Informational texts tend to be full of complex vocabulary

and syntax and often overly rely on students’ familiarity

with or prior knowledge of the topic (Best et al., 2005;

McNamara et al., 2011, 2012). Skilled readers enact compre-

hension strategies that can support their understanding.

However, many students need more explicit strategy instruc-

tion and practice to build up their literacy skills. Thus, there

is a great need to increase support for developing students’

literacy skills to improve their success in both college-level

coursework and subsequently, the future STEM workforce.

iSTART leverages interactive technology to provide evi-

dence-based comprehension strategy instruction and practice

to develop students’ literacy skills.

2. Comprehension theory underlying the
development of iSTART

Successful comprehension of complex texts depends on the

reader, the text, the task, and the context. This combination of

factors requires the reader to coordinate several lower-level and

higher-level processes to build a mental representation of what

they read (McNamara & Magliano, 2009; C. Snow, 2002). One

key process that distinguishes skilled and less skilled students is

inferencing (Long et al., 1994; Oakhill, 1984). Inferences are

necessary during reading to fill in information not explicitly

stated in the text (Graesser et al., 1994; van den Broek et al.,

2005). Therefore, students must generate inferences by con-

necting content they read with information they previously

read or with their prior knowledge (Bowyer-Crane & Snowling,

2005; Elbro & Buch-Iversen, 2013; Kendeou, 2015; McNamara

& Kintsch, 1996). However, students often fail to make infer-

ences during reading (Cain & Oakhill, 1999; Cain et al., 2003)

which leads to an impoverished understanding of the text’s

deeper meaning despite having knowledge of the text’s explicit

content. Thus, comprehension of a complex text requires that

readers construct a coherent mental representation of the infor-

mation, and they must generate inferences to do so

(McNamara & Magliano, 2009).
The Construction-Integration (CI) Model (Kintsch, 1988,

1998) provides an account of the way in which readers con-

struct meaning from texts at multiple levels of representa-

tion. According to the CI model, comprehension is the

result of two cyclical phases. The first phase, construction,

refers to the activation of information from the text and

related prior knowledge. Knowledge activation stems from

four sources: (1) the text information that is currently being

processed, (2) the previously read sentence, (3) related prior

knowledge, and (4) reinstatements from previously read text.

The result of the construction phase is an associative net-

work of new information gleaned from the text combined

with the individual’s prior knowledge that is activated dur-

ing reading.

The second phase, integration, captures the spread of acti-

vation within this associative network. Highly connected

information receives more activation than less connected

information. Therefore, the more connections individuals

make, the more likely information will be maintained in the

network and will then become part of the reader’s mental

representation of the text. Conversely, information that has

relatively few connections loses activation and is less likely to

be maintained in the reader’s final mental representation of

the text (McNamara & McDaniel, 2004; Rowe &

McNamara, 2008).
The CI model also assumes that the reader’s final mental

representation is multi-layered and includes a textbase (i.e.,

explicit in the text) representation and situation model (i.e.,

explicit information plus inferences beyond the text). Thus,

a textbase-level understanding is relatively shallow and

short-lived compared to a situation model. If students lack

skill in drawing inferences to generate or retrieve informa-

tion that was not provided in the text, then their situation

model is likely to be relatively impoverished and lack coher-

ence (McNamara & Kintsch, 1996; McNamara & McDaniel,

2004). When readers have less knowledge about a topic,

they must use strategies to generate inferences and fill in

conceptual gaps in the text using general world knowledge,

reasoning, and common sense (McNamara, 2004).

2.1. The importance of comprehension strategy

instruction

Comprehension strategies are explicit skills that support read-

ers’ construction and integration of new information as they

develop situation models of text they are reading. Skilled

readers automatically engage in active and elaborative com-

prehension strategies that help them to construct a coherent

mental representation of the text (Cot�e et al., 1998; Goldman

et al., 2012; Wolfe & Goldman, 2005). By contrast, less skilled

and less knowledgeable students engage in these strategies

less frequently, if at all. Providing strategy instruction encour-

ages students to monitor their comprehension and engage in

strategies that mimic those exhibited by skilled students.

However, sustained training and deliberate practice of com-

prehension strategies not only strengthen comprehension

skills among less skilled students, but they also encourage

automatic use of those skills (McNamara, 2009).
Extensive evidence indicates the benefit of teaching stu-

dents to self-explain text (Chi et al., 1994), generate deep-

level questions (Davey & McBride, 1986), and summarize

what they are reading (Brown et al., 1981). Self-explanation

involves students explaining what they are reading to them-

selves using words that they are familiar with as well as con-

necting parts of the text and existing knowledge (McNamara,

2004). Within the framework of self-explanation instruction,

students are first taught “comprehension monitoring” � how

to recognize a breakdown in their understanding, which

ideally encourages subsequent strategy use to improve under-

standing (Baker & Brown, 1984). One explicit strategy that

aids in comprehension monitoring is question asking.

Generating deep-level questions encourages students to
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interrogate the meaning of text, their understanding of it as

they read, and subsequently repair gaps in understanding

(Davey & McBride, 1986; Rosenshine et al., 1996).
Self-explanation instruction supports students’ compre-

hension by scaffolding lower level textbase models and guid-

ing the development of higher-level situation models (see

McNamara et al., 2007). At the sentence level, paraphrasing

(i.e., restating texts in one’s own words) helps students jump-

start deeper level comprehension processes. Paraphrasing

aids in constructing a textbase-level representation of the text

and in turn, improves memory of its main gist (McNamara

et al., 2006). To go beyond the textbase and construct a

coherent situation model of a text, students must also engage

in knowledge-building strategies that elicit inferences

(Scardamalia & Bereiter, 2006). Students can (1) “bridge” dis-

tal information in the text to form a more cohesive global

understanding (Kintsch, 1998); (2) “elaborate” text content

by drawing associations with prior knowledge, which in turn

requires using logic and analogical reasoning to identify con-

nections to previous experiences; and (3) “predict” subse-

quent text content based on their prior knowledge. Finally,

summarization is a strategy that helps students to recognize

the key information in text, by identifying what constitutes

an extraneous detail and what constitutes an important main

idea (Brown et al., 1981). Thus, summary generation sup-

ports the reader’s development of a coherent mental repre-

sentation of the text.
Training less skilled students to implement these strat-

egies in the context of classroom instruction is effective

(McNamara, 2004, 2017), albeit time consuming. Moreover,

teachers must first understand how to model the strategies.

These constraints limit the feasibility of successful strategy

instruction as part of regular, direct classroom instruction.

In the face of these challenges, automated comprehension

strategy instruction can be delivered successfully due to the

recent advances in interactive technologies.

2.2. Supporting comprehension with interactive

technologies

Recent advances in interactive technology have made it pos-

sible to provide students with learning opportunities that

mimic human instruction. Previously, important aspects of

face-to-face instruction, such as feedback or personalization,

were nearly impossible to provide without human interven-

tion. Now, interactive technologies such as multimedia (e.g.,

video, audio, images), natural language processing (NLP),

and artificial intelligence can support students’ development

of a coherent mental model.
Multimedia instruction supports the development of stu-

dents’ mental model during the construction phase using

the “signaling" principle (Mayer, 2008, 2021) to notify the

learner where there are opportunities to execute a compre-

hension strategy. For example, the ITS might signal students

when they should generate a bridging inference to connect

sentences in the text. Signaling can be executed using an

image (e.g., arrow), a pop-up (e.g., dialog box with a text-

entry field), or a prompt (e.g., audio notification) delivered

via a pedagogical agent as in iSTART (Johnson et al., 2015;

Wang et al., 2018). Interactive technologies can also support

the integration phase of comprehension through explicit

prompts to identify relevant prior knowledge related to the

text the student is reading. Prompts may include generation

of an elaborative inference� integrating information in the

text with prior knowledge, or generation of a deep-level

question about the connection between the text and

world knowledge.
Beyond prompts to generate inferences, interactive tech-

nologies also facilitate evaluation of inferences that students

generate during self-explanation (Bai et al., 2022). NLP com-

bined with artificial intelligence can produce a score and

provide automated feedback as well as monitoring students’

performance and progress. Depending on the student’s

score, they may be guided to scaffolded strategy instruction

that demonstrates the strategy being used followed by add-

itional opportunities to practice and receive feedback.
Interactive technologies may also support students’ devel-

opment of a mental model by increasing students’ engage-

ment with the learning opportunity. The introduction of

game-based learning and assessment provides learning

opportunities that increase enjoyment of learning and

motivation to engage in sustained practice (Jackson, Varner,

et al., 2013).

3. Interactive strategy training for active reading
and thinking (iSTART)

iSTART is an interactive technology developed to address

the need to improve students’ comprehension of complex

scientific texts. iSTART provides adaptive, interactive strat-

egy instruction and practice modeled after effective, human-

based instruction implementing evidence-based principles

from learning science (Jackson et al., 2015). The develop-

ment of iSTART was guided by three well-known principles

in the learning sciences: the generation effect, deliberate

practice and feedback, and antidotes to disengagement to

reduce learners’ disengagement from the system (Healy

et al., 2012; McNamara et al., 2015). Table 1 provides spe-

cific examples of how these foundational principles were

instantiated in iSTART followed by descriptions of the key

components in iSTART.
The first of these principles is the generation effect, fol-

lowing from the premise that individuals have improved

recall when they actively generate content compared to

when they read or copy content verbatim (McNamara &

Healy, 1995). For example, when students generate a target

word from a word pair cue, they will have improved subse-

quent recall of that word pair compared to when they sim-

ply read it. iSTART executes this principle by eliciting

constructed (i.e., generated) responses in practice activities

and mini-games.
The second principle guiding iSTART is deliberate prac-

tice with feedback. For practice to be effective, it must be

deliberate and effortful, and learners must be motivated to

improve on a targeted weakness (Ericsson, 2008). Providing

feedback during deliberate practice informs the learner of
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progress towards their goal, what needs to be improved, and
how to improve it. iSTART instantiates deliberate practice

and feedback in both the training and practice portions of
the system. For example, students practice generating self-
explanations after which they receive a quality score driven

by an NLP algorithm that uses latent semantic analysis and
word-based measures. Students receive feedback based on

their self-explanation quality score which may include posi-
tive affirmations (e.g., “good job”) for higher scores and
prompts to revise for lower scores (e.g., “try writing a longer

self-explanation”).
The generation effect, deliberate practice, and feedback

have an abundance of research demonstrating their benefits
to students’ learning. However, students can easily lose

motivation without additional incentives to persist, especially
when confronted with challenging tasks (Jackson &

McNamara, 2017). To that end, iSTART includes features
that serve as “antidotes to disengagement” (e.g., mini-games

and personalization) to motivate students to remain engaged
in deliberate practice and increase agency (Jackson &
McNamara, 2013).

3.1. Key components of iSTART

3.1.1. Comprehension strategy video lessons

iSTART instruction is divided into three modules introduc-

ing active reading comprehension strategies: Question
Asking, Summarization, and Self-explanation. The format of

instruction in each module includes an overview of the
strategy, instruction on how to execute the strategy, and a
recap of strategy use. The instruction videos model human

instruction and follow the explicit direct instruction (“I do,
we do, you do”) method (Rupley et al., 2009) encouraging

students to work along with a narrator. First, the narrator
defines and demonstrates how to use the strategy. Then, the

narrator verbally models using the strategy and suggests that
the student does the same while watching the modeling.
Finally, students are provided with an example and

instructed to pause the video and try the strategy on their
own using a sentence on the screen. Following the

“instruction pause,” the narrator provides possible solutions
to the student and directs them to “check their answer.” At

the end of the video, students complete a short quiz to
assess their understanding of the strategy.

The Question Asking module supports comprehension
monitoring by prompting students to identify parts of text
that they do not understand and then searching for the

answer in the text (Afflerbach et al., 2020; Oakhill et al.,

2019). The lessons in this model also demonstrate the types

of questions students can ask themselves to ensure that

they understand the larger meaning of the text. The

Summarization module provides information about how to

generate high-quality text summaries, such as deleting

unimportant details, identifying main ideas, replacing por-

tions of text with words that are easier to understand, and

identifying the topic sentences that indicate the overall mean-

ing of the text (Stevens et al., 2019). Students are taught strat-

egies to generate inferences in the Self-explanation module.

Self-explanation training is divided into five strategies that

support comprehension: comprehension monitoring, para-

phrasing, bridging and elaborative inferences, and prediction.

Generating self-explanations increases students’ use of bridg-

ing and elaborative inferences, which lead to the construction

of a more coherent situation model of the text (Kintsch,

1998; McNamara, 2004, 2017).

3.1.2. Strategy practice

Following the video lessons, students are provided opportu-

nities to practice the strategies through coached practice or

game-based practice. During both forms of practice, students

are provided feedback that is delivered through natural lan-

guage processing (NLP) based algorithms (Crossley et al.,

2016; Johnson et al., 2017; McCarthy, Allen, et al., 2020).

These algorithms generate both formative and summative

feedback that simulate what students might receive from

teachers or peers in the classroom. Summative feedback is

provided in the form of a score (i.e., poor, fair, good, or

great) and formative feedback is given in the form of per-

sonalized suggestions for improving the quality of self-

explanations. iSTART further scaffolds students’ strategy

learning using NLP based algorithms to adaptively select

texts with an appropriate level of difficulty based on each

student’s skills. Formative and summative feedback is inte-

grated throughout iSTART to guide students to components

and activities that will address knowledge gaps as they pro-

ceed through the system.
Coached practice includes scaffolded support provided by

Mr. Evans, a pedagogical agent, who gives students explicit

feedback about their practice. Students receive feedback

indicating that they have done well (e.g., Great job!) or that

they need to try again (e.g., Try making your explanation

longer.). Students may also receive guidance on how to

improve on the next sentence (e.g., Next time, try to improve

the explanation by including information from different parts

of the text.)

Table 1. Foundational principles from learning science used in the development of iSTART.

Foundational principle Explanation iSTART Example

Generation effect Individuals have better memory for content that they
generate than content that they read or
write verbatim.

Learners generate self-explanations of target
sentences during practice and mini games.

Deliberate practice and feedback Deliberate practice is effortful, sustained, focused on a
specific learning target, includes feedback, and is
executed by a motivated learner.

Quality scores and feedback are provided to
learners during practice through the use of
NLP algorithms.

Antidotes to disengagement Deliberate practice must be sustained to be effective,
thus learners must remain engaged in the
practice activity.

Mini-games in iSTART increase learner agency and
personalization which deter disengagement
with the system.
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Game-based practice is divided into two primary types:
identification games and generative games. In identification
games, students view example responses (e.g., questions,

summaries, self-explanations) and must correctly identify
the strategy used. Whereas, in generative iSTART games,
students practice generating questions, summaries, or self-

explanations of target sentences.

3.1.3. Antidotes to disengagement

iSTART includes systemwide game elements common to
both recreational and educational game platforms to
increase agency and motivate students to continue playing

(Seaborn & Fels, 2015). These features include game-based
practice and personalization features in the interface and
instruction.

Game-based Practice. Students’ motivation to engage in
practice is particularly bolstered by the incorporation of
strategy practice mini-games (Jackson & McNamara, 2013,

2017; Jacovina et al., 2016). A wide variety of mini-games
offers students high levels of agency in choosing which
game to play, or even whether to play a game or engage in

coached practice (E. L. Snow et al., 2014). Players earn
points during game play, which accumulate to earn bronze,
silver, or gold trophies. Students also earn trophies for
reaching new high scores, which can then be used to open

new game levels or “level-up.” The thrill of attaining the
next level can provide the motivation that students need to
continue playing when faced with difficult content (Tsai

et al., 2020). These systemwide gamification features support

learning by enticing students to engage in extended practice

(Jackson & McNamara, 2013, 2017).
Mini-games in iSTART were originally developed to sup-

port students’ acquisition of comprehension strategy know-

ledge (i.e., strategy identification games) and to provide

engaging, sustained practice using the strategy (i.e., gener-

ation games; McCarthy et al., 2020).
One example of an identification game is Balloon Bust

(Figure 1). Students are presented with a text and an example

self-explanation and their task is to “throw” a dart at moving

balloons that depict the strategy used to generate the self-

explanation. Students are challenged further when a self-

explanation demonstrates two strategies, and they must identify

them both and bust the balloons to move on. Students receive

points for accurate responses, lose points for inaccurate

responses, and get bonus points for not making any mistakes

(i.e., selecting the wrong strategy). At the end of a round, stu-

dents can view their score summary before going on to the

next round. Identifying the strategies used in games like

Balloon Bust can aid students’ understanding of how the strat-

egy is applied through multiple observations of each one

(Jackson & McNamara, 2013). Self-Explanation Showdown is

an example of a generation mini-game in which students

compete against a computer opponent in a gameshow style

scenario. The student and an opponent each generate a

self-explanation for the same sentence while NLP algorithms

evaluate them and assign a summative score (Jackson et al.,

2012). The player with the higher score gets points for winning

the round. Students get to practice generating self-explanations

Figure 1. Balloon Bust strategy identification game.
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while also getting the thrill of “beating the competition” and

earning points.
More recently, additional types of game-based practice,

beyond identification and generation, have been added to

iSTART to better represent the diversity of comprehension

assessment tasks that students complete throughout their

educational careers. For instance, students’ comprehension

is often assessed using multiple-choice tests such as standar-

dized assessments (e.g., ACT, SAT, NAEP). StairStepper is

an adaptive game that combines comprehension assessment

and self-explanation generation to support students’ text

comprehension and development of a situation model of the

text. Students are able to monitor their comprehension of a

text by responding to multiple-choice questions and receiv-

ing a score. Students who score below the threshold receive

a comprehension scaffold in the form of a prompt to self-

explanation target sentences in the text (Figure 2; Arner

et al., 2021; Perret et al., 2017). The goal of StairStepper is

for the player to move their avatar to the top of the stair-

case. Correct answers result in the avatar moving up and

the student advancing to a more difficult text. Incorrect

responses trigger a comprehension strategy, self-explanation,

to help the students update or improve their mental model.

Multiple incorrect responses cause the avatar to descend the

stairs and students receive an easier text. Throughout the

game, students receive adaptive feedback from Mr. Evans, a

pedagogical agent, depending on the game level and

their progress. When students are prompted to write self-

explanations, they may receive feedback on writing a good

self-explanation. When they achieve a new level and move

up a step, they receive positive reinforcement (e.g., “Great

job!”). The adaptive text and feedback further support stu-

dents’ persistence, leading to increased strategy use and

improved reading comprehension (Arner et al., 2021;

Jackson & McNamara, 2013).
Lost in Springdale (Figure 3) is a narrative game devel-

oped in a “Choose your own Adventure” format aimed at

improving functional comprehension skills of adult readers

such that they require players to solve real-world problems

presented in text (e.g., reading clues to determine a distance

on a map; Johnson et al., 2016). Readers navigate through

Springdale, a town where many of the inhabitants have dis-

appeared, assumedly because it was affected by a mysterious

disaster. Readers are presented with the end goal of surviv-

ing the disaster, while also searching for clues to uncover

the whereabouts of the townspeople. As readers proceed

through stops on a map, they encounter real-world artifacts

and must apply their reading comprehension skills (i.e., par-

aphrasing a clue) to proceed. Clues are modeled after three

types of text literacy: prose literacy (e.g., news articles),

document literacy (e.g., nutrition labels), and quantitative

literacy (e.g., calculating a distance on a map) identified by

the National Assessment of Adult Literacy. Lower literacy

students who may have insufficient decoding skills are sup-

ported by pedagogical agents who read the text aloud while

it is presented on the screen (Johnson et al., 2017). Readers

solve each clue by asking or answering questions and gener-

ating self-explanations and summaries. Throughout the

game, readers may also access an in-game cell phone that

includes features like photographing key areas on the map,

note taking, and skills trackers that show readers their pro-

gress on comprehension skills (e.g., summarization) and

concept knowledge (e.g., health). Points are awarded for

each successful task based on the complexity of the task,

and readers’ progress through the narrative, which can then

be used to “upgrade” their cell phone. Lost in Springdale

combines adaptive story elements, life-relevant task artifacts,

and game elements to support sustained practice of reading

comprehension strategies. While this game was designed for

low literacy adults, the engaging and flexible design has

strong potential to also benefit school-age learners (Johnson

et al., 2017).
Personalization in iSTART. iSTART includes features that

afford personalization by both the student and the teacher.

Students can personalize the iSTART interface using in-game

currency, iBucks, earned during practice. Thus, engaging in

more practice increases the student’s ability to personalize

the system. Personalization options include changing the

Figure 2. StairStepper self-explanation game.
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appearance of the player’s avatar or editing the background

color of the interface. Students who interacted more with the

games and the game-based features reported higher levels of

engagement and motivation and showed higher performance

in terms of generating better quality self-explanations (E. L.

Snow et al., 2013a, 2013b).
iSTART can also be personalized by the teachers via an

interface that allows customization of their iSTART class-

room. The teacher dashboard includes settings for lesson

order, initial text difficulty, whether students can play games,

and when they can do so. For example, teachers can set pre-

requisites to open each strategy training such as the passing

level for checkpoint quizzes. Teachers can also select specific

games for students to play and set the starting text level for

each game. The text library in iSTART allows teachers to

assign specific texts that align with their curriculum (e.g.,

Newton’s laws of gravity), which may support students’ con-

cept learning through practicing comprehension strategies.

3.2. Evaluating the effectiveness of iSTART

It is critical to evaluate the efficacy of any intervention with

diverse groups of learners, thus establishing which interventions

work, for whom, and under what conditions. Despite evidence

that reading skill acquisition requires prolonged, deliberate

practice, many interventions are often tested in brief laboratory

studies with convenience samples (e.g., undergraduate research

pool). Intervention effectiveness may not be accurately eval-

uated in studies with shorter dosages, particularly with learners

at varying levels of knowledge or reading skill. To that end, the

effectiveness of iSTART has been experimentally tested with

middle-school and high-school students (McCarthy et al., 2020;

McNamara et al., 2006), college students (Arner et al., 2021),

and adult literacy students (Johnson et al., 2017) in both

shorter and longer intervention durations.
The combination of active reading comprehension strat-

egy instruction, game-based practice, and feedback in

iSTART has been shown to increase students’ engagement

and motivation to practice and improve reading comprehen-

sion in several learner populations (Jackson et al., 2015;

McNamara, 2017; McNamara et al., 2006). One such study

evaluated the effectiveness of iSTART with middle school

students. The experimental group completed approximately

two hours of iSTART strategy training compared to a con-

trol group who received an overview of the strategies in

iSTART but no training. Students in the training condition

produced more elaborations in their self-explanations than

did students in the control condition. The training was

beneficial for students with both higher and lower strategy

knowledge but, students who had greater prior knowledge of

reading strategies produced better quality self-explanations

after this short intervention (McNamara et al., 2006). These

results suggest that longer training durations may improve

learning outcomes for students with lower reading skill.

Figure 3. Lost in Springdale interactive narrative game.
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To this end, Jackson, Varner, et al. (2013) investigated

the benefit of increasing the dosage of iSTART training to

eight 1-hour sessions with high school students. Indeed,

results indicated that less-skilled students showed a greater

increase in the quality of their self-explanations compared to

more-skilled students. While, more-skilled students did

benefit from the intervention, their gains were smaller than

those of less-skilled students. One important finding from

this work is that students who reported the lowest commit-

ment to reading (i.e., minimal independent reading practice)

demonstrated improved self-explanation quality from pretest

to posttest (Jackson, Varner, et al., 2013). Similarly, a study

conducted over the course of a school year (6months) dem-

onstrated that both skilled and less-skilled students

improved their self-explanations over time (Jackson et al.,

2010). However, in the longer intervention, less-skilled stu-

dents improved more than the more-skilled students, and

the abilities of skilled and less-skilled students converged by

the end of the school year. One possibility for this conver-

gence is that the more-skilled readers were automatically

engaging in active reading strategies whereas the less-skilled

readers did not know how to use strategies prior to the

study (Jackson et al., 2010). In sum, the results of these

studies show that learners across grade levels benefit from

iSTART training. However, the specific skills gained by

learners vary by ability level indicating that further research

is needed to clarify what features of iSTART are most bene-

ficial for both more-skilled and less-skilled readers.
iSTART has undergone several modifications in the past

decade including the addition of training on Question

Asking and Summarization strategies, adaptive text selection,

improving personalized feedback, and the use of stealth

assessment through gameplay (McCarthy et al., 2020).

Further research is needed to assess the impact of these

added components, as well as how to adapt instruction to

meet the needs of each individual student and groups of stu-

dents in classrooms. Key to adaptive instruction is the use

of stealth assessment during instruction.

4. Stealth assessment

Stealth formative assessments are embedded in digital games

to measure student knowledge and skills covertly and unob-

trusively (Shute & Ventura, 2013). In stealth assessment,

evaluation occurs during the activity rather than at the con-

clusion or by interrupting learners with separate tests or

quizzes. Testing items are replaced with gaming tasks and

activities such that learners are largely unaware of being

evaluated. When students perform game tasks, they naturally

produce rich sequences of actions and performance that

become the evidence needed for knowledge and

skills assessment.
In a well-designed game assessment scenario, students

may not be aware that skills are being assessed. The experi-

ence of “play” has the potential to induce a greater sense of

salience than the experiences common to “testing,” which

can render the assessments more natural and authentic.

Such assessments are more engaging, more satisfying, are

taken more seriously by learners, and can contribute to for-

mative assessment and skill development (Gulikers et al.,
2008; James & Casidy, 2018; Sotiriadou et al., 2020).

Importantly, stealth assessments are based on students’
learning behaviors (e.g., game-play actions and performance)

rather than post-hoc measurements of performance.
Moment-to-moment learning data can be used to assess stu-

dents dynamically while capturing complex cognitive proc-
esses. Additionally, dynamic assessments can inform

software learning environments about changes in students’
abilities and skills, and these systems can subsequently adapt

to students based on their specific pedagogical needs

(VanLehn, 2006).
Stealth assessments have been integrated into a variety of

game settings to evaluate players’ skills and knowledge. For
instance, in Use Your Brainz – a slightly modified version of

a popular commercial game Plants vs. Zombies 2 – stealth
assessments are embedded to evaluate problem-solving skills

(Shute et al., 2016). While playing, students produce a dense

stream of performance data that are recorded in log files
and analyzed to infer students’ problem-solving skills.

Similarly, Physics Playground is a computer game based on
2D physics simulations in which players guide a green ball

from a predetermined starting point to a red balloon by
drawing simple machines such as ramps, levers, pendulums,

and springboards (Shute & Ventura, 2013). The perform-
ance-based stealth assessments used in these games have

been validated against external measures of related skill and

they meaningfully capture students’ physics knowledge, per-
sistence, and creativity (Shute & Rahimi, 2020; Shute et al.,

2013; Ventura & Shute, 2013). Students’ gameplay and per-
formance data recorded in iSTART can function as stealth

assessments of students’ reading skill.

4.1. Stealth assessment in iSTART

In the current instantiation of iSTART, students’ in-game

performance is primarily used to provide feedback, (imme-
diate and adaptive) and to assign texts appropriate to the

students’ estimated reading ability. However, iSTART’s
game-based practice serves as an ideal environment for

stealth assessment of comprehension skills (Jackson, Snow,

et al., 2013). In identification games, students’ answer selec-
tions serve to diagnose students’ understanding or confu-

sion. In generative games, students’ self-explanations are
analyzed for evidence of strategy use. The following section

describes current work expanding the use of stealth assess-
ment in iSTART to dynamic assessment of students’ liter-

acy skills.

4.2. Assessment leveraging identification games

iSTART game-based practice includes comprehension strategy

identification games that require multiple-choice responses.
Thus, one approach to gleaning information about readers’

literacy skills is to assess their performance on identification
tasks that require simple point-and-click decisions during

reading. Butterfuss et al. (2021) found that readers’ accuracy
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in selecting the most important sentences in expository text

was positively related to their literacy skills. In this study,

each sentence from the text was assigned an importance score

that reflected the proportion of readers in the sample who

chose the sentence as a main idea. Thus, sentences that were

more frequently selected as important were assigned higher

importance scores than sentences that were selected less fre-

quently. Readers’ mean importance scores for the sentences

were significantly correlated with their comprehension skill

(r¼ 0.43) and vocabulary knowledge (r¼ 0.70), as measured

by the Gates-MacGinitie Reading and Vocabulary Tests

(MacGinitie & MacGinitie, 1989). These results suggest that

tasking readers with choosing sentences that include the most

important information in the text during their engagement

with iSTART may provide a proxy of literacy skills.

Compared to traditional assessments of literacy skills, main

idea selection tasks, are relatively easy to implement, can be

embedded into virtually any academic text, and have potential

to inform both formative feedback that guides readers’ subse-

quent activity and summative feedback (i.e., a score) in the

context of iSTART.
Fang et al. (2021) examined performance on three identi-

fication games to assess reading skills, as well as how players’

attitudes towards the games was related to game performance

and reading skills. Adult readers played three different iden-

tification games in iSTART. The first, Vocab Flash, is an

adaptive vocabulary game in which readers are given a target

word and asked to select a synonym from four alternatives

(Figure 4). The difficulty of the vocabulary words adapts to

readers’ performance such that high-performing readers

receive increasingly more difficult vocabulary words and

low-performing readers receive easier words. This adaptivity

mirrors computer-adaptive testing (Meijer & Nering, 1999)

in which individuals can fluctuate between levels of difficulty

according to their performance, with more skilled individuals

encountering more difficult items and less skilled individuals

encountering easier items. The second game was Dungeon

Escape, which tasks readers to select the best topic sentence

of a given text. The third game, Adventure’s Loot, tasks read-

ers to identify main ideas in a given text and avoid choosing

unimportant information. Readers completed a brief measure

of their perceptions of the game following each one (e.g.,

“This game was fun to play.”). Finally, readers completed an

online version of the Gates-MacGinitie Reading Test to

measure their vocabulary and reading comprehension skill

(4th ed., MacGinitie & MacGinitie, 1989).
As shown in Table 2, both game performance and percep-

tions of the games were significant predictors of participants’

vocabulary and reading comprehension scores. Readers’ per-

formance on Vocab Flash accounted for a substantial amount

of variance in both vocabulary knowledge and reading skill

performance (�75%). The extent to which participants

enjoyed the game did not account for additional variance.

Thus, Vocab Flash successfully captured a substantial portion

of the variance in literacy skills with only 5minutes of game

play. The two games that involved reading and choosing sen-

tences, Dungeon Escape and Adventure’s Loot, accounted for

significant amounts of variance in both vocabulary know-

ledge and reading skill (19–25%), albeit substantially less

than did Vocab Flash. Additionally, participants tended to

enjoy the games; however, less skilled readers enjoyed the

games more than skilled readers, and the degree to which

they enjoyed the game accounted for additional variance in

literacy skills. Apparently, less skilled readers found the

games more challenging, which may have increased their

engagement and in turn, the predictive power of their game

performance. These results point to the importance of

matching students to the appropriate level of challenge

within learning games, which is more difficult in games

where students read text as opposed to games in which stu-

dents choose vocabulary words.

4.3. Assessment leveraging generation games

Another approach toward stealth literacy assessment in the

context of iSTART leverages students’ constructed responses

Figure 4. Vocab Flash adaptive vocabulary game.
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(e.g., explanations and summaries) generated during practice

or generative games. Prior work has shown that linguistic

properties of constructed responses, such as essays, can be

used to make inferences about students’ literacy skills (e.g.,

Allen & McNamara, 2015). More specific to the types of

constructed responses in iSTART (e.g., self-explanations),

Allen et al. (2015) asked students to generate self-explana-

tions while reading. They used NLP to calculate a set of

descriptive (e.g., word count and average word length), lex-

ical, syntactic, and cohesive indices of students’ self-explana-

tions. Twenty-four indices were significantly related to

students’ scores on a standardized reading test (i.e., Gates-

MacGinitie Reading Test). Three linguistic features (lexical

diversity, semantic cohesion, and sentence length) accounted

for 38% of the variance in students’ comprehension of sci-

ence texts. This finding suggests that better readers tended

to use a greater diversity of words and shorter sentences

while connecting sentences in their self-explanations

together through semantic ties.
Fang et al. (2021) investigated the feasibility of using

responses generated during iSTART gameplay as stealth

assessment of reading comprehension skill by analyzing

data from two studies (McCarthy et al., 2018; McCarthy

et al., 2020). Fang and colleagues (2021) aggregated self-

explanations to create 12 aggregated self-explanations for

each student, each of which included between 1 and 12 self-

explanations. Across both datasets, the results indicated that

the power of the linguistic features of self-explanations to

predict reading comprehension skill increased (i.e., from

10% to 39% of the variance) as more self-explanations were

included in the model. However, the increase was not statis-

tically significant after including 9 self-explanations.
Collectively, these findings indicate that linguistic features

of students’ self-explanations successfully align with reading

comprehension skills as measured by a standardized reading

test. Thus, tasking students to produce a relatively modest

number of self-explanations (i.e., �9) may provide an effi-

cient means of evaluating their literacy skills. Consequently,

game-based learning in iSTART provides an antidote to dis-

engagement such that students are inclined to sustain delib-

erate practice and receive feedback for durations that both

support acquisition of comprehension strategies and provide

a mechanism to covertly assess learning (Fang et al., 2021;

Jackson & McNamara, 2013, 2017).

5. Conclusion

The efficient and effective development of students’ reading

comprehension skills is an essential component of their aca-

demic, professional, and personal success; yet supporting

such growth has remained a significant challenge for educa-

tors. iSTART was developed to address this challenge with a

foundation built on the Construction-Integration model of

reading comprehension (Kintsch, 1988) and three evidence-

based principles in learning science: the generation effect,

deliberate practice and feedback, and antidotes to disengage-

ment. Over several decades of research and testing, the

iSTART tutoring system has emerged as an evidence-based

tool to improve reading comprehension strategies and learn-

ing outcomes for both adolescent and adult learners

(Jacovina et al., 2016; Johnson et al., 2017; McNamara, 2006,

2017). Ongoing enhancements of iSTART have incorporated

a variety of adaptive and motivating features that have fur-

ther strengthened the utility and usefulness of the tutor,

such as matching text difficulty to learners’ reading skills, a

gamified interface for personalization, and multiple options

and forms of game-based practice (Jackson & McNamara,

2013; Johnson et al., 2016; McCarthy et al., 2020). The latter

innovations have, in turn, empowered further explorations

of game-based and stealth assessments (Butterfuss et al.,

2021; Fang et al., 2021).
Game-based assessments enable measurement of students’

performance and growth in a more engaging format, and

stealth assessment can minimize both the salience and

fatigue of testing – in some cases, students may not even

know that they are being assessed. The ability to downplay

the experience of learning and assessment through game-

based interactions has strong potential to enable more

authentic and dynamic estimations of students’ abilities.

This is a notable finding because these games are fast and

simple (i.e., players do not need to generate text and NLP

algorithms are not required), and yet still revealing (Fang

et al., 2021). They imply exciting flexibility for future assess-

ments that can be deployed in a number of game-based

scenarios. In more complex games (i.e., with more player

choices or agency), more complex models of reading skill

may be possible – estimation accuracy should only increase

with additional data. Additionally, work presented here

demonstrated how generative games and coached practice,

which require learners to compose self-explanations, can be

mined to estimate reading skills. NLP tools and techniques

can extract lexical, syntactic, structural, and semantic fea-

tures of students’ constructed responses to predict reading

scores and performance. In turn, these assessments can drive

feedback to help learners iteratively improve.
It is important to note that this work does not suggest

that all learning activities, assessments, or standardized testing

be replaced with games or stealth assessment. The benefit of

instructional modalities (e.g., multimedia, delivery by a peda-

gogical agent) vary across learner populations and skill sets

and different modalities for evaluation have different

strengths and weaknesses. For example, the emphasis on

“play” in game-based settings may lead learners to make deci-

sions or take actions that align more with “fun” than with

attempts to “win” or “perform.” Students’ playful attempts to

test the limits or mechanics of a game (e.g., attempting to

crash a spaceship or pop as many balloons as possible) might

result in reduced learning or faulty estimates of their skills

Table 2. Proportion of variance accounted for by iSTART game performance
and game enjoyment (from Fang et al., 2021).

Vocabulary Reading skill

Game Performance Enjoyment Performance Enjoyment

Vocab flash .76 .00 .74 .00
Dungeon escape .20 .06 .25 .02
Adventurer’s loot .21 .24 .19 .17
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because students are not trying to succeed as game designers

imagined. Game-based instruction and stealth assessments

must take into account this potential divergence. Nonetheless,
the potential benefits (e.g., higher engagement, unobtrusive-

ness, and lower test anxiety) remain worthwhile.
Games offer insights and options that are not possible

with in-person instruction, traditional assessments of learn-

ing, or standardized testing, particularly with regard to cap-
turing learners’ online behaviors as they practice reading

comprehension strategies and work on acquiring new know-

ledge (Jackson, Snow, et al., 2013). Insights into students’

comprehension through stealth assessments allows for real-

time adaptation to meet the needs of the individual learner.

For example, stealth assessment of comprehension skill can
help scaffold learning for students with less concept know-

ledge by avoiding complex or knowledge-dependent ques-

tion wording. Game-based practice and assessment can

reduce time pressure or testing salience that may cause

learners to experience high anxiety (von der Embse et al.,

2018) while encouraging sustained, deliberate practice for
learners with a variety of skill levels.

The research described in this paper is a promising indi-

cation that the engaging, game-based practice activities inte-

grated into iSTART are also successful indicators of students’

skill acquisition through stealth assessment. However, add-
itional research is needed to determine what features of the

system are most beneficial for different types of learners, and

in particular, the types of online behaviors and system inter-

actions that can support the development of learners’ reading

comprehension of complex or scientific text.
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