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Abstract 

  

Computer-based learning environments (CBLEs) provide unprecedented opportunities for 

personalized learning at scale. One such system, iSTART (Interactive Strategy Training for 

Active Reading and Thinking) is an adaptive, game-based tutoring system for reading 

comprehension. This paper describes how efforts to increase personalized learning have 

improved the system. It also provides results of a recent implementation of an adaptive logic that 

increases or decreases text difficulty based on students’ performance rather than presenting texts 

randomly. High school students who received adaptive text selection showed increased sense of 

learning. Adaptive text selection also resulted in greater pre-training to post-training 

comprehension test gains, especially for less-skilled readers. The findings demonstrate that 

system-driven, just-in-time support consistent with the goals of personalized learning benefit the 

efficacy of computer-based learning environments. 
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Personalized Learning in iSTART: Past Modifications and Future Design 

Recent advances in artificial intelligence and natural language processing have afforded a 

growing array of computer-based learning environments (CBLEs) aimed at improving literacy 

skills such as reading and writing (Crossley & McNamara, 2014; Passonneau et al., 2018).  A 

key aspect of computer-based learning environments is that they can go beyond general 

instruction targeted toward the “average” student  to provide rapid, individualized feedback that 

personalizes the students’ learning experience.  

Personalized Learning 

While the idea of personalized learning is not new, the development of educational technologies 

has made it far easier to provide personalization in varied contexts and to diverse learners who 

differ across a wide array of dimensions, such as skills, knowledge, and motivation. The 

popularity of personalized learning has grown as policy-makers, researchers, and instructors 

acknowledge the need for adapting instruction to an increasingly diverse student populations. At 

the time of writing this manuscript, “personalized learning” yielded nearly 2.7 million hits in a 

Google search. Despite its popularity, there is ambiguity around what personalized learning is 

and how it affects student outcomes. Our own vision of personalized learning aligns most closely 

with that described by the U.S. Department of Education, which emphasizes that personalized 

learning environments are those that are tailored to an individual learner’s strengths, interests, 

and needs (2010, 2016).  

 Critically, personalized learning is not merely adaptive to learners’ skills. Personalized 

learning involves activities that self-initiated and are of personal relevance or interest 

(Walkington & Bernacki, 2018). Personalized learning is student-centered. Rather than the 

students being passive recipients of knowledge or skills, students shape their own learning based 
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on their personal goals and interests. Personalized learning environments aim to facilitate and 

optimize conditions that afford and enhance student-centered learning. Relevant to the current 

work, adaptive learning platforms personalize learning by providing individualized feedback to 

students based on their knowledge or skill, generally in comparison to a theoretical model of 

student learning (e.g., Aleven & Koedinger, 2013; Koedinger & Corbett, 2006).  

Personalized learning can include adaptive feedback. However, personalized learning 

environments consider other aspects of the student and context that afford tailoring the learning 

experience to the individual. As such, evaluations of CBLEs that leverage personalization must 

consider not only traditional learning outcomes, but the effects on aspects of self-regulated 

learning, such as motivation, engagement, and self-efficacy (Azevedo et al., 2009; D’Mello, 

Lehman, & Graesser, 2011; Walkington & Bernacki, 2014). 

The current work describes how principles of personalized learning have been used to 

guide the iterative development of a computer-based, adaptive reading comprehension tutor. 

iSTART (Interactive Strategy Training for Active Reading and Thinking; McNamara, 

Levinstein, & Boonthum, 2004) provides adaptive, interactive, game-based tutoring to enhance 

adolescent students’ comprehension of challenging content texts (e.g., science, history). We first 

describe iSTART and the need for such a system to improve students’ comprehension skills. We 

then describe how principles of personalized learning have driven recent iterations of the system. 

Finally, we describe the design, implementation, and evaluation of a new system-driven 

personalization: adaptive text selection. We end with a discussion on personalization, and 

specific modifications to future versions of iSTART that will further increase the 

individualization of students’ learning experience. 

The Need for Reading Comprehension Strategy Instruction 
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Recent NAEP results indicate that more than half of American 12th graders struggle with 

reading comprehension (NAEP, 2015). Across a wide variety of grades and situations, strategy 

instruction has been shown to positively impact students’ reading comprehension skill (Joseph et 

al., 2016; McNamara, 2011; Meyer & Ray, 2017; Pearson & Billman, 2016). Despite these 

findings and a growing emphasis on reading across the curriculum (Goldman et al., 2016; 

Horning, 2007), content instructors view reading instruction as outside of their duties and spend 

little time teaching students strategies that can help them to learn the content. For example, Ness 

(2016) found that secondary school content teachers spent less than 3% of instructional time on 

reading comprehension strategies. 

There are two main reasons that students may not receive adequate comprehension 

strategy instruction. The first is that instructors often feel underprepared to teach literacy skills 

(Graham, Capizzi, Harris, Hebert, & Morphy, 2014) or feel that teaching comprehension is 

outside the scope of their duty as a content instructor (Ness, 2016). The second is that they 

simply do not have the time or resources to provide the kinds of iterative assessment and 

feedback necessary to cultivate these skills. This is especially true as students can vary widely on 

the type of support that they need. For example, students may vary in terms of their general 

reading skill, their prior knowledge of the domain, or their interest in the specific topic at hand. 

Instructors undoubtedly want to equip their students with the skills they need for success. 

However, asking them to provide personalized instruction for every student in their class in 

addition to teaching the required content is a tall order. 

Thus, there is a gap that educational technologies for literacy are well-suited to fill. As 

described earlier, educational technologies such as CBLEs can provide effective instruction 

quickly and at scale. Automated tutors have been shown to be as effective as human tutors for 
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individual students or small groups (Kulik & Fletcher, 2016; Ma, Adesope, Nesbit, & Liu, 2014; 

Steenbergen-Hu & Cooper, 2014; VanLehn, 2011). However, these studies generally describe 

CBLEs for well-defined domains, such as physics or math, in which questions can be scored as 

correct or incorrect and misconceptions can be quickly diagnosed with good foils. Far fewer 

adaptive learning technologies designed for ill-defined domains (Jacovina & McNamara, 2016; 

Jacovina, Snow, Dai, & McNamara, 2015; Lynch et al., 2006; Strobl et al., 2019). 

In the past, the central obstacle for effective automated literacy instruction was the 

complexity of assessing open-ended responses (e.g., verbal protocols, essays) that do not have a 

singular “right” answer. Fortunately, the recent spike in the availability and sophistication of 

natural language processing (NLP) tools has allowed researchers to evaluate language efficiently 

and accurately. These NLP analyses can provide scores consistent with human raters (Jackson, 

Guess, & McNamara, 2010; Likens, Allen, McCarthy, & McNamara, 2018). The NLP data can 

also be used to model more latent aspects of students’ understanding (Allen, Snow, & 

McNamara, 2015), which can potentially drive relevant feedback that may not be obvious with 

the naked eye. 

iSTART 

 iSTART is an automated tutor that began as an in-person intervention called Self-

Explanation Reading Training (SERT; McNamara, 2004, 2017). SERT was motivated by 

research in cognitive psychology and discourse comprehension on the benefits of self-

explanation, or explaining the text to one’s self during reading (Chi et al., 1994; see also Bisra et 

al., 2018) in combination with research in educational psychology showing the benefits of 

providing comprehension strategy instruction and practice (Palincsar & Brown, 1984; see 

McNamara 2007). Skilled readers tend to generate self-explanations on their own (Coté, 
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Goldman, & Saul, 1998; Wolfe & Goldman, 2005). Prompting less-skilled readers to self-explain 

leads to more active engagement with the text and increased comprehension (Allen, McNamara, 

& McCrudden, 2014; Bisra et al., 2018; Chi et al., 1994). The effects of self-explanation are 

further enhanced when readers, particularly these less-skilled readers, are given instruction and 

practice on how to generate higher quality self-explanations (Magliano et al., 2005; McNamara 

et al, 2007). These higher quality self-explanations lead to a more robust mental model of the 

information in the text and, by extension, deeper comprehension (McNamara. 2004; McNamara, 

2017). 

iSTART was developed in response to the need for computer-based reading 

comprehension instruction. While SERT produced positive gains in students’ reading 

comprehension skill, its reach was limited by the rate at which the instructor could provide 

feedback to each pair of students. The research team turned to developing NLP technologies to 

build an automated tutor that could quickly and accurately assess the quality of students’ self-

explanations as well as provide individualized feedback messages; thus, allowing self-

explanation training to have a broader reach and bigger impact.  

iSTART learners watch a series of short videos that introduce the process and benefits of 

self-explanation and the different strategies that can be used during self-explanation to improve 

comprehension (Figure 1a). These evidence-based reading comprehension strategies are 

comprehension monitoring, paraphrasing, predicting, and inferencing (bridging and elaboration).  

After the videos, learners are directed to a guided practice module called Coached Practice. 

Students practice using the strategies that they have learned by generating self-explanations at 

various target sentences (Figure 1b). The NLP algorithm uses both word-based indices and latent 

semantic analysis to provide a score from 0-3 (McNamara, Boonthum, Levinstein, & Millis, 
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2007). Scores of 0 and 1 indicate that the self-explanation is too short or quite similar to the 

target sentence, whereas scores of 2 and 3 indicate that the learner is generating inferences that 

connect information from the target sentence to other information in the text or to their prior 

knowledge (Jackson et al., 2010). Thus, these scores help to identify what comprehension 

strategy the student is using. Based on this score and additional performance measures 

considered within the algorithm, a pedagogical agent provides formative feedback to help 

students improve the quality of their self-explanation. For example, a learner whose self-

explanation includes many of the same words as the sentence they are self-explaining might be 

reminded that “a good way to remember what you’ve read is to put the ideas of the text into your 

own words”. In contrast, a student who is already putting the ideas into their own words (i.e., 

paraphrasing) might be encouraged to generate an inference with the message “Great! Now you 

have the beginning of your explanation. Add to that by thinking about how the ideas in this 

sentence relate to ideas in the previous sentences of this text”. Students are then given the 

opportunity to revise their self-explanation.  

Notably, the act of generating inferences is inherently aligned with principles of 

personalized learning. Elaborative inferences require students to draw upon their existing 

knowledge and experience and connect it to the information presented in the text. Unlike 

answering multiple-choice questions, open-ended self-explanation allows the student to make 

reading personally-relevant. Responses are not marked as right or wrong. Instead, the NLP 

algorithm is designed to honor students’ unique perspectives, while still extracting information 

about the students’ personal learning processes.  

The Evolution of Personalization in iSTART 
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The initial version of iSTART focused on the use and efficacy of providing automated, 

adaptive feedback to students’ self-explanations (McNamara, et al., 2004). Though these 

versions of iSTART had positive effects on self-explanation quality and deep comprehension of 

scientific texts, students tended to become disengaged before they had reached mastery (Bell & 

McNamara, 2007). As a result, iSTART evolved into iSTART-Motivationally Enhanced, or 

iSTART-ME (Jackson, Boonthum, & McNamara, 2009; Jackson & McNamara, 2013). Several 

aspects of the system were redesigned to improve motivation and engagement, in addition to the 

desired comprehension skill outcomes. There was a particular emphasis on increasing 

personalization through increased feedback and incentives combined with a focus on increasing 

learners’ agency. Thus, increased personalized learning was realized by emphasizing the co-

construction of the learning experience by both the learner and system. Learning activities are 

guided by real-time data-driven decisions, but students can exert ownership, or agency, over the 

learning environment.  

In earlier versions of iSTART, students were ushered through the system on a single 

track. A limitation of this design is that students were not able to choose what to do next. To 

address this, iSTART-ME was modified so that students uniformly viewed the video lessons and 

a demonstration round of Coached Practice, but were then introduced to an open practice 

environment. In this environment, a student can continue to get feedback in additional rounds of 

Coached Practice or they can elect to play one of several self-explanation games (described 

below). They can also decide to go back to the video lessons for review or even view a progress 

page to see feedback about their system performance. The open practice environment allows 

each student to work on tasks of personal need or interest and still includes individualized 

feedback in each aspect of the environment.  
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The iSTART team investigated the effect of this open environment using random walk 

visualizations (Snow, Allen, Jacovina, & McNamara, 2015; Snow, Likens, Jackson, & 

McNamara, 2013). These walk diagrams showed that students took a variety of “paths” through 

iSTART-ME. Entropy analyses revealed that there were some path patterns that resulted in 

greater comprehension gains than others. What was most interesting, however, was that when 

students were forced into these “optimal” patterns of activity, they did not show comprehension 

gains demonstrated by those who selected the order to activities on their own. These results 

support the idea that the benefits of the open environment were related to students’ sense of 

agency during learning. 

The largest modification in the design of iSTART-ME was the introduction of a game-

based practice environment (Jackson, Davis, Graesser, & McNamara, 2011; McNamara, 

Jackson, & Graesser, 2009; Figure 1c). iSTART-ME introduced generative games (students earn 

points by writing high quality self-explanations) and identification games (students earn points 

for identifying the correct strategy in an example; Figure 1d). High scores on these games are 

rewarded with trophies for exceptional scores and the ability to “level up” in the system. 

Leveling up unlocks new games. iSTART-ME also introduced a customizable player avatar and 

system environment that can be purchased points earned during gameplay. These “tangible” 

rewards increase motivation and allow for the student to co-create the learning environment.  

Students responded positively to these system modifications. While both versions of 

iSTART were rated as equally helpful, iSTART-ME was rated as more motivating and 

enjoyable. Critically, as training went on, iSTART-ME was able to better sustain students’ 

motivation (Jackson & McNamara, 2011, 2013). One concern was that these game elements 

would detract from meaningful strategy training. Indeed, the opportunity to engage with non-
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generative practice (i.e., the identification games) and to modify aesthetic aspects of the system 

resulted in fewer self-explanations generated during practice. However, post-training self-

explanation and comprehension test scores indicated no detrimental effect of reduced practice 

trials on performance (Jackson & McNamara, 2013). Ultimately, the introduction of the open, 

game-based environment had no direct effects on learning outcomes. However, it had positive 

effects on students motivation and enjoyment, which is a critical aspect of keeping students 

engaged in the long-term practice that they need to develop strong reading comprehension 

strategy skills. 

Personalization through Text Selection Adaptivity 

 The modifications for iSTART-ME demonstrate the benefits of user-driven 

personalization. The purpose of the latest redesign, iSTART-3, was to focus on the addition of 

system-driven personalization that can adapt instruction and support to the student. When 

considering way to improve iSTART, it became clear that our adaptive and individualized 

instruction was still one-size-fits-all in a major aspect of system design: task difficulty. iSTART 

and iSTART-ME were programmed so that learners were presented texts in random order or an 

entire classroom would go through the texts in the order prescribed by the instructor.  

One means of tailoring practice would be to simply provide texts that are at an 

appropriate grade level. There are, however, multiple problems with this approach. The first is 

that traditional metrics of readability (e.g., Flesch-Kincaid, Lexile) are generally poor indicators 

of comprehension performance (Duran et al., 2009). Indeed, Begeny and Green (2014) asked 360 

students to read passages and answer questions from the Dynamic Indicators of Basic Early 

Literacy Skills (DIBELS) test and found that eight of the most common readability formulas 

were at or below chance at matching grade level with the students’ actual performance. The 
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second is that this approach assumes all students read at grade level and there is no variability in 

students’ reading skill. Given that a majority of adult readers read at the 8th grade reading level, it 

is unlikely that “grade-appropriate” texts are actually appropriate for all of the high school and 

college students using iSTART. 

A student reading well above grade level may find themselves bored, whereas a student 

reading below grade level may find it impossible to generate a high-quality self-explanation 

about the content. Thus, targeting tasks that match a students’ current reading skill may have 

positive effects for both motivational and learning outcomes. Reading comprehension research 

indicates that matching texts to students’ current needs benefits learning (Stanovich, 1986).  

However, given the limited use of CBLEs for ill-defined domains such as reading and writing, 

there is not a strong body of evidence to confirm the effects of automated text selection on 

learners’ perceptions, behaviors, or learning outcomes. 

Although the research in automated text adaptivity is limited, there is a large body of 

work on more general task adaptivity that selects the next task in instruction or practice based on 

some aspect of the student model such as their knowledge, affect, or effort (see Aleven, 

McLaughlin, Glenn, & Koedinger, 2016). Adapting the task has positive impacts as compared to 

random or uniform instruction (d = ~0.75; Van Lehn, 2011). Adapting the task based on readers’ 

current knowledge or skill level affords the opportunity to target a students’ “edge”. Consistent 

with the cognitive notion of desirable difficulties (Bjork, 1994) as well as Vygotsky’s zone of 

proximal development (ZPD; Vygotsky, 1978, 1981), tasks that are targeted toward learners’ 

current abilities will be more effective than those that are too difficult or too easy. The desirable 

difficulties framework emphasizes that learning emerges from effortful processing. 

Consequently, tasks that are challenging are more beneficial for long-term effects than tasks that 
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are easily accomplished (Bjork, 1994). Similarly, Vygotsky proposed the learning occurs most 

readily in the ZPD, the distance between what a learner can do independently and what they can 

do with additional support. The benefits of task adaptivity are not limited to simply overall 

learning gains. Adapting the task to the learner is also more efficient. Systems that adapt the task 

based on the current student model yield more learning in less time (Lovett, Meyer, & Thille, 

2008; Stamper & Koedinger, 2011). Finally, and most critically for notions of personalized 

learning, adapting the task also has positive impacts on non-cognitive factors related to learning. 

CBLEs that target the ZPD have been shown to enhance student motivation (Arroyo, Woolf, 

Burelson, Muldner, Rai, & Tai, 2014; Brophy, 1999; Murray & Arroyo, 2002). Thus, exploring 

the benefits of adaptive text selection was a logical next step in our design modifications. 

Given the differential effects of iSTART training for more and less skilled readers (e.g., 

Jackson, Boonthum, & McNamara, 2010; Magliano et al., 2005; McNamara et al., 2007), it was 

of interest to examine how text selection adaptivity might affect performance in the system.  

Adaptivity prevents skilled readers  from losing interest in iSTART by providing sufficiently 

challenging tasks. Less skilled readers, benefit from adaptivity by working with texts that afford 

effortful and successful self-explanation attempts. Thus, adaptivity can have both a direct effect 

on the target skill as well as an indirect effect through increased self-efficacy. Higher self-

efficacy, leads to prolonged motivation and persistence, which, in turn, yields increased 

opportunities for practice and feedback (e.g., Zimmerman, 2000).  

 With these benefits in mind, we designed and implemented an adaptive text selection 

algorithm for iSTART-3. We created a toggle that allowed us to turn on or turn off this 

algorithm. High school students were randomly assigned to iSTART training with adaptive text 

selection, iSTART training with texts selected randomly, or a no training (delayed treatment) 
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control condition. We employed a multi-pronged approach to analysis, examining objective data 

via comprehension tests as well as self-reported user experience data, including overall 

enjoyment, frustration, and sense of learning and improvement. We also considered that 

personalized text selection might have varying impacts on different learners. Thus, we 

investigated general reading skill as a potential moderator.  

We hypothesized that adaptive text selection would yield positive outcomes both in terms 

of students’ experience with the system and in terms of enhanced reading comprehension gains.  

H1. Adaptive text selection condition will increase engagement and motivation 

during iSTART training? 

We predicted that personalization would be beneficial for students’ non-cognitive 

outcomes based on findings that those working in their ZPD will have more sustained interest 

and effort (Arroyo et al., 2014).  

H2a. Students in the adaptive text selection condition will show greater gains in self-

explanation and comprehension as compared to who received practice and training with 

randomly selected texts. 

We predicted that students who have sustained practice on tasks that are appropriately 

challenging (e.g., within their ZPD) will yield greater mastery of self-explanation skill (Ma et al., 

2014; VanLehn, 2006; 2016). This will be reflected in improved self-explanation quality score 

and comprehension test scores from pretest to posttest. 

H2b. The effect of adaptive text selection will be more pronounced for less-skilled readers. 

Previous studies have demonstrated that the ways iSTART supports reading 

comprehension skill varies by reading skill (Magliano et al., 2005) and that system 

personalization can differentially impact learners of different reading skill (McCarthy et al., 
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2018). Although our sample is relatively small to detect moderating effects, it was important to 

examine the potential interactions between text selection adaptivity and reading skill. In 

particular, we hypothesized that the less-skilled readers would benefit from adaptive text 

selection more than skilled readers because adaptivity would afford them more time practicing 

and receiving feedback in their ZPD. 

Method 

Research Context 

These data were collected in the context of a larger series of studies in the development 

of a new iSTART interface based on suggestions and input from our teacher-partners (iSTART-

3; see McCarthy, Watanabe, & McNamara, under review). Consistent with the Design 

Implementation Framework (Stone et al., 2018), we conduct these developmental lab-based tests 

to empirically validate, and sometimes iteratively refine, design changes prior to full-scale 

ecological tests in classrooms. In the larger study, participants were randomly assigned to 

iSTART-3 training or a delayed treatment control. Given the focus of the present paper, we 

examine only the data from those in the training condition. 

Participants & Design 

The study was conducted in the spring and summer of 2018. Participants were 113 high 

school students from the southwestern United States. They were recruited through flyers and 

advertisements distributed in the area. Participants were given financial compensation for their 

participation. Participants were randomly assigned to one of two conditions: 1) iSTART training 

with random text selection (n = 32) or 2) iSTART training with adaptive text selection (n = 33). 

The sample (Mage = 16. 18, SD = 1.27; female = 51) self-identified as 38% Caucasian, 34% 
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Hispanic, 9% African-American, 8% Asian, and 11% identified as other. The majority (80%) 

were native English speakers. 

Procedure 

Participants completed the study over five sessions conducted in the research lab. In 

Session 1, all participants completed demographic survey and the individual difference 

measures, including Gates-MacGinitie Reading Test and the Learning Orientation, Performance 

Orientation Scale (see materials below). They then completed the self-explanation and 

comprehension pretest. Participants then completed three 2.5-hour sessions of iSTART training, 

including the lesson videos, Coached Practice, and practice games in which texts were either 

presented randomly or adaptively. At the end of each iSTART session, participants completed to 

a survey about their motivation and enjoyment.  

Materials 

iSTART Texts. To adapt text difficulty, we did not create more or less difficult versions 

of the same text. Instead, we assigned a difficulty level to each of 100 texts currently in the 

iSTART system library. These texts are aimed at middle, high school, and college students (see 

Jackson & McNamara, 2013). Traditional readability metrics (e.g., Flesch-Kincaid Grade Level) 

rely on superficial aspects of text, such as word and sentence length, that do not capture aspects 

of language that drive deep comprehension (Duran, Bellissens, Taylor, & McNamara, 2007; 

Graesser, McNamara, Louwerse, & Cai, 2004). To reflect more meaningful differences in text 

difficulty, we employed expert rankings to determine the degree to which any given text was 

more or less difficult than another. Through this process, the texts were ranked into nine levels 

roughly equivalent to grade level (6-14; for more details, see Balyan, McCarthy, & McNamara, 

2018). 
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Text Selection Algorithm. The adaptive algorithm was designed based on students’ 

average self-explanation score. In each generative game (Coached Practice, Map Conquest, 

Showdown), self-explanations are scored from 0-3. At the end of each game, if the learners’ 

average self-explanation score was 2.0 or higher, the text difficulty level was raised one level. If 

the learners’ average self-explanation score was less than 2.0, then the subsequent text was one 

level lower. Note that when a student plays an identification game, they stay at the same text 

difficulty level as they are not generating any self-explanations. A concrete example of the flow 

is shown in Figure 2. The student begins at the default start of level 10. On this text, they had an 

average self-explanation score of at least 2.0. Thus, the next text was a level 11 text. This 

ordered pattern of text difficult as compared to the data for a student who received randomly 

assigned texts shown in Figure 3. 

While learners continually received feedback about their performance in terms of a self-

explanation score, learners were not given any information about this text selection feedback 

loop. We implemented the adaptive text selection as a form “stealth scaffolding” because 

previous work has shown that making students overtly aware of their performance in iSTART 

had negative effects on their system performance and post-training outcomes (McCarthy, Likens, 

Johnson, Guerrero, & McNamara, 2018)1. 

Comprehension Tests. In the comprehension pretest and posttests, participants were 

prompted to self-explain while reading a scientific text, which was followed by a comprehension 

test. The texts and tests were adapted from those previously used in iSTART studies (e.g., 

Jackson & McNamara, 2011; McCarthy et al., 2018b; McNamara, O’Reilly, Best, & Ozuru, 

2006). The texts, Heart Disease, Red Blood Cells, are approximately 300 words each and 

 
1 We did, however, build a stand-alone module, StairStepper, in which the difficulty of the text is not just overt, but 

central to the game mechanics (Perret, Johnson, McCarthy, Guerrero, & McNamara, 2017). 
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matched for linguistic difficulty. The comprehension tests were eight short-answer questions that 

probed for both memory for information in the text as well as readers’ deeper understanding. The 

presentation of the texts as pretest or posttest were counterbalanced across participants. 

Reading Skill Assessment. Participants completed the Gates-MacGinitie Reading Test 

(GMRT; MacGinitie & MacGinitie, 1989). The GMRT is a well-established measure of reading 

comprehension (α= .85-.92; Phillips, Norris, Osmond, & Maynard, 2002). The test is a 48-item 

multiple-choice test in which participants read short passages and answer two to six questions 

about each text. 

Trait Motivation Scale. Trait level motivation was assessed using the Learning 

Orientation (LO) and Performance Orientation (PO) scales (Jha & Bhattachayya, 2013). Previous 

work has demonstrated that these factors have no effect on learning gains within previous 

version of iSTART (McCarthy, Likens, Kopp, Watanabe, Perret, & McNamara, 2018); 

nonetheless, a baseline measure of motivation was collected to contextualize differences in 

motivation that may manifest as a function of the text selection manipulation. 

Daily Post-Training Motivation and Enjoyment Surveys. After each iSTART session, 

participants completed a seven-item survey adapted from (Jackson & McNamara, 2011). These 

items assess 1) students’ overall experience, 2) negative experiences (boredom, frustration, and 

system problems), and 3) positive experiences (content learning, comprehension gains, 

enjoyment) during training (see Tables 1-3). 

Results 

 We first report results from the daily experiences surveys to examine how adaptive text 

selection impacted student motivation and engagement. We then examine the pretest and posttest 
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self-explanation and comprehension scores to evaluate the effect of text adaptivity on 

performance. 

Motivation and Enjoyment 

T-tests indicated no differences in trait motivation between conditions for LO score, t(57) = .21, 

p = .83, or PO score, t(57) = .24, p = .81.  

Overall Experience. Participants reported that the sessions were generally fair to good 

[M = 4.13, SD = 1.03; using a Likert scale from (1) very bad to (6) very good; see Table 1]. To 

examine the effect of condition on participants’ overall experience with iSTART, we conducted 

a 2(condition: random, adaptive) x 3(session: 1, 2, 3) repeated-measures ANOVA. This analysis 

revealed no change in reported experience from session to session, F < 1.00. The differences in 

response as a function of condition did not reach significance, F(1, 56) = 1.70, p =.198. The 

interaction between condition and session was not significant, F < 1.00. 

Negative Experiences. To examine the effect of adaptivity on potential negative 

experiences (boredom, frustration, system errors), we conducted a series of 2(condition: random, 

adaptive) x 2(session: 1, 2, 3) ANOVAs. These analyses indicated no effects of session or 

condition, nor were there any significant interactions (see Table 2). 

Boredom. Students reported that on average they were sometimes bored during the 

sessions (M = 3.23; SD = .85; using a Likert scale from (1) never to (5) always). The ANOVA 

indicated no main effect of session, F <1.00, nor condition F(1,56) = 2.54, p = .116. There was 

no interaction, F(1, 112) = 1.57, p = .216. 

Frustration. Students reported that on average they were rarely to sometimes frustrated 

during the sessions (M = 2.40, SD = .88; using a Likert scale from (1) never to (5) always). The 

ANOVA revealed no significant effects, Fs < 1.00. 
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Problems. Students reported that on average they rarely experienced problems during the 

sessions (M = 2.05; SD = .80; using a Likert scale from (1) never to (5) always). The ANOVA 

indicated no main effect of session, F < 1.00. There was also no main effect of condition, F(1,56) 

= 1.77, p = .189, nor an interaction F(1,112) = 1.78, p = .188. 

Positive Experiences. Another series of 2(condition: random, adaptive) x 2(session: 1, 2, 

3) ANCOVAs, controlling for LO, were conducted to examine the effect of adaptivity on 

positive experiences with iSTART. There were no effects from session to session, nor 

interactions, but analyses indicated some perceived content learning benefits from the adaptive 

text selection condition (Table 3). 

         Learning. Students reported learning a little to a lot during the sessions (M = 3.31, SD = 

.72; using a Likert scale from (1) not at all to (5) very much; see Table 3). The ANOVA revealed 

a significant effect of session, such that students’ reported learning decreased over the three 

sessions, F(1,56) = 13.87, p < .001. η2 = .196. There was also a significant main effect of 

condition, F(1, 56) = 10.09, p = .002, η2 = .15, such that those in the adaptive text selection 

condition reported learning more of the content (M = 3.59, SD = .63), than those who received 

texts randomly (M = 3.05, SD = .63). There was no interaction between session and condition, 

F(1,112) = 1.51, p = .224. 

 Reading Comprehension Improvement. Students reported improving in reading 

comprehension from a little to a lot during the sessions (M= 3.16; SD = .96; using a Likert scale 

from (1) not at all to (5) very much). There was a main effect of session, F(1,56) = 6.61, nor of 

condition, F(1,56) = 2.48, p = .121. There was also no interaction, F(1,112) = 3.03, p =  .087. 

 Enjoyment. Students reported enjoyment of each session varied from a little to a lot (M = 

3.08; SD = 1.09; using a Likert scale from (1) not at all to (5) very much). The ANOVA revealed 
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no main effect of session, F < 1.00. There was also no main effect of condition, F(1,56) = 1.92, p 

= .171, nor an interaction F(1,112) = 1.62, p = .208. 

Pretest and Posttest Outcomes 

Scoring. The self-explanations generated during pretest and posttest were scored 

holistically from 0 to 3. Two raters achieved reliability on 20% of the set (Cohen’s Kappa: Heart 

Disease = .57, Red Blood Cells = .65). The same raters scored the remainder of all of the 

responses and disagreements were settled by discussion. 

Comprehension items from the pretest and posttest were scored using rubrics developed 

in previous studies. These rubrics award partial credit (0.0, 0.25, 0.50, 0.75, or 1.0) for 

incomplete answers (McNamara et al., 2006; Ozuru, Briner, Kurby, & McNamara, 2013). Two 

raters achieved good reliability on 20% of the set (Cohen’s Kappa: Heart Disease = .86, Red 

Blood Cells = .74). The same two raters then scored the remainder of the responses and 

disagreements were settled by a third rater. 

Preliminary Analysis. Table 4 shows average Gates-MacGinitie (GMRT) score, self-

explanation scores, and comprehension test scores as a function of condition. A t-test indicated 

no differences in reading skill across the two conditions, t(64) = 1.04, p = .30). 

Table 5 shows correlations between outcomes. Reading skill was moderately to strongly 

correlated with self-explanation and comprehension test scores.  

     Self-Explanation Scores. A series of linear mixed effects (LME) models were      

conducted to examine the effect of training condition on self-explanation score. This analysis 

was conducted using the lme4 package (version 1.1-15; Bates, Mächler, Bolker, & Walker, 

2015) in R (R Core Team, 2017). Participant was entered as a random factor in all models. Other 

variables were added as fixed factors. The baseline model (M0) included only reading skill as a 
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continuous factor. Model 1 included the effect of test (pretest, posttest). Model 2 added the effect 

of training condition (random, adaptive) and Model 3 included the interaction terms. As shown 

in Table 6, Models 1 and 3 significantly improved model fit. Table 7 shows the model summary 

for Model 3. Reading skill accounted for the majority of variance in self-explanation score. Test 

was also a significant predictor of self-explanation score indicating that iSTART training 

increased self-explanation score from pretest to posttest. This was qualified by a significant 

three-way interaction.  

Comprehension Test Scores. A parallel series of linear mixed effects models were 

conducted for comprehension test scores. Again, Models 1 (test) and 3 (interactions) improved 

model fit (Table 8). A summary of model 3 (Table 9) reveals, once again, that reading skill was a 

strong predictor of comprehension test score. As predicted, the only other significant factor was 

the three-way test by condition by reading skill interaction. Although reading skill was entered as 

a continuous variable, Figures 4 and 5 represent reading skill as “low” and “high” skill (median 

splits) to better visualize this complex interaction. Less skilled readers showed a benefit of text 

adaptivity, whereas skilled readers who received adaptive text selection showed a slight 

disadvantage as compared to those who received randomly assigned texts.  

These findings are consistent with previous work that iSTART is most effective for less 

skilled readers. The current results extend these findings by demonstrating that additional 

personalization during training (e.g., text adaptivity) was adaptive text difficulty seems to be 

particularly beneficial for the less skilled readers, who are the students who are in greatest need 

of comprehension strategy support. 

Discussion 
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In the current work, we described how personalized learning has been realized in the 

Interactive Strategy Training for Active Reading and Thinking (iSTART).  

Summary 

The iSTART team has implemented a variety of mechanisms that allow students to 

engage in personally-relevant learning activities including targeted feedback, gamification, and 

an open practice environment to enhance agency. 

Our most recent addition to iSTART takes into consideration that learning is most likely to occur 

at the zone of proximal development. As such, the latest version of iSTART, iSTART-3, 

employs all of the previous personalization features of iSTART-ME with the addition of an 

adaptive text selection that scaffolds students’ strategy use by selecting texts that are “just right” 

in terms of difficulty. The results indicate that adaptive text selection increased students’ sense of 

learning and did not negatively impact their experience with the system. Examination of learning 

outcomes (self-explanation quality; comprehension test score) indicated that participants’ 

improved in both outcomes from pretest to posttest. There were no main effects of the adaptivity 

condition. However, this was qualified by a complex interaction indicating that the adaptivity 

was beneficial for less-skilled readers.  We observed little improvement in comprehension scores 

for skilled readers. It is of note that some participants quickly ascended to reading the most 

difficult texts in the library and continued to generate high quality self-explanations. Thus, one 

potential explanation for this reading skill by training interaction is that the more skilled readers 

were practicing below their ZPD and not being sufficiently challenged. While it might be 

possible to increase the breadth of texts available, previous work shows that skilled readers 

spontaneously generate self-explanations (e.g., Cote, Goldman, & Saul, 1998). That is – these 
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highly-skilled readers may simply not need self-explanation training at all. As such, we are 

pleased to see that the adaptive text selection aided those who need it most.  

Participants’ self-reports regarding daily motivation and engagement at the end of each 

session indicated that students’ perceptions of iSTART were generally positive. These ratings are 

similar to those in previous studies that demonstrated overall positive feelings towards the game-

based iSTART system (e.g., Jackson, & McNamara, 2013).  It is of interest that there were few 

perceived differences between the two versions of iSTART. The lack of differences in either 

positive or negative experiences likely indicates that students were unaware that text difficulty 

was being manipulated. However, one difference emerged in students’ self-report data. 

Participants reported stronger feelings of learning in the adaptive text selection condition as 

compared to the random text selection condition, with a moderate effect size (Cohen’s d = .61), 

which tended to increase from Session 1 (Cohen’s d = .35) to Sessions 2 and 3 (Cohen’s d = .77 

and .70). Although students are often overconfident in their metacognitive judgments (Dunlosky 

& Metcalfe, 2008), the ability to successfully perform a task can increase the sense of learning 

and self-efficacy. Increased self-efficacy can lead to increased interest and persistence (see 

Zimmerman, 2000). These results collectively provide promising evidence that students’ 

perceptions of learning are increased with adaptive text selection, and learning is positively 

impacted, particularly for less skilled readers. 

Limitations 

An important consideration is that neither version of the iSTART allowed the learner to 

select which text to read next. That is, this system-driven personalization may have impeded 

upon aspects of user-driven personalization that have been shown to enhance agency (Nagle, 

Novak, Wolfe, & Riener, 2014; Snow, Allen, Jacovina, & McNamara, 2015). As we continue to 
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iteratively design and modify iSTART to improve the system, it would be of value to explore the 

effects of allowing students choose their texts, rather than having them randomly assigned or 

chosen by a teacher or experimenter. Such an approach might allow students to choose texts that 

better match their interests. However, informal pilot studies have indicated that the process of 

choosing a text is excessively time consuming; students spend more time choosing the texts than 

engaging in the practice activities. This tension is an important consideration researchers as 

designers continue to explore how different aspects of personalization in educational technology 

can impact learning. 

These early findings suggest a modest benefit of adaptive text selection. However, the 

limited sample size prevents us from make strong claims. We intend to follow-up this study with 

a larger sample to further investigate the relation between adaptive text selection and individual 

differences. We can further explore reading skill as well as well as target other individual 

differences known to impact performance such as prior knowledge. 

It will also be critical to explore how iSTART-3 training with adaptive text selection 

compares to in-person tailored instruction, both in terms of efficacy and feasibility of 

implementation. That is, adaptive text selection may yield only modest effects in comparison to a 

one-on-one tutoring. However, the ability to provide automated scaffolding may be the only 

thing feasible at scale.  Indeed, there is great need for further work examining how personalized 

learning in the context of CBLEs influences learning across contexts.  

Implications 

The evolution of iSTART serves as a powerful example of how computer-based learning 

environments can benefit from the thoughtful implementation of elements that support 

personalized learning. The ability to provide accurate automated evaluation and feedback for 
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open-ended domains such as reading comprehension is in and of itself a testament to the 

potential of computer-based learning. However, thinking of technology in education as merely a 

way to efficiently dole out instruction undermines its potential. Indeed, technology-driven 

instruction offers the means of giving each student a meaningful, one-on-one experience that can 

enrich their learning. These findings provide additional evidence that personalization is not one 

size fits all and that some features will be more or less effective for different learners. From a 

theoretical perspective, examining individual differences allows researchers to better identify 

how cognitive and noncognitive aspects of learners can interact. Such work can provide further 

nuance in the way that personalization features are deployed.  

Work in iSTART demonstrates how principles of personalization can increase the quality 

and efficacy of learning. Further, the iterative changes that we have describe exemplify the fact 

that personalization is not a single thing. That is, a system is more than simply “personalized or 

not”. There are multiple dimensions along which a CBLEs can be modified (Walkington & 

Bernacki, 2014) and varying degrees of personalization that can address student’s skills, 

interests, and needs. CBLE designers can and should implement and evaluate a variety of means 

of increasing personalization, in part, to understand potential interactions, but also to deliver 

experiences that place each individual learner at the center of their own experience. 
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Figure 1a. Video Lesson (Elaboration Strategy) 

 

        
Figure 1b. Coached Practice 

 

               
Figure 1c. Game Selection Interface 

 

 
Figure 1d. Identification Game (Balloon Bust)  
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Figure 2. Text difficulty level over time for a participant with a high GMRT score (high reading 

skill) in the adaptive condition 
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Figure 3.  Text difficulty level over time for participant in random condition 
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Figure 4. Comprehension Test Scores of Less Skilled Readers as a Function of Condition 
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Figure 5. Comprehension Test Scores of Skilled Readers as a Function of Condition 
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Table 1. 

Means and Standard Deviations of overall training experience [from (1) very bad to (6) very 

good] as a function of session and adaptivity condition 
  

 Today’s session was: 

 Random (n = 31) Adaptive (n = 28) 

 M (SD) M (SD) 

Session 1 4.10 (1.60) 4.43 (1.10) 

Session 2 3.97 (1.30) 4.36 (1.13) 

Session 3 4.13 (1.34) 4.43 (1.00) 
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Table 2. 

 

Means and Standard Deviations of Negative Affect and Experiences [from (1) Never to (5) 

Always] as a function of session and adaptivity condition 

  

 
I was bored during today's 

session 

I was frustrated during 

today's session 

I had problems with the 

program during today's 

session 

 Random Adaptive Random Adaptive Random Adaptive 

 M (SD) M (SD) M (SD) M (SD) M (SD) M (SD) 

Session 1 3.19 (1.17) 3.07 (0.86) 2.61 (1.31) 2.61 (1.10) 2.00 (1.26) 2.18 (0.98) 

Session 2 3.58 (.96) 3.14 (1.08) 2.32 (1.25) 2.50 (1.04) 2.06 (1.26) 2.07 (0.94) 

Session 3 3.42 (1.03) 2.93 (1.09) 2.03(1.14) 2.32 (1.12) 1.68 (1.05) 2.32 (1.06) 
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Table 3. 

Means and Standard Deviations of positive experiences [from (1) Not at all to (5) Very much] as 

a function of session and adaptivity condition 

  

  I felt like I learned the 

material during today's 

session 

I feel like my reading skills 

improved during today's 

session 

I enjoyed today's session 

  Random Adaptive Random Adaptive Random Adaptive 

  M (SD) M (SD) M (SD) M (SD) M (SD) M (SD) 

Session 1 3.45 (1.06) 3.75 (0.65) 3.45 (1.31) 3.46 (1.14) 3.16 (1.44) 3.25 (1.30) 

Session 2 2.94 (1.00) 3.64 (0.83) 2.77 (1.09) 3.32 (1.31) 2.77 (1.06) 3.21 (1.23) 

Session 3 2.74 (0.97) 3.39 (0.88) 2.71 (1.24) 3.32 (1.02) 2.84 (1.16) 3.36 (0.95) 
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Table 4. 

  

Gates-MacGinitie Reading Test, Self-Explanation, and Comprehension Scores as a Function of 

Training Condition 

  

  GMRT   Self-Explanation 

Scores 

  Comprehension Test 

Scores 

   Pretest Posttest  Pretest Posttest 

   M (SD) M (SD)  M (SD) M (SD) 

iSTART Random 

(n = 33) 
.47 (.25)  1.64 (.48) 1.86 (.54)  .42 (.21) .49 (.25) 

iSTART Adaptive 

(n = 32) 
.53 (.25)  1.66 (.46) 1.82 (.44)  .48 (.26) .59 (.23) 

        

Note. t-tests compare pretest to posttest performance; *p < .05; + p < .10 
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Table 5. 

Correlations between reading skill, self-explanation scores, and comprehension test scores  

  

 (n = 65) M (SD) 1 2 3 4 5 

1. GMRT (%) 0.51 (.25) 1.00     

2. Pretest Self-Explanation (0-3) 1.65 (47) 0.24 1.00    

3. Posttest Self-Explanation (0-3) 1.84 (.49) 0.48 0.40 1.00   

4. Pretest Comprehension Test (%) 0.45 (.25) 0.52 0.49 0.43 1.00  

5. Posttest Comprehension Test (%) 0.54 (.25) 0.43 0.27 0.43 0.51 1.00 

Note. Correlations significant at the p < .01 are indicated in bold 
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Table 6. 

 

Likelihood Ratio Tests for Predicting Self-Explanation Scores 

 

Model Variables Added AIC BIC 2 p 

M0 GMRT 2291.5 2311.8    

M1    + Pretest/Posttest 2265.9 2291.2 27.60 > .001 

M2    + Training Condition 2267.5 2297.9 0.44 0.51 

M3    + Interactions 2254.9 2305.5 20.61 > .001 

 

 

 

  



PERSONALIZATION IN ISTART 

 

49 

Table 7. 

 

Summary of Linear Mixed Effects Model (M3) Analysis for Self-Explanation Scores 

 

 B SE t p 

GMRT 0.32 0.07 4.73 0.00 

Test (Pre, Post) -0.24 0.05 -4.90 0.00 

Condition (Random, Adaptive) -0.10 0.10 -1.07 0.29 

Test * Condition 0.09 0.07 1.30 0.19 

Test * GMRT -0.21 0.05 -4.29 0.00 

Condition * GMRT -0.17 0.10 -1.71 0.09 

Test * Condition * GMRT 0.17 0.07 2.41 0.02 
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Table 8. 

 

Likelihood Ratio Tests for Predicting Comprehension Test Scores 

 

 

Model Variables Added AIC BIC 2 p 

M0 GMRT 1202.70 -587.44    

M1    + Pretest/Posttest 1198.70 -581.99 10.90 > 0.001 

M2 
   + Training 

Condition 
1204.50 -581.42 1.13 0.29 

M3    + Interactions 1221.90 -576.23 10.38 0.03 
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Table 9. 

 

Summary of Linear Mixed Effects Model Analysis (M3) for Comprehension Test Score 

 

 B SE t p 

GMRT 0.13 0.04 3.62 0.00 

Test (Pre, Post) -0.07 0.04 -1.93 0.05 

Condition (Random, Adaptive) 0.07 0.05 1.38 0.17 

Test * Condition -0.05 0.05 -0.98 0.33 

Test * GMRT -0.05 0.04 -1.30 0.19 

Condition * GMRT -0.07 0.05 -1.25 0.21 

Test * Condition * GMRT 0.15 0.05 2.92 0.00 

 

 

 

 

 

 


