Multimedia Learning with Cognitive Tutors

KENNETH KOEDINGER AND VINCENT ALEVEN

COGNITIVE TUTORS AS VEHICLES FOR ADVANCING
LEARNING THEORY AND PRACTICE

Besides being highly effective computer-based learning
environments (Koedinger, Anderson, Hadley, & Mark,
1997; Pane, Griffin, McCaffrey, & Karam, 2014; Ritter,
Anderson, Koedinger, & Corbett, 2007), Cognitive Tutors
are a vehicle for advancing theories of learning and
instruction. Whereas many multimedia principles (e.g.,
Mayer, 2021) focus on up-front declarative instruction,
Cognitive Tutors are especially relevant for elaborating
and testing theories of learning-by-doing, including vari-
ations such as active learning (Deslauriers, McCarty,
Miller, Callaghan, & Kestin, 2019), deliberate practice
(Ericsson, Krampe, & Tesch-Rémer, 1993), testing effect
(McDaniel, Agarwal, Huelser, McDermott, & Roediger,
2011), and some interpretations of constructivism (cf., Chi
& Wylie, 2014; Deslauriers, Schelew, & Wieman, 2011).
Like other educational technologies, they are ideal for
testing instructional principles because instructional
design manipulations are precisely defined and systematic-
ally delivered. Further, Cognitive Tutors are not just a place
to embody and test domain-general learning principles, but
also imply a set of data- and theory-driven methods both
for developing cognitive models of the domain-specific
learning goals and for appropriate selection and adaptation
of domain-general principles. In this chapter we focus on
learning theory advances that have been facilitated by
Cognitive Tutors in the past 14 years since we wrote a
related review (Koedinger & Aleven, 2007).

Cognitive Tutors are a kind of Al-based learning envir-
onment used widely in US K-12 mathematics education as
an integrated part of a blended instructional approach
that also includes a range of classroom activities.
Cognitive Tutors support learning-by-doing by posing
challenging, elaborate problems, sometimes with multiple
representations, and by supporting students with two
forms of Al-based personalized guidance (see
Figure 37.1). First, within problems, they provide step-
level hints and feedback that adapt to the student’s solu-
tion path and errors (see Figure 37.2). In particular,
Cognitive Tutors are designed to guide students through
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problems with a range of possible solution paths; they
allow students freedom regarding which path to take and
adjust their hints and feedback to the student choice. For
example, the tutor’s hints (given at a student’s request) will
always suggest a next step consistent with the student’s
solution path.

As a second form of adaptive guidance, Cognitive Tutors
support personalized mastery learning, as a way of
adapting to students’ knowledge growth. In this approach,
the target knowledge for each unit in the tutor curriculum
is viewed as a related set of knowledge components (KCs),
where a KC as defined by Koedinger, Corbett, and Perfetti
(2012, p. 764), is “an acquired unit of cognitive function or
structure that can be inferred from performance on a set
of related tasks.” Each KC roughly captures the requisite
knowledge needed for a single step in a tutor problem. The
tutoring system continuously assesses each student’s mas-
tery of the KCs targeted in the instruction (see the “Skill
Meter,” bottom right, Figure 37.1), based on their per-
formance in the tutor, using a statistical or Bayesian
model (cf.,, Corbett & Anderson, 1995). Based on this
assessment, the tutor tailors the selection of the next
problem for the student to work on, until the student
masters all targeted KCs.

Both forms of adaptive instruction have been empiric-
ally shown to contribute to the effectiveness of Cognitive
Tutors in helping students achieve better learning out-
comes (Anderson, Conrad, & Corbett, 1989; Corbett &
Anderson, 2001; Corbett, McLaughlin, & Scarpinatto,
2000). We note that step-level guidance in problem-
solving activities is characteristic in intelligent tutoring
systems and helps contribute to their effectiveness
(VanLehn, 2011, 2016). Such guidance tends to be absent
in other educational technologies, which can lead to
simple practice problems and limited effectiveness.

From the start, Cognitive Tutors have been grounded in
cognitive theory, cognitive task analysis, and cognitive
modeling, in a manner that supports the software’s adap-
tive capabilities. Cognitive Tutors have contributed to
cognitive theory, for example, by helping to solidify the
use of production rules as formalism for modeling

439


https://doi.org/10.1017/9781108894333.046

440 KOEDINGER AND ALEVEN

7.06 Problem Solving, Equations, and Graphs1: ¢ 1 234 56 7 8 9 10 p

Catering service 'No Meat, Just Eat!' takes care of all the vegetarian snacks
at parties. They provide catering of 15 snacks per guest plus 60 snacks as
backup.

1. How many snacks does the catering service need for a 10 person party?
2. How many snacks does the catering service need for a party of 42 guests?

3. For a party with 210 people, how many snacks will they need?

Now, use the line you have drawn to answer 4 and 5 below.
4. How many guests are there at a party If they cater 1455 snacks?

5. The company has 4815 snacks left in stock in total. What Is the maximum number of
guests that can be catered?
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Figure 37.1 Solved problem in Mathtutor, a web-based system in the Cognitive Tutor family. Students enter numbers and expressions
in the cells and plot points in the graph with each entry receiving feedback.

procedural knowledge (Anderson, Corbett, Koedinger, &
Pelletier, 1995) and its acquisition (Li, Matsuda, Cohen, &
Koedinger, 2015). Cognitive Tutors have also long served as
a vehicle for in vivo experiments to identify features of
effective Al-supported learning by doing (Koedinger &
Aleven, 2007). A set of dedicated authoring tools, with
which non-programmers can create Cognitive Tutors (e.g.,
educational researchers, learning engineers, instructional
designers, and instructors), has substantially facilitated this
line of research (Aleven, McLaren, Sewall et al., 2016).
Contrary to some impressions, teachers matter (see
Figure 37.3) and always have (e.g., see Koedinger &
Aleven, 2016; Koedinger, Anderson, Hadley, & Mark,
1997). Recent advances have made this link even stronger.
From the very beginning, teachers were involved in the
design of Cognitive Tutor software as an integrated part of
curricula for middle-school and high-school mathematics
(Koedinger & Aleven, 2016; Koedinger, Anderson, Hadley,
& Mark, 1997; Koedinger & Corbett, 2006). In these
blended curricula, teachers are constantly involved. They
guide students as they use Cognitive Tutors (40 percent of
the time) and lead, orchestrate, and oversee classroom
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activities the remaining 60 percent of the time. When
Cognitive Tutors started to be used in classrooms, it soon
became apparent that they could profoundly change the
classroom culture, as well as the way teachers interact
with their students (Schofield, 1995). On balance, this
change was a very positive one, freeing teachers to engage
students in more personalized interactions (see
Figure 37.3, top left). At the same time, it was challenging
for teachers to monitor a whole class of students working
with tutoring software and to identify the students who
most need extra help.

A recent project by Holstein, McLaren, and Aleven
(2019) showed that newly-designed teacher smart glasses,
which displayed real-time analytics from the tutoring soft-
ware, can help address this challenge (Holstein, McLaren,
& Aleven, 2018; see Figure 37.3, bottom left). When
teachers used the smart glasses, it resulted in them spend-
ing more time with students who had more to learn, based
on a pre-test. As a result, students learned more, in par-
ticular those who had more to learn. The tool thus served
as an equalizing force. The study suggests that even
though a teacher has limited time for each student, a little
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Reducing Fractions

A Reduce the fraction below to lowest terms.

1 Reduce the fraction below by dividing both its numerator and the denominator by a common factor.
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Figure 37.2 Three different solutions to the same fraction reduction problem in a Cognitive Tutor for fractions learning (Doroudi,
Holstein, Aleven, & Brunskill, 2015).
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Figure 37.3 Views of a Cognitive Tutor classroom, illustrating the active role of teachers and the role of (often spontaneous)

collaboration that occurs among students working individually

bit of teacher help goes a long way. Well-designed tech-
nology — teachers were involved in the design of the smart
glasses from start to finish — can help make sure this help
is timely and targeted at students who really need it, while
not ignoring other students. Building on this research,
recent work is developing richer, systematic conceptions
of how Al teachers, and students can augment each other
(Holstein, Aleven, & Rummel, 2020).

COGNITIVE TUTORS: ADVANCING LEARNING-BY-
DOING PRINCIPLES

We pursue a synthesis/integration of prior Cognitive Tutor
principles (Anderson, Corbett, Koedinger, & Pelletier,
1995) and principles of effective learning-by-doing, espe-
cially deliberate practice (Ericsson, Krampe, & Tesch-
Romer, 1993), characterized by “carefully tailored practice
tasks,” “feedback that provides knowledge of results,” and
“high levels of repetition”(Kellogg & Whiteford, 2009,
p. 254). In general, we find overlapping concepts addressed
in usefully different ways that yield opportunities for
greater clarification and better guidance for learning engin-
eers. For example, the Cognitive Tutor principle to design
instruction based on a production rule model of the task
domain is highly similar to the deliberate practice notion of
well-tailored tasks, as elaborated in the Cognitive Tutors
Support Deliberate Practice and More section.

In this section, we briefly overview the original
Cognitive Tutor principles and some additions based on
recent research. We then discuss how Cognitive Tutors
address the principles of deliberate practice, how these
connections have been deepened in recent work on
Cognitive Tutors, and how looking at deliberate practice
from the viewpoint of Cognitive Tutors affords elabor-
ations and added nuance to the principles of deliberate
practice. As a nutshell summary, we suggest that effective
learning requires doing, and more specifically, that effect-
ive learning requires repeated practice on well-tailored
tasks in varied contexts with explanatory feedback and
as-needed instruction. The italicized elements (i.e.,
repeated practice, well-tailored tasks, and feedback) come
from the literature on deliberate practice and correspond
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with key elements of the Cognitive Tutor principles
derived from the ACT-R theory of cognition (Anderson,
Corbett, Koedinger, & Pelletier, 1995) and consistent with
other theories of learning units of knowledge, such as
constraints in constraint-based modeling (Ohlsson,
1994). The bold elements (i.e., varied contexts, explana-
tory feedback, and as-needed instruction) reflect elabor-
ations that are drawn from the broader empirical research
literature, particularly variation and explanatory feed-
back, or from Cognitive Tutor experience, particularly
as-needed instruction.

Prior History of Cognitive Tutor Principles

There have been repeated attempts to articulate and refine
general principles from research contributing to the
design of Cognitive Tutors and from research within
Cognitive Tutors. Anderson, Corbett, Koedinger, and
Pelletier (1995) provide one of the early attempts to articu-
late general principles in the design of Cognitive Tutors
and provide evidence, for example, for design based on a
detailed analysis of the cognitive processes that are
needed for a student to become an expert.

Other papers have elaborated or extended the eight
principles presented in Anderson, Corbett, Koedinger,
and Pelletier (1995), including Koedinger (2002) and
Koedinger and Aleven (2007). One of these eight that has
received particular attention in recent years is to “repre-
sent student competence as a production set” (Anderson,
Corbett, Koedinger, & Pelletier, 1995, p. 179). It is worth
highlighting that this principle is really a learning engineer-
ing method rather than a learning science domain-general
principle. This method entails cognitive task analysis
(Baker, Corbett, & Koedinger, 2007; Clark, Feldon, van
Merriénboer, Yates, & Early, 2007; Lovett, 1998; Martin,
Mitrovic, Mathan, & Koedinger, 2011) of the particulars
of the cognitive structure underlying the demands of the
subject-matter domain, ideally represented in production
rules and declarative chunks. The recent attention to it has
sometimes been more conceptual than literal. Following
the spirit of this principle, some efforts have pursued more
precise and empirically supported expressions of the
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components of desired student knowledge without pursu-
ing, as a practical matter, a full production system imple-
mentation. We describe both kinds of efforts while
drawing a connection with the deliberate practice notion
of well-tailored tasks. Through this connection and others,
the chapter provides a first-time explicit linkage between
cognitive tutor and deliberate practice principles.

Cognitive Tutors Support Deliberate Practice
and More

Learning-by-doing (and its various terminological/concep-
tual siblings: deliberate practice, active learning, testing
effect, retrieval practice) is critical to most substantial
learning, and Cognitive Tutors implement its key instruc-
tional features. As Kellogg and Whiteford (2009, p. 254)
indicate, three key instructional features of deliberate
practice are “carefully tailored practice tasks,” “feedback
that provides knowledge of results,” and “high levels of
repetition.” All three have been a core part of Cognitive
Tutors, though sometimes expressed in different terms,
and have been explored in different practical and research
contexts. At the same time, recent research on Cognitive
Tutors leads us to elaborate on and add nuance to these
principles.

Cognitive Tutors provide feedback as a form of adaptive
step-level guidance and a variety of nuanced questions
about the timing of feedback have been explored in experi-
mental studies. While immediate correctness feedback
after each problem-solving step has been demonstrated
to be effective and highly efficient (Corbett & Anderson,
2001), some situations have been identified where more
delayed feedback produces better learning outcomes
(Mathan & Koedinger, 2005; Schooler & Anderson, 1990).

Cognitive Tutors provide high levels of repetition and
three forms of task tailoring. First, personalized mastery
learning provides tailored repetition as it selects tasks
tailored to individual students’ needs, and repeats until
mastery is achieved. Second, adaptive step-level guidance
provides another form of task tailoring as it adapts feed-
back and as-needed instruction (in student-requested
hints) to the particular errors or problem-solving strat-
egies individual students pursue.

A third form of task tailoring is newer in the Cognitive
Tutor literature and is worth particular emphasis. This
tailoring happens at a longer time scale, in the design loop
(Aleven, McLaughlin, Glenn, & Koedinger, 2017) between
instances of running a given course. It involves the cre-
ation of tasks that are tailored to the learning needs of all
students as they are driven by the structure of the task
environment. A line of research has developed more effi-
cient and objective quantitative cognitive task analysis
methods (e.g., Koedinger & McLaughlin, 2016; Liu &
Koedinger, 2017) that supplement existing qualitative cog-
nitive task analysis methods, like structured interviews
(Clark, Feldon, van Merriénboer, Yates, & Early, 2007)
and think aloud protocols (Ericsson & Simon, 1985). In
this approach, analysis of log data from a tutoring system
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(which captures detailed records of the student-tutor
interactions) yields a refined, more empirically-accurate
KC model, often with domain-specific discoveries of
hidden skills — that is, non-obvious but critical cognitive
processes that are challenging for novices and are often
acquired implicitly and thus not recognized by experts. As
such, these hidden skills are typically not well addressed
in existing instruction. When hidden skills are discovered,
multiple instructional design moves can follow, corres-
ponding to all three types of task tailoring. Koedinger,
McLaughlin, and Stamper (2012) and Liu, Koedinger,
and McLaughlin (2014) use hidden skill discoveries to
redesign step-level guidance and personalized mastery
learning and experimentally demonstrate improved stu-
dent learning outcomes. Other studies use hidden skill
discoveries to design new tasks (Huang, Aleven,
McLaughlin, & Koedinger, 2020; Koedinger, Booth, &
Klahr, 2013; Koedinger & McLaughlin, 2010).

A number of close-the-loop studies confirm the value of
redesign based on hidden skill discoveries as a key form of
design loop adaptivity. For example, in algebra symboliza-
tion, a tutor version that provided focused support to
students for composing multi-operator expressions from
single-operator ones (a hidden skill detected in data) was
found to be more effective than the original tutor, which
did not support this hidden skill (Koedinger &
McLaughlin, 2010). In geometry area problems with com-
posite shapes, a tutor version that provided explicit sup-
port to students for decomposing a composite shape into
constituent parts helped students learn better than the
original tutor (Koedinger, Booth, & Klahr, 2013). In
geometry area problems, backward application of an area
formula was found to be harder, in offline data analysis,
than forward application when the inverted area formula
involved a challenging operator such as a square root.
A redesigned tutor that gave practice in backwards appli-
cation of circle area (which has the challenging operator)
but not of other area formulas (which do not involve a
challenging operator) yielded greater student learning
(Liu & Koedinger, 2017). These experiments led us to an
increased appreciation for the power of design loop adap-
tation (Aleven, McLaughlin, Glenn, & Koedinger, 2017).
Design loop adaptivity is a form of adaptation to all stu-
dents and thus, likely has broader impact than the more
frequently pursued forms of technology-enhanced within-
course adaptations to individual students.

Misconceptions about hidden skill discoveries and KC
decomposition include that they are always seeking finer-
grained distinctions, are divorced from conceptual under-
standing, and do not address the big picture of learning. To
be sure, hidden skill discoveries are to be distinguished
from other non-cognitive forms of isolated instruction that
overemphasize facts and normative observable (rather
than empirically derived latent) components of knowledge
(Fries, Son, Givvin, & Stigler, 2020). Instead, hidden skills
are often deeper, more integrative knowledge components
(Koedinger, Booth, & Klahr, 2013) that are crucial to con-
necting fundamental knowledge components. An
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important nuance here is that, although recommendations
to practice the target job task imply whole-task practice,
achieving desirable transfer-appropriate processing of
hidden KCs may better be achieved with focused part-
tasks. While potential part-tasks may bear little surface
resemblance to the whole job task, they can produce more
transfer to it than practice on similar tasks (Koedinger &
McLaughlin, 2010; Yannier, Hudson, & Koedinger, 2020).

The learning benefits of varied examples and practice
tasks is a well-explored topic (e.g., Carvalho & Goldstone,
2019; Paas & van Merriénboer, 1994; Rohrer & Taylor,
2007). Cognitive Tutor curriculum design achieves vari-
ation in the design and selection of tasks within each tutor
unit on a particular topic, for example, area of geometric
shapes. A typical approach is to introduce tasks corres-
ponding with the knowledge components in that topic
area such that, for example, a unit may start with a couple
of tasks to find a rectangle area, then move to a couple of
tasks to find a triangle area, etc. These tasks vary in terms
of the underlying knowledge components being addressed
(e.g., rectangle versus triangle area) and also in terms of
the problem givens, including different numbers and
problem contexts (e.g., find the area of a parking lot or a
football field).

Another form of variation occurs as problems increase
in complexity, for example, ones where an irregular shape,
like the front of a house that needs to be painted, needs to
be found by determining the right combination of formu-
las, like adding the triangular roof to the rectangular base
and subtracting out the square windows. These more
complex tasks have been a natural hunting ground for
hidden skill discoveries that have led to effective well-
tailored task design (Koedinger, Booth, & Klahr, 2013).
The incremental addition of complexity in unit design is
consistent with the cognitive tutor principle of “Minimize
working memory load that is extraneous to learning” (#5
in Anderson, Corbett, Koedinger, & Pelletier, 1995). It also
leads to increased interleaved practice as practice of dif-
ferent knowledge components is naturally intermixed,
both across and within problem-solving tasks.
Interleaved practice as a particular way to provide varied
contexts is a principle that has been explored explicitly in
the context of Cognitive Tutors (Patel, 2017; Patel, Liu,
and Koedinger 2016) and has been theoretically con-
firmed through computational learning experiments (Li,
Cohen, & Koedinger, 2013; MacLellan, 2017).

The topic of instructional feedback has been explored in
so many studies there are now at least 23 meta-analyses
(Hattie, 2008, p. 173). This literature contrasts at least
three types of feedback: correctness feedback, the know-
ledge of results feedback emphasized in deliberate prac-
tice, and explanatory feedback. The first two are always
present in Cognitive Tutors and the third is commonly
provided, as per recommendations for hint writing (e.g.,
Aleven, McLaren, Roll, & Koedinger, 2016), but it is not
enforced. Knowledge of results feedback is implemented
in Cognitive Tutors at every step in a problem-solving
task by guaranteeing students either come to a correct

https://doi.org/10.1017/9781108894333.046 Published online by Cambridge University Press

response on their own, perhaps with some high-level
hinting, or that step is given as an example, through a
so-called bottom-out hint that provides the correct
response (cf., Shih, Koedinger, & Scheines, 2008). To be
sure, when students are assisted, the personalized cogni-
tive mastery algorithm will ensure that there is a future
repetition of the target competence whereby students
can demonstrate their mastery without assistance.
Explanatory feedback goes a step further by providing an
explanation for why a correct response is appropriate or
an incorrect response is inappropriate (c.f., van der Kleij,
Feskens, & Eggen, 2015). Such explanations are typical in
high-level hint messages in Cognitive Tutors and in some
feedback messages.

As learning-by-doing approaches, both the deliberate
practice and Cognitive Tutor literatures do not put much
emphasis on declarative instruction. It is reasonable that
up-front teacher-led instruction is an assumed element
both in the expertise development contexts that have been
the main focus of deliberate practice research and in the
classroom contexts that have been the main focus of
Cognitive Tutor research. To be sure, instruction is
addressed in both approaches through feedback during
practice. In addition, Cognitive Tutors provide as-needed
instruction in the form of next-step hints. Cognitive Tutor
research on hints has been nicely summarized by Aleven,
McLaren, Roll, and Koedinger (2016, p. 210) as “help
helps, but only so much.” That is, evidence from a variety
of study types showed that explanatory on-demand, next-
step hints tend to have a modest effect on student learn-
ing, although they noted that no studies were ideally
designed to rigorously test that proposition. A data-mining
study by Roll, Baker, Aleven, and Koedinger (2014) raises
an interesting question about the timing of as-needed
instruction in the context of deliberate practice. They
found that on-demand next-step help, with a rationale, is
not effective when students have low mastery of the know-
ledge component involved (compared to students’ just
trying the step), suggesting a need to make tutor hints
more sensitive to student skill mastery.

In addition to work on explanations offered by the
tutoring system, a range of studies with Cognitive Tutors
have found advantages of supporting students in simple,
computer-supported forms of self-explaining their
problem-solving steps, often with feedback on correct-
ness. For example, studies showed advantages of explain-
ing steps in geometry problems by referencing a geometry
principle that justifies the step (Aleven & Koedinger,
2002), explaining how geometry principles apply by high-
lighting relevant geometry objects in an interactive dia-
gram (Butcher & Aleven, 2013), and explaining relations
(either in verbal or diagrammatic form) between graphical
and symbolic representations in both fractions learning
(Rau, Aleven, & Rummel, 2015), and equation solving
(Nagashima, Bartel, Silla, Vest, Alibali, & Aleven, 2020).
These studies further support benefits of as-needed
instruction (we view computer-supported self-explanation
as such) in the context of deliberate practice. It would be
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interesting to know if Roll, Baker, Aleven, and Koedinger’s
(2014) finding - that on-demand explanatory hints are
helpful primarily when a student has a medium level of
skill mastery — might extend to self-explanation.

IMPLICATIONS FOR THEORY AND PRACTICE

Implications for Cognitive Theory

Most theorizing around multimedia learning focuses on
purported domain-general principles of learning and
instruction. Research on Cognitive Tutors (and related
interactive online learning environments) has led us to
the importance of both developing domain-specific theor-
ies of learning (cf., Aleven & Koedinger, 2013) and
developing theories of how domain-specific characteris-
tics drive the selection and application of domain-general
principles (cf., Koedinger, Corbett, & Perfetti, 2012).
Developing well-tailored tasks requires a domain-specific
theory of the latent knowledge demands of the domain. In
addition to the data-driven design loop methods we have
successfully employed, we also see progress in using com-
putational architectures of domain-general learning to
automatically  generate = domain-specific  theories.
SimStudent (Li, Matsuda, Cohen, and Koedinger, 2015)
and Apprentice Learner (MacLellan, Harpstead, Patel, &
Koedinger, 2016; Weitekamp, Harpstead, & Koedinger,
2020) have been used in this way. These computational
learning theories take deliberate practice interactions as
input — that is, they learn by doing from (a subset of the)
cognitive tutor hints (bottom-out hints), feedback (on cor-
rectness), and repetition — and produce a domain-specific
theory as output — that is, they incrementally generate a
production system that makes novice-like student errors
along the way and eventually can solve domain tasks like
an expert.

These computational learning theories have generated
predictions about domain-specific learning challenges.
For example, when tutored on equation solving,
SimStudent acquired more than one production rule for
the solving tasks of the general form ax = b, particularly
needing a separate production for the specific —x = b form
where the -1 coefficient is not explicitly present (Li,
Matsuda, Cohen, and Koedinger, 2015). Indeed, students
find this specific form about twice as hard as the general
one, and the automatically generated domain-specific
theory predicts that students will be better off with well-
tailored tasks specific to this —x = b form. Such confirmed
theory-derived predictions are scientific evidence for the
learning theory and are of practical importance as two
productions rather than one implies that designers should
develop two different sets of well-tailored tasks rather
than one.

These computational learning theories have also repli-
cated human learning findings. For example, like human
learners (Patel, Liu, & Koedinger, 2016), these systems
learn better from the wvaried contexts produced by
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interleaving fraction addition and multiplication tasks
than from less varied contexts produced by blocked
sequencing of these tasks (Li, Cohen, and Koedinger,
2013; MacLellan, 2017). The role of variation through
interleaved practice intermixing is a theoretically crucial
part of production rule learning. Initial blocked practice
of a knowledge component (e.g., two rectangle area tasks
in a row) aids the learning of the then-parts of produc-
tions — these produce the explicit performed steps of the
procedure as it may be referred to intuitively, for example,
by math education researchers. However, the production
rule notion of procedural knowledge is importantly differ-
ent in that the if-part of the production rule is a critical
part of what needs to be learned and often the most diffi-
cult. Interleaved practice aids if-part learning, particularly
in providing situations whereby the brain’s learning mech-
anisms can refine if-parts that are currently overly general
(e.g., if a fraction arithmetic problem is given, convert to a
common denominator). The tutor’s error feedback in such
situations (e.g., a student converts on a fraction multipli-
cation problem) provides the brain data to refine the if-
part and add a new condition (e.g., the operator not multi-
plication). The experiments with computational models of
learning have both precisely defined this mechanism and
theoretically demonstrated its effectiveness.

Implications for Instructional Design

The work on Cognitive Tutors has implications for
instructional design that pertain to a wide range of educa-
tional technologies and even to supporting learning more
generally. This work exemplifies a broader approach to
learning engineering, grounded in learning sciences
theory (e.g., Koedinger, Corbett, & Perfetti, 2012).
Learning engineering is an emerging interdisciplinary
field that employs an iterative design process for improv-
ing learning, driven by learning science theory and by data
from learning analytics, field-based design research, and
rapid large-scale experimentation.

In a learning engineering approach, instructional
design involves not just applying learning science (e.g.,
principles), but actually doing learning science as part of
the process of designing instruction, and extending learn-
ing science as a consequence. That is to say, learning
engineers create effective instruction through data-driven
iterations that identify hidden skills and create novel tasks
and scaffolds (i.e., design-loop adaptivity — Aleven,
McLaughlin, Glenn, & Koedinger, 2017). It is becoming
clear that data-driven methods can often detect such
skills, even if the system’s initial design was informed by
careful, in-depth (though small N) cognitive task analysis
(Tofel-Grehl & Feldon, 2013).

Designing effective scaffolds for hidden skills (or other
skills, for that matter) is a matter not only of applying
multimedia or other instructional design principles, but
can require adapting learning principles to given know-
ledge goals (e.g., facts versus skills versus principles). It
may even involve reconciling competing principles that
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seemingly lead to opposing design recommendations. For
example, studying worked examples prior to problem-
solving has been shown to be effective when the targeted
knowledge is complex and principled (Kalyuga, Chandler,
Tuovinen, & Sweller, 2001), but practice without much
studying of examples works better for simpler forms of
knowledge (e.g., facts or vocabulary), as demonstrated in a
line of studies on the testing effect (Roediger & Karpicke,
2006a, 2006b). Similarly, while self-explanation (e.g., sup-
ported by prompts and feedback) can often enhance con-
ceptual learning when the targeted knowledge is complex
and principled, it may not have an effect with simpler
forms of the knowledge-to-be-learned (e.g., choice of art-
icle for learning English as a second language (Wylie,
Sheng, Mitamura, & Koedinger, 2011).

These examples illustrate that learning science and
learning engineering form a two-way street, mutually
influencing each other. Early experiences with this
approach strongly suggest we need more instruction and
learning environment design consciously targeting hidden
skills. In addition to the examples of designing new scaf-
folds for hidden skills, this approach was successful in
improving an online statistics course (Lovett, Meyer, &
Thille, 2008). We also need to apply a learning engineering
approach to consciously targeting, in our designs, when,
where, and what learning. By this notion we mean that
attention is paid in instructional design to helping stu-
dents learn the (often perceptual) cues that distinguish
conditions under which problem-solving actions are valid
or strategic, including approaches such as adaptive,
technology-based implementations of perceptual learning
(Kellman & Krasne, 2018) or representation learning
(Rau, 2017).

LIMITATIONS AND FUTURE WORK

Returning to our nutshell summary - effective learning
requires repeated practice on well-tailored tasks in varied
contexts with explanatory feedback and as-needed
instruction — we reflect on limitations of existing research.
One class of limitations is within these six cognitive tutor
features and another is surrounding them. All six could use
more research to better assess ecological and external val-
idity and identify potential boundary conditions.
Repetition is important but not enough is known about
how much repetition is needed, with Schnackenberg,
Sullivan, Leader, and Jones (1998) being a nice exception.
The earlier section on deliberate practice points to a
number of Cognitive Tutor experiments demonstrating
data-driven and domain theory-based design of well-
tailored tasks yielding better learning. These efforts have
been in mathematics and pursued by the authors and their
collaborators. The external validity, as well as the general
practicality, of this approach to well-tailored task design
would be enhanced by explorations in other content areas
and by other teams of researchers. With respect to feed-
back, one effort in particular has suggested a content-
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treatment boundary condition related to content wherein
certain kinds of errors are particularly instructive
(Mathan & Koedinger, 2005). This approach gives feed-
back relative to an intelligent novice model of desired
performance in which some errors are considered reason-
able and thus not subject to immediate feedback, rather
than relative to an expert model where all errors receive
immediate feedback. While these results are promising
and theoretically compelling (i.e., error self-correction
provides an extra level of sense-making to aid learning
and recall), we are not aware of any studies trying to
replicate them in other content domains.

The benefits of varied contexts have been demonstrated
particularly in contrasts between interleaved and blocked
practice to two topics, with experiments in the lab (e.g.,
Rohrer, 2012) and embedded in school settings (e.g.,
Patel, Liu, & Koedinger, 2016). At the same time, lab
experiments indicate a theoretically compelling boundary
condition on benefits of interleaving versus blocking.
Carvalho and Goldstone (2014) predict and demonstrate
a content-treatment interaction such that interleaving two
topics/categories yields better learning for some content,
but blocking yields better learning for other content. The
boundary is determined by whether there is high similar-
ity (low variation) in the stimuli across examples in the
two topic areas (e.g., apart from the operator symbol,
fraction addition and multiplication problems are other-
wise the same) or high variation (e.g., examples of both
cats and dogs are different from each in many ways). For
high similarity content, an interleaving treatment pro-
duces better learning whereas for a high variability con-
tent, a blocking treatment produces better learning. In low
variation content, interleaving produces variation in the
response (e.g., the steps for adding fractions are much
different from the steps for multiplying) and consecutive
examples with similar stimuli (e.g., %6 + 26 = 35 and Y5 * %
= 2/25) help a learner identify the few critically different
features of the stimuli (e.g., the operator). In contrast, for
content where the variation is already high, blocking helps
the learner identify the few critically similar features of
two consecutive examples (e.g., two cats may look quite
different but both purr and meow). While this
theoretically-predicted content-treatment interaction has
been demonstrated in lab experiments with high internal
validity and it may provide some justification for why so
much current instruction is blocked rather than inter-
leaved, there are too few school-embedded experiments
that test the predicted benefits of blocking for high vari-
ability content.

Although explanatory feedback is typically provided in
Cognitive Tutors through high-level hints and sometimes
in error feedback messages, explanatory information is
not systematically employed. Further, it has not been
experimentally explored in systematic studies within
Cognitive Tutors. One particularly useful study would
be to experimentally contrast knowledge of results feed-
back only with explanatory feedback in addition to know-
ledge of results feedback. Meta-analysis results (van der
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Kleij, Feskens, & Eggen, 2015) suggest, from cross-study
comparisons, a likely added benefit for explanatory feed-
back, however, the direct experimental evaluations of
explanatory feedback do appear to have a control condi-
tion with knowledge of results feedback, but contrast
with corrective feedback as a control (Moreno, 2004;
Moreno & Mayer, 2005). Another nuanced limitation is
that explanatory feedback is not given in Cognitive
Tutors when students are correct on their own.
Mitrovic, Ohlsson, and Barrow (2013) provide compel-
ling evidence for learning efficiency benefits of providing
such explanations as positive feedback, particularly
when students are first successful on the related know-
ledge component. We also see a need for further research
investigating the effectiveness of on-demand next-step
explanatory hints in the context of learning by doing.
Particularly welcome would be controlled experiments
that test the value of explanatory hints versus bottom-
out hints, where the latter give the answer only. Further
nuance could be added by studies that test the value of
explanatory hints versus prompting for self-explanations
(under the same circumstances as hints are given). As
well, it would be interesting to confirm experimentally
that on-demand, explanatory next-step hints are most
effective when the student has a medium level of mastery
for the given knowledge component, as well as to test
experimentally whether that finding generalizes from
explanatory hints to prompted self-explanation.

As we have indicated, Cognitive Tutors not only provide
feedback, but also as-needed instruction in the form of
next-step hints. One open question is whether or when is
such instruction sufficient and up-front instruction redun-
dant. For example, Yannier, Hudson, and Koedinger
(2020) found quite effective elementary science learning
as a consequence of a predict-observe—explain inquiry
cycle without any up-front instruction. It may be that
skipping up-front instruction and starting directly with
cognitive tutoring (i.e., in a formative assessment or delib-
erate practice loop) provides for equally effective but more
efficient instruction for some content areas. Consistent
with the KLI Framework, we hypothesize that skipping
up-front instruction may be particularly relevant for learn-
ing goals that are facts and skills and perhaps less effective
for high-level principles.
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