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Abstract Formative feedback is well known as a key factor in influencing learning.
Modern interactive learning environments provide a broad range of ways to provide
feedback to students as well as new tools to understand feedback and its relation to
various learning outcomes. This issue focuses on the role of formative feedback
through a lens of how technologies both support student learning and enhance our
understanding of the mechanisms of feedback. The papers in the issue span a variety of
feedback strategies, instructional domains, AI techniques, and educational use cases in
order to improve and understand formative feedback in interactive learning environ-
ments. The issue encompasses three primary themes critical to understanding formative
feedback: 1) the role of human information processing and individual learner charac-
teristics for feedback efficiency, 2) how to deliver meaningful feedback to learners in
domains of study where student work is difficult to assess, and 3) how human feedback
sources (e.g., peer students) can be supported by user interfaces and technology-
generated feedback.
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Practitioners and researchers have long recognized the importance of formative feed-
back for learning. Formative feedback can be considered any kind of information
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provided to students about their actual state of learning or performance in order to
modify the learner’s thinking or behavior in the direction of the learning standards (e.g.,
Narciss 2008, 2012; Shute 2008). Formative feedback helps students understand where
they are in a learning process, what the goals are, and how to reach the goals.
Experimental and observational research have examined many aspects of feedback,
showing that it is one of the strongest factors in influencing learning (e.g., Hattie and
Timperley 2007; Hattie and Gan 2011), with the overall premise that appropriate
feedback, directed in a timely fashion can improve learning outcomes.

While feedback was traditionally conceived as information provided through
humans, such as instructors or peers, information technology allows a broad range of
types of feedback and strategies to be provided in digital learning environments.
Beyond giving feedback, modern interactive learning environments further provide
new tools to understand feedback and its relation to various learning outcomes.
Specifically, as learners use tutoring systems, educational games, simulations, and other
interactive learning environments, these systems store extensive data that record the
learner’s usage traces. With modern computational approaches to analytics, machine
learning, data mining and natural language processing, the data can be modeled, mined
and analyzed. This permits investigating such questions as: when is feedback effective,
what kinds of feedback are effective, and whether there are individual differences in
seeking and using feedback. Such an empirical approach can be valuable on its own,
and it may be especially powerful when combined with theory, experimentation or
design-based research. The approach therefore creates an opportunity to improve
feedback in educational technologies and to advance the learning sciences through
better understanding the role of feedback.

This special issue of the International Journal of Artificial Intelligence in Education
follows on a related workshop held at the International Conference on Artificial
Intelligence in Education (Goldin et al. 2013). The issue focuses on the role of
formative feedback through a lens of how technologies both support student learning
and enhance our understanding of the mechanisms of feedback.

Overview of Formative Feedback

Feedback is a key element of formative assessment systems and has thus received much
attention in instructional research. In educational or instructional contexts, formative
feedback can be generated and provided by agents external to the learner (i.e., teachers,
peers, parents, computer-based systems), or by the learner herself who can access
internal sources of information, which are not available to external agents. Feedback
can provide a variety of information ranging from simple evaluative statements to
complex elaborated messages, can be implemented in a variety of ways, and used by
the learner in different ways.

Several extensive meta-analyses, reviews and syntheses provide a comprehensive
overview on the very large body of findings that has been accumulated across decades
of research from a variety of perspectives (e.g., Butler and Winne 1995; Evans 2013;
Hattie and Gan 2011; Mory 2004; Narciss 2008, 2013; Shute 2008; Van der Kleij et al.
2015). The literature reveals that feedback is a crucial factor for learning and instruc-
tion, and that formative feedback in particular can promote learning considerably. Yet,
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the reviews and meta-analyses also show that the effect sizes of studies comparing
various feedback types to conditions without feedback range from moderate negative to
big positive effects (Kluger and DeNisi 1996; Hattie and Gan 2011). An important
implication is that the effects of a feedback strategy may vary depending on contextual
factors (e.g., task complexity) and individual factors (e.g., knowledge, motivation).
Several theoretical frameworks aim at identifying and integrating important individual
and contextual factors that may explain the mixed patterns of results (e.g., Butler and
Winne 1995; Hattie and Gan 2011; Kluger and DeNisi 1996; Narciss 2008, 2013).

For example, the Interactive-Tutoring-Feedback (ITF) model suggests three groups
of factors that affect the benefits and limitations of formative feedback in instructional
contexts (Narciss 2006; 2008; 2013; 2016): The first group of factors relates to the
requirements of learning tasks and the competencies (e.g., knowledge; metacognitive
skills) necessary to meet these requirements. A feedback intervention that is beneficial
for simple tasks may not work equally for more complex ones. Hence, instructional
designers and researchers are challenged to tailor feedback interventions to the require-
ments of the instructional context and tasks. To do so they need to analyse the
competencies needed to meet the task requirements (Clark et al. 2008) and to specify
the desired standards for the competencies. This analysis provides the basis for
assessing to what extent the desired standards are met. The analysis is especially
challenging in Bill-defined domains^, i.e., domains where student performance may
be difficult to assess objectively on many instructional tasks. One pedagogical strategy
in such domains is to decompose a complex task into subtasks that can be assessed
independently. Decomposition yields information on the quality of performance that
provides an evidentiary basis for feedback.

The ITF model further considers a second group of factors that relates to individual
learner differences (e.g., cognitive, metacognitive as well as motivational dispositions;
learner strategies or activities) that promote or constrain how well learners may improve
their competencies in the direction of the desired standards if provided with formative
feedback. For example, if a learner does not attend mindfully to the feedback, even the
most thoroughly designed feedback interventions cannot aid the learner. Thus, identifying
learner characteristics that influence mindful processing of feedback is one important
issue of feedback research (see also Narciss et al. 2014). Current feedback models suggest
that learner characteristics should be investigated at least on the cognitive, metacognitive
and motivational levels (Hattie and Gan 2011; Narciss 2008; 2013; 2016).

Another set of factors that pertain to feedback relates to characteristics of the feedback
message or strategy itself, its informational and communicational value. An external
feedback intervention can only be effective if it is based on an adequate representation of
task requirements and standards, as well as a reliable and valid assessment of the current
state of the learner’s task completion. Further, it needs to provide valuable information in
such a way that the learner can effectively use this information to close gaps between her
current and the desired states of learning. Informational and communicational aspects
may cause the learner to engage or disengage from active interaction with the feedback.
For instance, asking students to generate formative feedback on their own or their peer
performance is a promising approach (Goldin et al. 2012; Evans 2013; Narciss 2016).
Yet, research on peer feedback indicates that students require carefully designed support
to generate valuable formative feedback (Wooley 2007; Wooley et al. 2008; Goldin and
Ashley 2012; van Popta et al. 2017).
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The factors outlined above offer manifold possibilities for designing feedback
strategies for interactive learning environments. Yet, it is also evident that designing
and investigating formative feedback strategies is a challenging task. Moreover, even
though there is a very large body of feedback research, the findings with regard to the
different issues related to feedback design are very complex and often mixed (for
further details see the reviews and meta-analyses of e.g., Narciss 2008; 2013; 2016;
Shute 2008; Evans 2013; Van der Kleij et al. 2015).

Papers in the Special Issue

The eight papers in this issue demonstrate a wide range of research on feedback,
spanning a variety of feedback strategies, instructional domains, AI techniques, and
educational use cases. Several prominent themes stand out across the papers. One theme
is the role of human information processing and individual learner characteristics for
feedback efficiency. A second theme is how to deliver meaningful feedback to learners
in domains of study where student work is difficult to assess; the systems here demon-
strate the strategy of scoring student work at a level of detail that supports generation of
relevant feedback. Finally, a third theme examines how a human feedback source (e.g.,
peer students) can be supported by user interfaces and technology-generated feedback
towards generating and improving formative feedback on the work of others.

Several papers explore how individual learner characteristics or dispositions relate to
the effects of a formative feedback strategy. Stevenson (2017) considers the role of
working memory capacity and feedback efficiency in 10-year-olds. She compares the
differential effects of an elaborated tutoring feedback strategy, to a simple outcome
feedback, and a no feedback condition. The study is methodologically powerful in that
it examines a sample of a thousand participants, employs multilevel explanatory item
response theory modeling, and accounts for working memory and ability level. The
findings of Stevenson’s study provide insights that are relevant for developing person-
alization and adaptation strategies of feedback.

In the work of Cutumisu et al. (2017), students play a game in which they may
decide to seek feedback and revise their work. The paper investigates correlations
between these decisions, and measures of student learning and performance outside of
the game. The paper contributes to the literature on how student choices reveal aspects
of metacognitive reasoning.

Wiese et al. (2017) investigate the efficacy of teaching a novel representation of some
concept by connecting the novel representation to a known representation. Then they
ask the student to manipulate the known representation such that the novel representa-
tion reflects some desired state. Because the representations are connected, failures to
effect the desired state are said to be groundedwith respect to the known representation.
Wiese et al. formalize the definition of grounded feedback and survey existing literature.

A second theme addressed by the papers is how to provide feedback on tasks that are
difficult for a computer to score. Notably, this is a characteristic of open-ended or ill-
defined domains, such as explored in prior issues of this journal. (Aleven et al. 2009)

The game described by Cutumisu et al. (2017) is a graphic design task, and
assessment in design settings may at times be subjective. Nonetheless, Cutumisu
et al. (2017) define a set of constraints that can be applied to student work. The system
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can generate feedback based on which constraints a work may violate and whether or
not the student seeks negative feedback.

Perikos et al. (2017) describe a system that provides feedback on student attempts to
convert natural-language expressions to First-Order Logic. The paper describes a
conversion procedure, the types of errors that might be committed at each step of the
procedure, and the feedback templates that pertain to each type of error. The conversion
procedure is automated, including a natural language parsing phase, enabling the
system to assess a student’s application of the procedure. The efficacy of the system
is evaluated in two studies: detailed hint sequences vs. correctness feedback with
bottom-out hints, and templatized hints vs. problem-specific human-generated hints.

Green (2017) deals with the iterative design and piloting of an educational argument
modeling system GAIL (Genetics Argumentation Inquiry Learning). GAIL generates
expert arguments on the basis of domain-independent argumentation schemes, and
automatically compares these expert arguments to student arguments in order to provide
problem-specific feedback on structural and semantic aspects of the student argument.
The paper describes the GAIL Authoring Tool, its features and functions for creating a
domain model and content elements for a specific lesson, as well as the processes of
generating expert arguments and the feedback in GAIL. Based on preliminary results
from pilot studies, the paper also outlines implications for further research and design.

A third theme running through the papers is the issue of how to support a human
assessor and feedback source in generating valuable formative feedback.
Ramanchandran et al. (2016) and Nguyen et al. (2017) both investigate machine
techniques to aid human assessors of student work, who are themselves peer students.
That is, the audience of the feedback is the human assessor (peer reviewer), and the
artifact scored by the computer is the peer reviewer’s feedback on a student’s work, not
the original work by a peer student author.

Specifically, Ramachandran et al. (2017) apply machine learning and natural-language
processing to score human-generated feedback in terms of content types, relevance,
coverage and other metrics; the system presents the resulting scores to the peer reviewer
such that the reviewer may try to make the feedback more helpful to the peer author.
Nguyen et al. (2017) apply AI techniques to detect whether a peer reviewer’s feedback is
Blocalized^, i.e., whether it points to specific problematic segments of the peer author’s
text. The paper describes two iterations of a system that detects localization and prompts
the human assessor to localize comments when that is appropriate.

Easterday et al. (2017) explore the possibility of crowdsourcing feedback in areas
that computer-based feedback is still too difficult, e.g., providing feedback on ill-
defined design problems such as developing educational software, or creating a
solution to a social problem such as reducing childhood illiteracy. In this work, they
develop a theory of the causal mechanisms involved in crowdcritique systems for ill-
defined problems, and across three design studies, they create a set of socio-technical
design principles for the development of such systems.

Vision for Future Work

The papers in this special issue demonstrate a wide range of research on formative
feedback, ranging from exploratory work on new mechanisms and representations on
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which to base formative feedback to hypothesis-driven studies that address the condi-
tions and effects of different kinds of formative feedback strategies. Taken together, at a
practical level, there are some notable insights on the design of formative feedback
systems. Wiese et al. (2017), Green (2017), Cutumisu et al. (2017) and Stevenson
(2017) each provide evidence on the relative value of different types of feedback.
Collectively, their findings can inform choices in the design of learning environments.
Easterday et al. (2017) develops a set of principles for the development of formative
feedback systems that involve crowdsourcing. These principles can also support future
design choices. Finally, Nguyen et al. (2017) and Ramachandran et al. (2017) provide
automated methods for evaluating the quality of peer feedback to elicit improvements
in it.

The papers draw upon and extend a rich literature across several fields on formative
feedback, including cognitive and social psychology, educational research, and com-
puter science, and lay the ground for future research. Although the psychological
mechanisms that people employ to respond to formative feedback will not likely
change, the social organizations and technologies we create to provide and improve
formative feedback will continue to advance rapidly. We expect the field to remain
active for quite some time. What are the next questions to address, pertaining to the
three themes of this special issue, that will move the field forward? What novel
technologies might use formative feedback, and what new issues might arise? What
research and development methods and approaches will efficiently lead to new and
useful findings?

The papers demonstrate that interactive learning environments are both systems for
delivering feedback and research platforms for studying properties of learners, instruc-
tional contexts and feedback strategies. Because of these dual roles, the systems in the
papers can be a basis for generating some of these ‘next’ questions. Importantly, the
questions are interdependent. Given the multitude of factors that may affect feedback
quality (Narciss 2013), what we must accomplish is to explicate the causal chain of
improved feedback systems leading to improved learning outcomes. For instance, as
Nguyen et al. (2017) and Ramanchandran et al. (2016) demonstrate in automated
evaluations of peer feedback, at the same time that we ask Bwhat qualities make for
good peer feedback^, we must ask Bdo peer reviewers modify their reviews as a result
of system feedback^, and then Bdo reviews modified as a result of system feedback lead
to improved performance^, and Bdoes improved performance lead to improved learning
outcomes^.

While the field has made some progress on what constitutes useful formative
feedback, many facets remain unknown. More work needs to be done on feedback
personalization and adaptation, i.e., what qualities of formative feedback lead to
improved performance and learning for different domains, tasks and individuals. Some
papers in the issue explore approaches to support automatic generation while others
explore ways to draw upon and improve human judgments. Collectively, they begin to
address how we can develop ways of providing feedback quickly and efficiently, but
there is much more progress still to be made before useful formative feedback is
ubiquitous in learning situations.

Are there technologies on the horizon to expand the use and study of formative
feedback? While computer-based formative feedback has focused on keyboard and
screen input/output, virtual and augmented reality support greater interactivity. These

390 Int J Artif Intell Educ (2017) 27:385–392



and other technologies can create opportunities for providing feedback for different
kinds of skills and different kinds of learning, including, for example, embodied
cognition (Barsalou 2008; Keehner and Fischer 2012). New technologies that provide
access to learning experiences for those who are differently-abled offer opportunities
for the expansion of the use of formative feedback. Online settings such as massive
open online courses (MOOCs) and marketplaces for online work (e.g. Amazon Me-
chanical Turk) expand access to participant populations of greater size and diversity;
this accelerates research studies, increases statistical power and increases the number of
facets that can be examined. Large-scale studies provide data not only in their intended
experiments, but additionally enable retrospective data mining.

As the papers in this issue demonstrate, the field and community of Artificial
Intelligence in Education is strongly positioned to pursue this research by leveraging
a wide range of research methods, computational techniques, statistical models and
insights into human behavior and cognition.
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