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a b s t r a c t

Personalized tutoring feedback is a powerful method that expert human tutors apply when helping
students to optimize their learning. Thus, research on tutoring feedback strategies tailoring feedback
according to important factors of the learning process has been recognized as a promising issue in the
field of computer-based adaptive educational technologies. Our paper seeks to contribute to this area of
research by addressing the following aspects: First, to investigate how students’ gender, prior knowledge,
and motivational characteristics relate to learning outcomes (knowledge gain and changes in motiva-
tion). Second, to investigate the impact of these student characteristics on how tutoring feedback stra-
tegies varying in content (procedural vs. conceptual) and specificity (concise hints vs. elaborated
explanations) of tutoring feedback messages affect students’ learning and motivation. Third, to explore
the influence of the feedback parameters and student characteristics on students’ immediate post-
feedback behaviour (skipping vs. trying to accomplish a task, and failing vs. succeeding in providing a
correct answer). To address these issues, detailed log-file analyses of an experimental study have been
conducted. In this study, 124 sixth and seventh graders have been exposed to various tutoring feedback
strategies while working on multi-trial error correction tasks in the domain of fraction arithmetic. The
web-based intelligent learning environment ActiveMath was used to present the fraction tasks and trace
students’ progress and activities. The results reveal that gender is an important factor for feedback ef-
ficiency: Male students achieve significantly lower knowledge gains than female students under all
tutoring feedback conditions (particularly, under feedback strategies starting with a conceptual hint).
Moreover, perceived competence declines from pre- to post-test significantly more for boys than for girls.
Yet, the decline in perceived competence is not accompanied by a decline in intrinsic motivation, which,
instead, increases significantly from pre- to post-test. With regard to the post-feedback behaviour, the
results indicate that students skip further attempts more frequently after conceptual than after proce-
dural feedback messages.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

Development of personalized learning environments is among the most important research areas of computer-based education for the
next decade (Spada et al., 2012; Wolf, 2010). Such environments should be capable of tracing accurately learners’ activity, monitor their
individual characteristics, and generate timely adaptive interventions according to effective pedagogical strategies. Over the years, many
different technologies have been developed for optimizing instructional interventions to the needs, goals, and knowledge of individual
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learners. For example, cognitive tutors rely on rigorous rule-based models of cognitive tasks and step-by-step tracing of students’ progress
through these tasks in order to provide just-in-time assistance (Anderson, Corbett, Koedinger, & Pelletier, 1995). Constraint-based tutors try
to achieve a similar goal by defining the boundaries of correct knowledge in the domain, restricting the possible solution space and reacting
when a student’s solution violates it (Mitrovic, 2011). Personalized course generation technologies are used to plan sequences of learning
objects optimized for individual student’s knowledge and learning goals (Brusilovsky & Vassileva, 2003). Tutorial dialogue systems engage
in educational conversations with students: They track students’ behaviour with the system and use these behavioural traces formonitoring
what students know and do not know, and generate dialogue moves that help students to gradually construct their knowledge (Olney,
Graesser, & Person, 2010). Adaptive educational hypermedia combines a wide range of techniques in order to tailor the presentation of
hypermedia learning content based on student characteristics and navigate students through large corpora of learning documents by
generating hyper-links between them and/or decorating these links with personalized cues (Brusilovsky & Henze, 2007).

One more way to organize personalized learning is to provide adaptive formative feedback (Shute & Zapata-Rivera, 2008) or tutoring
feedback strategies (Narciss, 2008) to the learners working on exercises. Formative feedback is a key element of formative assessment
systems; it provides learners with information about their current state of knowledge in order to improve their learning. Tutoring feedback
strategies combine elaborated formative feedback with tutoring and mastery learning strategies. In doing so, they provide such formative
feedback that makes learners aware of important gaps existing between their current state of knowledge and their learning goal. Addi-
tionally, they provide assistive elaborated feedback (e.g. hints, explanations, and attribute-isolation examples) that is aimed at helping
students to detect errors, overcome obstacles, and try more efficient solution paths. In doing so, tutorial feedback strategies offer strate-
gically useful information for task completion without immediately providing the correct solution; they also prompt the learner to apply
this information to solve the learning task in the next trial. Furthermore, after successful task completion, they provide confirmatory
positive feedback components (cf. Narciss, 2006, 2008, 2012a, 2012b, 2013; Narciss & Huth, 2006). Personalized tutoring feedback has been
identified as a very powerful method that expert human tutors apply when helping students to resolve learning difficulties, to monitor their
progress, and to optimize the overall learning process (Merrill, Reiser, Ranney, & Trafton, 1992; VanLehn, 2011). Such tailoring of tutoring
feedback based on learners’ characteristics, and/or parameters of the environments is a promising way to implement adaptive computer-
based learning.

Unfortunately, while there is a large body of empirical research on the effectiveness of different types of non-adaptive feedback
(Narciss, 2008, 2012, 2013; Hattie & Gan, 2011; Hattie & Timperley, 2007; van der Kleij, Eggen, Timmers, & Veldkamp, 2012; Shute, 2008;
Thurlings, Vermeulen, Bastiaens, & Stijnen, 2012), automatic feedback adaptation has received much less attention in empirical and/or
theoretical feedback research. Several researchers have suggested frameworks providing guidelines or methods for developing adaptive
feedback (Choe, Bae, Kim, & Lee, 2004; Chuang & O’Neil, 2006; Economides, 2006; Gimeno Sanz & De-Siqueira, 2009), yet, these frameworks
are only partly rooted in thorough educational theories, and their empirical evaluation with students has been rather scarce. However, a few
attempts to implement and test adaptive feedback functionality in a real adaptive educational system (AES) have been made and the results
look promising. For example, Vasilyeva and colleagues (Vasilyeva, De Bra, Pechenizkiy, & Puuronen, 2008; Vasilyeva, Pechenizkiy, & De Bra,
2008) as well as Parvez and Blank (2008) have demonstrated the possibility of automatically tailoring instructional feedback to students’
learning styles and found a positive effect of adaptive feedback on students’ performance. Another study has shown that students themselves
believe that adapting feedback may be not needed for successful students, but can be very important if a student is under-achieving (Dennis,
Masthoff, & Mellish, 2012). Conati and Manske (2009) investigated adaptive feedback in a serious learning game; their findings indicate that
the effectiveness of adaptive feedback can decrease, if it is presented too frequently and provides more information than the learner needs at
the moment. Goldin and his colleagues (Goldin, Koedinger, & Aleven, 2012) have data-mined several models measuring individual feedback
effectiveness and have found, that for different students the effectiveness of feedback messages varies. This allowed them to conclude that
there may be a feedback processing skill or proficiency that depends on the level of details provided by the feedback messages.

These rather mixed results indicate that design and evaluation of adaptive feedback strategies is a challenging task, because so many
individual and situational variables can facilitate or hinder the effect of feedback on learning process. Unfortunately, most studies have
focused only on one or two of such parameters and investigated their effects mainly on aggregated outcomes (e.g., performance, learning
gain). Studies analysing in detail how individual learner and feedback characteristics influence not only the global outcomes, but also more
local variables characterizing the immediate effect of feedback on learning process (e.g., post-feedback behaviour) are sparse (Timmers,
Broek den, & van den Berg, 2012). Thus, despite the growing attention to feedback-based learning technologies (Author, 2008, 2012,
2013; Hattie & Gan, 2011; van der Kleij et al., 2012; Shute, 2007; Thurlings et al., 2012), many problems in this field remain unresolved.
And the big questions, such as “How to design effective tutoring feedback strategies?”, “Which factors of learning process should such
strategies address in the first place?”, and “How these factors influence each other when combined in adaptive feedback components?” have
not been answered yet by the research community.

In this paper, we focus on the two latter questions by examining sets of (a) content-related feedback characteristics and (b) learner
characteristics influencing learners’ problem solving behaviour in computer-based learning tasks supported with tutoring feedback. In
many respects, these factors define how students would react to feedback messages and how much they would learn when practicing with
an AES providing tutoring feedback, and thus, represent critical information for feedback adaptation. This direction of research is highly
important; because even the most thoroughly designed adaptive feedback strategy can be inefficient if students do not use the feedback
content in a mindful way in order to improve their learning (see also Timmers et al., 2012). To address these issues, in the remainder of this
section, we further synthesize current and past feedback research on the basis of an integrative, multi-dimensional framework for designing
and evaluating tutoring feedback strategies (Narciss, 2008, 2012, 2013) and specify our research questions.

1.1. Design of adaptive feedback strategies

In light of recent reviews of feedback research (Narciss, 2008, 2013; Hattie & Gan, 2011; Shute, 2007; Thurlings et al., 2012) and research
on computer-based adaptive learning environments (Vandewaetere, Desmet, & Clarebout, 2011), the design and examination of adaptive
feedback strategies and, in particular, tutoring feedback strategies require adopting a multidimensional view of feedback. According to
Narciss (2012), the nature and quality of a feedback strategy is determined by at least three facets of feedback:
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1. Functions of a feedback message or strategy which have to be derived from the instructional goals and objectives relevant in the
instructional context (cognitive functions, such as promoting information processing; metacognitive functions, such as fostering self-
evaluation and reflection; and motivational functions, such as reinforcing correct responses or encouraging effort and persistence).

2. Content of a feedback message which may include information for verifying if the learner’s current state of understanding meets the
desired state of understanding, and or information helping to overcome gaps between the current and the desired state of
understanding.

3. Formal and technical aspects related to the presentation of the feedback content (e.g., feedback timing and scheduling, sequencing
tactics for complex feedback content, and modes of feedback representation and delivery).

Taking into account these facets, instructional designers have to define situational and individual conditions under which the feedback
will be provided. Situational conditions help to identify the instructional context in which the feedback strategy will be used (e.g., learning
goals and tasks, method of instruction, organization and communication of learning material, as well as the sources of potential learning
problems and typical errors). Individual conditions define the characteristics of a learner that might be critical for adaptation, including
individual learning objectives, prior knowledge, learning strategies, procedural and meta-cognitive skills, as well as individual motivational
prerequisites, such as value of academic achievement (i.e., attainment value), intrinsic task values, academic expectancies (e.g., academic
self-concept, self-efficacy), and meta-motivational or volitional skills.

Based on this multidimensional view on feedback, Author has proposed the Interactive-Tutoring-Feedback (ITF) model that encapsulates
the state of the art in developing feedback strategies for interactive learning tasks (Narciss, 2006, 2008, 2013). According to the ITF model, a
feedback strategy can be defined as a coordinated plan integrating clear and decisive statements specifying at least the following aspects of a
learning process with feedback (Narciss, 2012):

- scope and function – what (instructional) goals or purposes the feedback serves,
- content – what information is included in the feedback,
- presentation – in which form and modes the feedback content is presented to a learner,
- conditions – under which situational and individual conditions the feedback is provided,
- timing and schedule – which events within the learning process trigger feedback messages.

Such definition of a feedback strategy supports a broad range of possibilities in terms of designing personalized and adaptive feedback
strategies. For example, one or several feedback functions, simple or complex feedback content, uni-modal or multi-modal feedback types
can be tailored to one or even a set of learner characteristics. From the point of interactivity, feedback adaptation can be implemented in a
static or dynamic way. In the case of static adaptation, feedback settings are adjusted once according to the global task and/or learner
characteristics. Dynamic adaptation implies that the decision about feedback settings for the current learning interaction is made on the fly
based on varying parameters of the instructional context (knowledge state of the learner, history of interaction, motivational factors, etc.).

Design of effective strategies for adapting tutoring feedback based on such a multitude of options requires thorough empirical research
that should help to identify which of the strategy factors warrant adaptation (Shute & Zapata-Rivera, 2008; Vandewaetere et al., 2011). To be
more specific, it should be investigated which learner characteristics and actions are crucial for effective learning with feedback.

1.2. Content-related factors affecting feedback efficiency

A large body of research comparing the effects of feedback with different contents reveals a variety of non-adaptive feedback types and
strategies originating from different instructional approaches (Narciss, 2008, 2012, 2013; Hattie & Gan, 2011; Hattie & Timperley, 2007; van
der Kleij et al., 2012; Mory, 2004; Shute, 2008; Thurlings et al., 2012). The following types of feedback (and accompanying interaction
patterns) have been identified in the literature (in the order of elaboration):

1. Knowledge of performance provides summative feedback after a set of tasks (e.g., percentage of correctly solved tasks, number of
errors).

2. Knowledge of result offers information on the correctness or quality of a response (e.g., correct/incorrect; excellent/poor).
3. Knowledge of the correct response provides the correct response to the given task.
4. Answer until correct provides knowledge of result and the opportunity to make further attempts until the task is solved correctly.
5. Multiple try feedback (knowledge of result and the opportunity to make a limited number of further attempts to solve the task).
6. Elaborated feedback (additional information besides knowledge of result or knowledge of the correct response). There is a variety of

elaborate information that might be added to knowledge of result. Narciss (2008) suggests differentiating between at least five cate-
gories of elaborated feedback:

� Kowledge about task constraints, offering information on task rules, task constraints and/or task requirements;
� knowledge about concepts, addressing conceptual knowledge (e.g., response-contingent hints on concept attributes, or attribute-
isolation examples);

� knowledge about mistakes, offering information on errors or mistakes (e.g., flagging location of errors, providing hints on types or
sources of errors),

� knowledge about how to process the task, addressing procedural knowledge (e.g., task-contingent hints about procedural skills or
problem solving strategies),

� knowledge helping to apply and developmeta-cognitive skills and strategies necessary for self-regulated learning processes (e.g., topic-
contingent hints about useful sources of information).

Given such a large variety of feedback content types, it is not surprising that existing findings on the effectiveness of providing learners
with different feedback content are rather inconclusive. Some studies have demonstrated positive effects of certain feedback types, while
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others show no effect or even negative effects of feedback (for further details, see Narciss, 2008; Kluger & DeNisi, 1996; Mory, 2004;
Shute, 2008; Thurlings et al., 2012).

In this study, we experiment with the two content-related factors of tutoring feedback: feedback specificity (concise hints versus
elaborate explanations), and the type of knowledge communicated by feedback (procedural versus conceptual). Feedback specificity refers
to the level of elaborated information provided by a feedback message (e.g., Goodman, Wood, & Chen, 2011). Recently, Serge and his col-
leagues have found that a higher degree of feedback specificity contributes to faster learning (Serge, Priest, Durlach, & Johnson, 2012).
Furthermore, a study by Lin, Atkinson, Christopherson, Joseph, and Harrison (2013) reveals that the degree of feedback specificity matters
particularly if the feedback is provided by an animated agent.

During the last decade the importance of procedural skills and conceptual understanding has been actively debated, especially in the
mathematics education literature (Bokhove & Drijvers, 2012). However, until now, there have not been enough experimental studies
investigating if and how feedback hints or explanations providing procedural or conceptual information influence learners’ post-feedback
behaviour and performance.

1.3. Learner characteristics affecting feedback efficiency

Learners differ from each other in many ways including prior knowledge, meta-cognitive skills, motivational and affective state, or
learning strategies and styles. Thus, there are many individual factors that may influence how feedback is processed by each learner.
Consequently, a variety of individual factors can be used to support the design of personalized feedback strategies and implementation of
AESs which can deliver feedback messages that are tailored to the characteristics of an individual learner or a category of learners.

Traditionally, prior knowledge is considered to be the core factor for adapting instruction to an individual learner (see, for example, the
reviews by Wittwer & Renkl, 2008; Wulfeck, 2009). Accordingly, the learner characteristics, which have been addressed the most by
feedback research, especially in the field of AES, are the learners’ current and/or prior level of knowledge (e.g., Gertner, Conati, & VanLehn,
1998; Hancock, Thurman, & Hubbard, 1995). Research on adapting instruction to the level of knowledge has shown that, in general, learners
with higher levels of knowledge need less guidance and support than learners with lower levels of knowledge (e.g., Tobias, 1989, 1994).
Interestingly, Smits, Boon, Sluijsmans, and Van Gog (2008) found that learners characterized by high levels of prior knowledge were able to
learn more with less elaborate feedback, even though more specific feedback was perceived more positively. Moreover, that study also
showed that for learners with lower levels of prior knowledge, feedback specificity and timing did not affect performance and feedback
perceptions at all (Smits et al., 2008).

Learner motivation comprises another set of characteristics that have a great impact on learning in general. Expectancy-value theories of
learners’ motivation (e.g., Eccles & Wigfield, 2002; Pintrich, 2003) suggest that expectancies or beliefs regarding ones competencies
(hereafter referred to as perceptions of competence), achievement-related value (i.e., attainment value), intrinsic values (i.e., interest,
activity-related enjoyment), and fear of failure are critical motivational learner variables. Some of these variables have been investigated
with regard to their impact on feedback processing and efficiency. Variables that have been investigated so far include expectancies (e.g.,
Narciss & Huth, 2004; Timmers et al., 2012; Tuckman & Sexton, 1992), goal orientation (e.g., Senko & Harackiewicz, 2005), and task-value
beliefs (e.g., Timmers et al., 2012). Altogether, these studies indicate the importance of including several motivational variables into the
research on feedback processing and efficiency.

Research in mathematics education has also identified gender as an important factor influencing students’ performance, strategies, and
activities (Gallagher & Kaufman, 2004). Empirical evidence suggesting that gender does not only matter in classroom contexts, but also
when students use tutoring systems, has been provided by Arroyo and her colleagues (Arroyo, Beck, Beal, Wing, & Woolf, 2001; Arroyo,
Woolf, & Beal, 2006; Arroyo et al., 2012). The findings of their studies using the tutoring systems AnimalWatch, and WayangOutpost
indicate that in general, male K-12 students show more maladaptive behaviours than girls (e.g., gaming the system, skipping, not engaging
seriously into problem solving). Accordingly, the cognitive and affective/motivational benefits of learning with these tutoring systems have
been larger for girls than for boys. Yet, in a recent study taking learners’ level of prior knowledge into account, low achieving students
benefitted more – irrespective of their gender. This indicates that gender differences do not occur consistently, but rather under certain
conditions. Thus, Arroyo concludes that, based on these findings, it is still too early to establish clear principles regarding the issue of how to
tailor feedback content specifically to male and female students (Arroyo et al., 2012).

Some metacognitive skills, such as self-assessment, are also considered to be crucial factors for feedback processing (e.g., Narciss, 2008).
Therefore, a substantial amount of psychological research has focused on the relation between feedback effectiveness and the learner’s
metacognitive state, generally measured by his/her response certitude (e.g., Hancock, Stock, & Kulhavy, 1992; Hancock et al., 1992; Mory,
1991, 2004). Recently, another set of metacognitive skills, such as help-seeking (Roll, Aleven, McLaren, & Koedinger, 2011) and general
feedback processing (Goldin et al., 2012), have received attention by feedback researchers from the Intelligent Tutoring System
community (instead of eliciting response certitude, they relied on educational data mining techniques). Finally, individual learning style has
been considered for feedback adaptation. Even though there has been a lot of controversy and debate about the value of this learner
characteristic (e.g., Akbulut & Cardak, 2012; Cook, 2012; Pashler, McDaniel, Rohrer, & Bjork, 2008; Popescu, 2009; Wulfeck, 2009), several
recent AES papers demonstrate promising results (e.g., Mavroudi, 2012; Parvez & Blank, 2008).

To recapitulate, a variety of learner characteristics might be critical for feedback processing and efficiency. Vandewaetere and colleagues
(2011) classify the individual characteristics which have been addressed by empirical research on the effectiveness of adaptive systems into
three groups of factors: (a) cognitive factors (e.g., knowledge, working memory capacity, intelligence, cognitive style, and goal orientation),
(b) affective factors (e.g., motivation, mood, certainty), and (c) behavioural factors related closely to the cognitive and affective factors (e.g.,
help seeking, self-regulation, or behavioural parameters such as number of tries, exercises worked on etc.). Furthermore, they point to the
necessity of distinguishing between (relatively) stable learner characteristics (e.g., gender, intelligence, learning or cognitive styles), and
learner characteristics that develop over time, and thus may change during learning (e.g., knowledge, skills, motivation, and behaviour).

The latter distinction draws attention to the issues of how relatively stable learner characteristics are linked to dynamic learner char-
acteristics, and may have combined, complementary, and/or compensatory effects on students’ learning, motivation, and behaviour when
they practice with an AES providing tutoring feedback strategies. There are only a few studies addressing these issues by investigating the



S. Narciss et al. / Computers & Education 71 (2014) 56–7660
role of gender for learning with tutoring systems (e.g., Arroyo et al., 2006, 2012). The results of these studies reveal that the interplay
between gender and dynamic learner factors is rather complex and disserves further investigation.

1.4. Purposes and research questions

The overview of prior work indicates that there are still major gaps in feedback literature, particularly in relation to interactions between
(content-related) feedback aspects, and learner characteristics that potentially influence feedback processing and effects (Shute, 2008).
Furthermore, the overview suggests that the focus of prior studies has been on investigating the effects of the few selected variables on
learning outcomes. Modern multidimensional views on feedback strategies indicate, however, that a broader range of individual learner
characteristics and various feedback parameters may influence feedback efficiency.

The purposes of this work are threefold: First, to identify relatively stable learner characteristics that affect learning outcomes, namely
students’ knowledge gain and motivation when practicing fraction tasks with feedback. To address this issue we investigated the relations
between and the impact of specific learner characteristics for which prior research provided partial evidence that they can be relevant for
developing personalized or adaptive feedback strategies, namely gender, knowledge, and several motivational variables (intrinsic value,
attainment value, perceived competence, and fear of failure).

Second, to investigate the impact of identified learner characteristics on how tutoring feedback strategies varying in content (procedural
vs. conceptual) and specificity of feedback messages (concise hints vs. elaborated explanations) affect a student’s learning and motivation.

Third, to explore if and how feedback content and identified learner characteristics influence a student’s post-feedback behaviour. To
address this issue we conducted detailed log-file analyses of an experimental study in which learners were exposed to various tutoring
feedback strategies while working onmulti-trial error correction tasks presented by theweb-based AES ActiveMath (cf. Section 2). The focus
of these log-file analyses is on two distinct features of learners’ problem solving behaviour before and after they were provided with
feedback: first, how often do they skip versus try to solve the task (quantity of input); second, how often do they enter a correct versus
incorrect response (quality of input). We are particularly interested in the amount of post-feedback skipping and solving for the following
reasons: If learners with certain profiles of individual characteristics often skip further correction attempts after receiving a feedback
message, such feedback messages have to be considered ineffective for this category of learners, because they neither help the learners to
find the correct response nor do they succeed in encouraging learners to try again. If these learners make another attempt (correct or not)
after a feedback message, such a message can be considered effective in terms of keeping learners on-task. On the other hand, if a feedback
message results in regular correct responses from a certain category of learners, this means it effectively supports such learners in tran-
sitioning fromnot being able to solve a task to being able to solve it. Thus, we assume that the analyses of post-feedback solving and skipping
behaviour can provide valuable information for developing personalized feedback strategies.

To summarize, this study aims to contribute empirical findings to the following research questions:

1. Which relatively stable learner characteristics are related to learning outcomes when students are provided with various feedback
strategies?

2. Are there differential effects of feedback strategies on students’ knowledge gain from pre- to post-test due to relatively stable learner
variables?

3. Are there differential effects of feedback strategies on changes in students’ motivation due to relatively stable learner variables?
4. Which learner characteristics are related to students’ post-feedback behaviour when they work on solving error correction tasks?
5. Are there differential effects of feedback content and relatively stable learner variables on post-feedback skipping rates?
6. Are there differential effects of feedback content and relatively stable learner variables on post-feedback success rates?

Since there is empirical evidence that gender matters in mathematics education (Gallagher & Kaufman, 2004) and when students learn
with tutoring systems (e.g., Arroyo et al., 2012) we are particularly interested in the role of gender and its interplay with students’ prior
knowledge and motivational characteristics (i.e., perceived competence, intrinsic motivation, attainment value, and fear of failure).

The rest of the paper is structured as follows. Section 2 presents the AES ActiveMath used in our experiment; it especially focuses on the
exercise subsystem of ActiveMath and its features that allow for dynamic composition of feedback strategies. Sections 3–5 describe the
empirical study including its design, the collected data, and the applied statistical methods; special attention is given to the tasks with
typical errors used during the treatment phase of the study. Finally, Section 6 summarizes the results of the experiment and concludes the
paper with a discussion and implications for future work.

2. Problem-solving/exercise environment

In this section we introduce ActiveMath, the Web-based AES which the reported study is based on. It maintains adaptive access to
mathematical learning content, is highly customizable, and offers a broad range of tools for both learners and teachers. ActiveMath allows
learners to work on learning material at their own pace, and provides various degrees of support: from tutoring feedback during problem
solving to personalized course generation as well as adaptive navigation through learning material (for a more detailed description of
ActiveMath features see Melis et al., 2006; Sosnovsky et al., 2013). The architecture of ActiveMath contains all of the traditional components
of intelligent tutoring systems, including the semantic domain model, the overlay learner model, and a set of adaptation modules.

A distinctive feature of ActiveMath is its sophisticated exercise framework. It supports a variety of interaction types and elements.
ActiveMath exercises can consist of one or multiple steps; they can combine various kinds of questions, from single and multiple choice to
mapping and fill-in-blank; they can ask a student to calculate a numeric answer, or derive a formula; exercise feedback can vary frommere
signalling of correct and incorrect attempts to detailed hints and explanations. In addition, ActiveMath features a unique mechanism that
allows to apply different feedback strategies, modifying the runtime behaviour of an exercise. In the described experiment (see Section 3),
this mechanism was used to implement several feedback strategies, altering the sequence and content of feedback messages within every
training exercise depending on the assigned condition.
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2.1. Representation of exercises

Exercises in ActiveMath are represented as finite state machines (FSM) consisting of nodes and transitions between them (Goguadze,
2009). The nodes represent stages of exercise solutions, and can be one of the three following types:

1. Task (or problem statement for the next step);
2. Interaction (soliciting learner’s input);
3. Feedback (providing the system’s reaction to the learner’s input).

The transitions between the nodes define the interaction pattern of the exercise by connecting system-generated stages with correct and
incorrect learners’ inputs. To automatically assess the correctness of user inputs, ActiveMath either relies on its own exercise subsystem, or
connects to external tools such as Computer Algebra Systems (CAS). These tools can be used to evaluate complex mathematical expressions.
Exercises and their individual steps can be associated with the elements of ActiveMath domain models: concepts that the exercise trains or
tests, or misconceptions that the exercise helps to identify. By solving exercises and their steps, learners provide ActiveMath with evidence
of mastering corresponding concepts and/or having corresponding misconceptions.

2.2. Exercise strategies

Each problem statement can be combined with different tutorial strategies in order to produce versions of an exercise with different
interaction patterns. These strategies can vary in terms of feedback type (e.g., hint vs. explanation), feedback timing (delayed vs. immediate),
feedback initiative (solicited by the learner vs. unsolicited help generated by the system), number of attempts allowed per step, etc.
ActiveMath provides means for the automatic enrichment of exercise representations with different tutorial strategies that change the
exercise behaviour depending on the current state of the learner model, or on other required parameters.

Consider the following example: Fig. 1 visualizes two simple tutorial strategies defining different interaction paths for the same exercise.
The initial task nodes of both exercise graphs ask a learner to compute the sum of two fractions: 1/2 þ 1/3. In terms of assessment, both
versions of the exercise process the learner’s responses in a similar way:

1. A learner can provide the final correct solution right away: 1/2 þ 1/3 ¼ 5/6.
2. A learner can find the common denominator of the fractions and then compute the solution: 1/2 þ 1/3 ¼ 3/6 þ 2/6 ¼ 5/6.
3. Any other response (on either of the two steps) is recognized as a mistake.

However, if the learner submits an incorrect response, the reaction of the exercise differs depending on the applied strategy. In Fig. 1, the
version on the left simply provides knowledge of result (KR) by signalling that the answer is incorrect, while the version on the right il-
lustrates an answer-until-correct strategy, which provides KR and asks the learner to attempt the step again and again until the correct
answer is given.

From a technical perspective, a tutorial strategy is a script-based transformation of one exercise automaton into another exercise au-
tomaton, which expresses the tutorial decisions required to achieve the instructional goals of the strategy.

2.3. Structured Templates for Exercise Progressive Solutions

In the domain of fraction arithmetic (as in many other domains), only the most trivial exercises can be solved in one step. Typically,
learners are required to apply a series of operations in order to solve a fraction exercise. Moreover, there can be several paths leading to the
Fig. 1. Two simple exercise strategies.



Fig. 2. Screenshot of fraction task with the STEPS-Interface (translated to English).
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final answer of an exercise. Predicting the best granularity of the solution path, as well as accounting for all the possible paths, is challenging
and often impractical – the exercise graph would explode. Yet, providing the learners with an opportunity to work with exercises in a
progressive manner, approaching the solution step-by-step, is instructionally effective.

We have developed, evaluated, and iteratively improved a special interface allowing students to design their own solution paths based on
a predefined set of operations (Andrès, 2012; Eichelmann, Narciss, Schnaubert, Melis, & Goguadze, 2011, Eichelmann, Andrès, Schnaubert,
Narciss, & Sosnovsky, 2012).We call this interface Structured Templates for Exercise Progressive Solutions (STEPS). Fig. 2 presents an example of
using the STEPS interface for computing a sum of two fractionswith unlike denominators.1When the exercise starts, the learner is presented
with a single input field that is used to supply the final solution. On top of it, an interactive element allows for manipulation of intermediate
steps. It consists of a drop-downmenu, which the learner can use to specify the intention of the step. Its entries consist of operations that are
relevant to fraction-addition problems: expand, reduce, find prime factors, find common denominator, compute inverse, transform, add,
subtract, multiply, divide, find least common multiple, find greatest common divisor. When an operation is selected, a corresponding
template is inserted into the next line which provides learners with answer fields for the respective operation. For instance, if learners
choose to expand a fraction, they will be presented with the template “☐ expanded with ☐ is ☐”. This approach decouples learners’ in-
tentions (e.g., expanding a fraction), from the actual execution (computing the expansion), and eliminates the need to guess what learners
are trying to achieve. Learners may insert as many steps as needed; they can delete steps, modify previous steps, and add new steps at any
place in the solution path. The interaction ends once the learner submits the final answer.
3. Methods

This study is based on data from the interdisciplinary project, “Adaptive Tutoring Feedback” (AtuF), which is conducted by the Psy-
chology of Learning and Instruction Research Group of the Technische Universität Dresden, and the Centre for e-learning Technology of the
German Center of Artificial Intelligence. The following descriptions are limited to the part of the evaluation study that addresses the effects
of feedback content and individual learner characteristics on achievement, motivation, and post-feedback behaviour of learners who solve
fraction addition tasks with the ActiveMath environment described in Section 2.
3.1. Participants and design

This study was conducted with 186 sixth and seventh graders who were recruited by advertisements placed in schools, sports centres,
and museums, as well as in a local newspaper in a large German city. The participants were between 10 and 14 years old (mean age¼ 12.01;
SD .76), and were rewarded with 10 Euros for participation. The sixth graders had completed at least the basic level units of the school
fraction curriculum (e.g., basic fraction concepts, ordering fractions, adding and subtracting fractions with common and unlike de-
nominators); the seventh graders had completed the second level units (e.g., computations with all kinds of fractions, multiplication and
division of fractions, etc.).

The study used a pre-test/treatment/post-test design. During the treatment phase, the participants were provided with three sets of 10
multi-trial fractions tasks. Each task was designed to contain a typical fraction error; we will refer to them hereafter as tasks with typical
errors (TWTEs). For each of the TWTEs learners were asked to detect and correct the error. All learners received confirmatory or corrective
feedback indicating the correct location of the error. The feedback that learners received with respect to their error correction step varied
according to five different feedback strategies (four tutoring strategies and one control strategy).

Each of the four tutoring feedback strategies provides: (a) knowledge of result and a hint after the first failed correction attempt, (b)
knowledge of result and an explanation after the second failed correction attempt, and (c) knowledge of the correct response in form of a
worked-out example after the third failed correction attempt. The feedback content of the tutoring hints and explanations address either
1 The experiment described in this paper was conducted with German schoolchildren. Therefore, the language of the system interface as well as the language of all learning
tasks and feedback messages was German. Figs. 2, 4 and 5 present English translations of original system screenshots.



Fig. 3. Study workflow.
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procedural or conceptual knowledge necessary to correct the typical error (see Section 3.4 for further details). The tutoring feedback
strategies combine procedural and conceptual hints and explanations, which lead to the following four strategies:

� Conceptual hint – conceptual explanation – worked-out example (CH-CE-WE).
� Conceptual hint – procedural explanation – worked-out example (CH-PE-WE).
� Procedural hint – conceptual explanation – worked-out example (PH-CE-WE).
� Procedural hint – procedural explanation – worked-out example (PH-PE-WE).

Learners were either randomly assigned to one of the tutoring feedback conditions, or to the control condition. In the control condition
learners received knowledge of result after the first correction attempt, and knowledge of the correct response in the form of a worked-out
example after the second attempt:

� Knowledge-of-result – worked-out example (KR-WE).

It is important to emphasize that knowledge-of-result feedback was part of every hint and explanation.

3.2. Procedure

Participants worked on laptop computers connected to the Internet. All tests, questionnaires, and learning tasks were administered using
the ActiveMath system. Instructions were given in written form, explained by trained experimenters, and supported by a projector pre-
sentation. The experiment consisted of six phases: pre-Questionnaire, familiarization, pre-test, learning phase, post-test, and post-
questionnaire; Fig. 3 illustrates this workflow in detail. After the experimenters provided a short explanation about the purpose of the
AtuF project, participants were asked to fill in the pre-questionnaire, which addressed demographic and motivational measures. Then,
participants were given several trial exercises to help familiarize them with the STEPS-interface and the overall exercise environment of
Fig. 4. Screenshot of a TWTE error-detection step (translated to English).
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ActiveMath. Next, participants took a 15-min pre-test assessing their prior knowledge concerning fractions. After a short break of
approximately 10 min, the participants worked on TWTEs for 45 min. During this phase, the participants were free to work at their own
pace, and were provided with three sets of 10 TWTEs addressing various fraction competencies (i.e., represent fractions in various formats;
add fractions with common denominators, order fractions, expand fractions, and add fractions with unlike denominators). Furthermore, the
participants were supported by different feedback strategies, which they were randomly assigned to in the beginning of the experiment.
After another 10-min break, the learners took a 15-min post-test, similar to the pre-test, and again, filled in a motivational questionnaire.

3.3. Learning tasks: tasks with typical errors

The TWTEs provided in the treatment phase are multi-trial exercises presenting step-by-step solutions to fraction problems that contain
typical errors in the domain. These TWTEswere developed and evaluated on the basis of psychological and empirical task and error analyses
(Eichelmann, Narciss, Faulhaber, &Melis, 2008, Melis, Faulhaber, & Eichelmann, 2008; Eichelmann, Narciss, Schnaubert, & Melis, 2012). Each
TWTE consists of two distinct subtasks: An error-detection subtask inmultiple-choice response format (i.e. learnersmark the location of the
error, cf. Fig. 4), and an error-correction subtask. The error-correction subtask had to be completed by using a restricted version of the STEPS
interface. Participants had to choose the desired action from a drop-down menu (e.g., “expand” or “add”), and had to execute that action
accordingly (cf. Fig. 5).

Participants had one trial to detect the error and up to three trials to correct it. Additionally, they were required to indicate their response
confidence for error detection and the first trial of error correction. If participants failed to correct the error, they received tutoring feedback
and were asked to try again. After the third (or a successful) trial, participants received a worked-out solution to the problem and moved on
to the next task.

3.4. Feedback content and strategies for the error-correction subtask

For each of the addressed task requirements in the error-correction subtask of the learning exercises, procedural and conceptual tutoring
feedback hints and explanations were developed on the basis of cognitive task- and error-analyses (Eichelmann et al., 2012).

� Procedural hints and explanations focused on the arithmetic operations that had to be used for solving a target exercise. The procedural
hints were developed based on fundamental rules of fraction learning. While these hints merely pointed out the appropriate strategy to
use, or mentioned one key aspect of the arithmetic operation (e.g., “When expanding a fraction, one alters the numerator and the
denominator equally.”), explanations elaborated the hint information with more details about how to put this procedure into practice
this procedure (e.g., “When expanding a fraction, one alters the numerator and denominator equally. To do this, multiply the numerator
and denominator by the same number.”).

� Conceptual hints and explanations focused on the conceptual knowledge important for solving the target exercise. The conceptual hints
and explanations were developed based on definitions of key concepts and core theorems in the domain of fractions. While the con-
ceptual hints provided some information about the concepts addressed in the problem at hand (e.g., “When expanding a fraction, its
value must not change.”), the explanations also contained the hint, but either provided additional information about the concepts that
had to be applied in order to solve the task, or explained how a concept was relevant to the problem at hand (e.g., “When expanding a
fraction, its value must not change. While expanding, the denominator increases, that means the partitioning becomes more fine-
grained. But since the value of the whole fraction does not change, the numerator has to be altered in the same way.”).
Fig. 5. Screenshot of a TWTE error-correction step (translated to English).
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The tutoring feedback strategies for the error-correction tasks combine the procedural and conceptual hints as well as explanations, and
present them to learners with a three-trial feedback strategy. If a learner succeeds in correcting an error, the system presents a confirmatory
positive knowledge-of-result feedback message (e.g., “Well done”), followed by the presentation of a worked-out solution to the problem
(knowledge-of-correct-result, KCR). The learner is then directed to the next task. If the first error-correction attempt is failed, the system
provides negative knowledge-of-result feedback (e.g., “your response is not correct”), along with a tutoring hint, which contains either
procedural or conceptual information depending on the feedback strategy, and prompts the learner to try again. If the second error-
correction attempt is incorrect, the system provides negative knowledge-of-result feedback (KR-), and a tutoring explanation (proce-
dural or conceptual), and prompts the student to try again. After the third failed error-correction attempt, the system provides KR- and KCR
in the form of a worked-out solution, concludes the interaction, and directs the learner to the next exercise.

Learners in the control condition did not receive tutoring feedback and were only allowed one trial to correct the error, which was
followed by KR as well as KCR in form of a worked-out solution.

Such a design, based on the three-trial tutoring feedback strategy with a stepwise increase of feedback specificity, has been chosen,
because (a) several reviews and syntheses of feedback research recommend it (e.g., Narciss, 2008; 2012b; Hattie & Gan, 2011; Shute, 2008),
and (b) it allows investigating how learners’ post-feedback behaviour in each step relates to learner, task, and feedback characteristics.

The systematic between-subjects variation of the knowledge type addressed by feedback content (procedural vs. conceptual) was
included in order to contribute empirical findings to the controversial debate on beneficial vs. detrimental effects of providing learners with
procedural hints or explanations. Since some mathematics education researchers recommend providing learners with both, procedural and
conceptual explanations (Bokhove & Drijvers, 2012), we included also the two tutoring feedback strategies that combine procedural and
conceptual feedback messages.

3.5. Measures

3.5.1. Demographics
Demographic variables (e.g., gender, age, and school background) were assessed by the demographic questionnaire in the beginning of

the study.

3.5.2. Motivation
Learners’ motivation was assessed via the Expectancy-value-Form of domain-specific Learning Motivation (EWF-LM). The EWF-LM

was developed on the basis of an integrative expectancy-value model of motivation (Narciss, 2006), which is rooted in Heckhausen’s
cognitive expectancy-value model of motivation (Heckhausen, 1989), Eccles’s and Wiegfield’s social-cognitive expectancy-value model
(Eccles & Wigfield, 2002), and Pintrich’s framework for motivation in education (Pintrich, 2003). Following the integrative expectancy-
value model, the EWF-LM consists of four scales: intrinsic value (eight items; e.g., “I enjoy solving fraction exercises”); attainment
value and perceived competence (six items; e.g., “Fraction tasks offer me an exciting occasion to demonstrate my abilities”, “I am good
at solving fraction tasks”); and fear of failure (three items; e.g., “I am worried about mistakes, even if nobody would see them”) in
relation to fraction tasks. Participants responded to the EWF-LM items on a 6-point rating scale (0 ¼ “Not true at all for me”;
6 ¼ “Completely true for me”). The development and iterative improvement of these scales was carried out in several phases. Former
versions of the EWF-LM have been used in prior studies in other domains, e.g. subtraction tasks (Narciss & Huth, 2006) and scientific
writing (Proske, Narciss, & McNamara, 2012). The EWF-LM was evaluated with a sample of 210 sixth and seventh graders. The
psychometric values of the items and scales were satisfactory. Cronbach’s alpha for the scales ranged from .79 to .89 (Puta,
Schnaubert, & Narciss, 2013).

3.5.3. Fraction performance
To assess participants’ levels of performance in the domain of adding fractions, we designed two parallel versions of a fraction test

consisting of 24 items addressing five relevant task requirements: adding fractions with common denominators, adding fractions with
unlike denominators, expanding fractions, representing fractions (e.g., transform a fraction visualized as a figure into a numerical form), and
ordering fractions according to their size. The item difficulty of these types of items ranged between .11 and .89, as revealed by a pilot study
conducted with sixth and seventh graders. Learners received up to four sets of exercises, depending on their working speed. All of these sets
contained respectively one exercise for each task requirement presented in the following order:

1. Add two fractions with a common denominator.
2. Add two fractions with unlike denominators.
3. Expand a fraction with a given number.
4. Represent a fraction.
5. Order fractions according to size.

Participants were given 15min to respond to the test items at their own pace using the STEPS-interface. Students were asked to complete
as many exercises as they could within the 15 min. No feedback was provided. The number of correctly solved exercises was used as an
indicator of the learners’ performance on fraction arithmetic tasks.
3.6. Immediate behavioural reactions to task and feedback

To analyse the learners’ behaviour within the multi-trial learning tasks, we differentiated between system-provided trials (¼ steps) and
the learners’ reaction (¼behaviour). The error-correction subtask was implemented as a multi-trial procedure supported by tutoring
feedback in order to focus on the specific learner behaviour within each step:
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1. The initial step following the presentation of the error-correction subtask, which included information (KR, KCR) about the error-
detection subtask (cf. Fig. 4);

2. the second step following the tutoring hint (cf. Fig. 5);
3. the third step following the tutoring explanation.

For each of the three stepswe analysed two characteristics of the learners’ inputs: (1) the quality of input (i.e., the correctness of the input
with regard to the task requirements), and (2) the quantity of input (i.e., presence/absence of input).

3.6.1. Solving: quality of input
The system automatically classified the learners’ input as correct or incorrect. A correct solutionwas defined as “any step that might have

been helpful in solving the task andwas executed correctly”. For example, if the student was asked to correct a common denominator within
a task of “adding fractions with unlike denominators”, the student was able to approach the task in several ways: do a prime-factorization of
the denominators to find a common denominator, state a correct common denominator, convert any of the two fractions to the correct
denominator, or add previously converted fractions – under the condition that the student initially converted the fractions correctly. The
key-question for the binary variable concerning the quality of input was: did the student provide a correct solution with regard to the task
requirements or not?

3.6.2. Skipping: quantity of input
If a student submitted blank input fields, the behaviour was defined as a skip. If a learner provided any type of input, the behaviour was

defined as a non-skip, regardless of elaboration and/or correctness of the input. For instance, it was not counted as a skip if learners chose
which operation to apply (e.g., expand a fraction), even if they did not enter anything in the STEPS template associated with this operation.
Only if a student did not provide the system with any information (ergo, if the “Submit”-button was clicked without using the STEPS
interface), the behaviour was regarded as a skip. The key question for this binary variable was: did the student provide any possible solution
to the problem at hand, or not?

If a student produced a continuous sequence of skips, only the first skip was included in further analysis. In other words, consecutively
skipping all three trials did not contribute to increasing skipping counts for trials 2 and 3. We interpret the occurrence of skipping as a
transition from trying, to giving-up. If a student made the decision to start skipping and did not change this decision throughout the
following trials (either consciously, or unconsciously, without even looking at feedback messages), it would not make sense to associate
repetitive skipping with the effect of more elaborate feedback.

4. Data sample and analyses

When working on TWTEs, learners were allowed to work at their own pace, and to attempt as many tasks as possible within the 45-
treatment session. We filtered out the data logs of participants who worked too slowly to even complete the first TWTE set. We also
excluded several incomplete logs (data was missing due to system failures). The reduced sample consists of data from 124 participants (57
females, 67 males) distributed per condition as follows:

� CH-CE-WE: 23 total ¼ 12 male þ 11 female;
� CH-PE-WE: 26 total ¼ 11 male þ 15 female;
� PH-CE-WE: 27 total ¼ 14 male þ 13 female;
� PH-PE-WE: 25 total ¼ 14 male þ 11 female;
� KR-WE: 23 total ¼ 16 male þ 7 female.

To ensure that the results that were derived from this reduced sample would also hold for the complete sample, first, we conducted a
preliminary analysis with the complete sample (except for the analyses of post-feedback behaviour), and then, repeated it with the reduced
sample. The patterns of findings for these samples were consistent. Thus, hereafter we will only report the analyses and results for the
reduced sample.

When analysing the post-feedback behaviour, we excluded the data sets of the control group because the participants of this group were
not provided with tutoring feedback components (N ¼ 101). Furthermore, we excluded the logs for the two TWTEs that required the
ordering of fractions because the implementation of these tasks did not follow the same algorithm as the implementation of the eight other
tasks (i.e. instead of separate error-detection and error-correction tasks, learners were asked to identify a correct procedure and execute it in
one single step). Consequently, the analyses of post-feedback behaviour were conducted with the total of 808 task completions. The
resulting task sample was balanced according to task-requirements.

For each of the 808 task completions, we obtained the behavioural data for the initial step, because every learner had to answer the error-
correction subtask at least once. However, for the second and third steps (following the hint and the explanation), the data samples were
smaller, as some learners were able to solve the tasks without feedback and some gave up on the task in the first step. The final dataset
included 808 task completions for the initial step, 310 for the second step (808–478 solve Step 1–20 skip Step 1), and 165 for the third step
(310–58 solve Step 2–87 skip Step 2). Fig. 6 visualizes this dataset.

5. Results

This work examines the extent to which learner characteristics and feedback content impact learners’ improvement of performance
when practicing fraction arithmetic with TWTEs and various feedback strategies. Second, it explores whether learner characteristics and
feedback content influence learners’ post-feedback behaviour, particularly their skipping behaviour and their error-correction achievement
after they had received feedback. To this end, we assessed cognitive as well as several motivational learner variables prior to, as well as



Fig. 6. Graph representing student behaviour.
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following learners’ work on fraction-TWTEs with various feedback strategies (Table 2 offers an overview of the means and standard de-
viations of these variables).
5.1. Learner characteristics and their relations to performance

To explore learner characteristics and their relations to performance, we conducted a correlation analysis with the achievement mea-
sures (i.e., pre- and post-test performance, learners’ engagement with TWTEs in the treatment phase, and the number of correctly solved
TWTEs), and the selected motivational variables (see Table 1). This analysis revealed that all learner characteristics assessed in the pre-test
had significantly positive correlations with their respective post-test variables (r ranges between .63 and .71). The correlation for pre- and
post-test performance was .63; pre- and post-measures of perceived competence correlated with r¼ .63; attainment values correlated with
.67; intrinsic values with .71, and the fear-of-failure measures – with .70.

Furthermore, several motivational measures correlated with the pre- and/or post-test performance measures, and the achievement
measures of the treatment: both perceived competencemeasures have significantly positive correlations with the performance measures of
pre- and post-test, and the treatment measures (r range between .21 and .52). The intrinsic value measures correlated significantly posi-
tively with the number of TWTEs that were solved correctly in the treatment phase (rpre ¼ .17; rpost ¼ .28). The same pattern emerged with
regard to the pre-assessed attainment value (r ¼ .18). The pre-assessed fear-of-failure measure had significant negative correlations with
pre-test performance (r ¼ �.21), and the number of TWTEs that were solved correctly in the treatment phase (r ¼ �.23).

None of the motivational variables were significantly correlated to the learning gain measures (r < .10). However, gender was signifi-
cantly correlated with the learning gain measures (Spearman’s rho ¼ �.27, and �.31; p < .001). This result indicates that boys achieved a
Table 1
Means, standard deviations and correlations among achievement and motivational variables (N ¼ 124).

Performance Learning gain TWTE Intrinsic value Attainment
value

Perceived
competence

Fear of failure

Pre Post Relative Absolute Engage Correct Pre Post Pre Post Pre Post Pre Post

Mean 8.12 11.59 .28 3.47 19.38 10.94 53.95 59.41 56.05 53.23 59.33 49.66 35.52 38.08
SD 3.33 3.57 .27 2.99 6.12 7.55 22.99 22.88 22.27 20.58 23.81 22.59 26.26 29.61

Performancea Post .63** –

Learning gaina Relative �.10 .68** –

Absolute �.37** .50** .93** –

TWTEa Engage .24** .32** .17 .11 –

TWTEa Correct .26** .32** .13 .09 .60** –

Intrinsic valuea Pre .04 .16 .14 .14 .12 .17# –

Post .03 .12 .09 .12 .15 .28** .71** –

Attainment valuea Pre .11 .10 �.01 �.00 .10 .18* .72** .62** –

Post .09 .02 �.09 �.08 .06 .14 .48** .55** .67** –

Perceived competencea Pre .22* .24** .06 .03 .25** .29** .76** .54** .72** .51** –

Post .12 .21* .11 .11 .32** .52** .55** .63** .54** .46** .63** –

Fear of failurea Pre �.21* �.14 �.02 .07 �.14 �.18 �.24** �.25** �.23** �.05 �.35** �.26** –

Post �.20* �.16# �.05 .03 �.10 �.23* �.23** �.29** �.30** �.10 �.33** �.32** .70** –

Genderb .07 �.14 �.27** �.31** .06 �.02 .10 .16 .18* .10 .27** .14 �.16 �.07

**p < .01; *p < .05; #p < .10.
a Pearson’s correlation coefficient.
b Spearman’s Rho coefficient.



Table 2
Means and standard deviations for achievement and motivational variables by feedback strategy and gender.

Feedback strategy

KR-WE CH-CE-WE CH-PE-WE PH-CE-WE PH-PE-WE

Mean SD Mean SD Mean SD Mean SD Mean SD

Achievement
Performance Pre Female 6.57 3.31 8.64 4.20 6.64

2.29
8.79 2.94 7.79 3.68

Male 9.24 3.15 9.09 3.14 7.60
3.33

8.31 4.11 7.45 2.70

Post Female 11.00 2.89 13.36 4.48 11.73
2.10

11.86 3.30 12.64 4.14

Male 11.94 3.65 12.64 3.64 10.20
3.45

10.08 2.72 10.45 4.11

Learning gain Absolute Female 4.43 2.76 4.73 3.17 5.09
1.38

3.07 2.79 4.86 3.23

Male 2.71 2.82 3.55 3.01 2.60
2.16

1.77 3.19 3.00 3.85

TWTE Engage Female 21.00 5.60 19.00 5.48 16.18
3.97

19.07 7.84 20.79 7.23

Male 23.35 5.54 20.55 5.61 16.07
5.24

19.62 4.89 17.45 6.01

TWTE Correct Female 8.14 6.91 11.42 8.45 8.73
4.41

13.71 8.94 12.36 9.97

Male 10.59 8.56 9.45 5.47 8.73
6.30

13.31 7.73 11.36 5.63

Motivation
Intrinsic value Pre Female 45.71 26.08 58.61 23.63 61.52 23.96 46.43 20.77 46.67 17.54

Male 52.55 21.91 59.70 25.67 55.33 27.37 60.26 16.41 52.42 28.48
Post Female 45.71 15.48 64.72 25.16 65.15 21.15 54.29 19.89 52.14 17.57

Male 63.53 18.43 56.36 31.21 58.44 29.49 68.97 16.96 59.09 27.08
Attainment value Pre Female 45.71 24.77 59.44 25.02 57.58 19.61 49.52 22.45 48.57 19.11

Male 54.90 18.93 61.82 25.14 56.89 26.29 56.92 17.77 69.09 23.90
Post Female 40.00 20.73 60.00 19.90 55.76 24.27 54.76 16.57 43.33 18.81

Male 50.59 15.29 58.18 16.89 54.22 23.21 57.95 20.80 54.55 28.72
Perceived competence Pre Female 44.57 24.49 59.67 23.04 52.00 28.73 49.71 25.04 55.14 18.31

Male 64.71 27.32 68.36 16.92 59.47 26.05 69.85 17.41 63.27 23.45
Post Female 31.43 17.50 57.67 27.63 50.55 17.46 45.14 24.07 46.86 17.36

Male 50.82 23.95 45.82 25.07 51.20 26.63 55.38 18.75 54.18 21.42
Fear of failure Pre Female 41.43 31.32 44.17 32.32 41.82 19.40 39.29 21.29 34.29 30.56

Male 33.53 25.23 25.45 28.06 31.33 25.88 31.54 26.72 36.36 26.18
Post Female 51.43 23.40 41.67 32.15 46.36 33.25 32.14 25.77 35.71 33.45

Male 39.41 26.80 25.45 34.75 45.33 32.70 33.85 27.25 33.64 25.80
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lower learning gain than girls. We also found significant positive correlations between gender and pre-assessed perceived competence
(Spearman’s rho ¼ .27, p < .01), and gender and pre-assessed attainment value (Spearman’s rho ¼ .18, p < .05). The respective correlations
after the treatment were not statistically significant (Spearman’s rho r < .14).

Given the latter finding, we provide the overview of means and standard deviation of all assessed variables separately for boys and girls
(Table 2).

We also ran gender-specific correlation analyses in order to further explore the interrelations between achievement and motivational
variables. Fig. 7 provides an overview of the significant correlations we found through these analyses.

Boys’ and girls’ correlation patterns share the following features. The number of correctly solved TWTEs in the treatment phase is
significantly positively correlated to the performance and perceived competence measures of pre- and post-test. The higher participants
scored on the pre-assessed performance and perceived competence measures, the more TWTEs they were able to solve correctly, and the
higher they scored on the respective post test measures. Furthermore, the number of correctly solved TWTEs significantly positively
correlated to intrinsic value after the treatment phase.
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Fig. 7. Overview of significant correlations between pre- and post-assessed learner variables and treatment measures (red-italicized ¼ female (n ¼ 57); blue-non-italicized ¼ boys
(n ¼ 67), black ¼ both). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)



Fig. 8. Performance in pre- and post-test by gender and feedback strategy (N ¼ 124) KR ¼ knowledge of result; ConcHint ¼ conceptual hint; ConcExplain ¼ conceptual explanation;
ProcHint ¼ procedural hint; ProcExplain ¼ procedural explanation, WE ¼ worked-out example with correct solution.
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For girls, we found significant negative correlations between pre-assessed fear of failure and the treatment measures. The higher their
fear of failure, the less they engage in TWTEs, and the less successful they are in solving them correctly. Moreover, we found a significant
positive correlation between the perceived competence measures for girls, but not for boys.
5.2. Feedback strategies, gender and knowledge gain

Our analyses so far have revealed that gender, which is a stable learner characteristic, relates to outcome variables. To investigate
whether there are differential gender-based effects of the experimental feedback strategies on the knowledge gain from pre- to post-test,
we ran a repeated-measures analyses of variance (ANOVA) with the between factors gender (2) and feedback strategy (5), and the within
measure achievement in pre- and post-test. This ANOVA revealed a significant main effect of the within-factor, Wilk’s Lambda ¼ .39; F(1/
114) ¼ 179.41; p < .001; partial eta3 ¼ .61. Moreover, the ANOVA yielded a significant interaction between the within-factor and gender,
Wilk’s Lambda ¼ .92; F(1/114) ¼ 10.25; p ¼ .002; eta2 ¼ .08. No other main effects or interactions were significant. Fig. 8 illustrates that
under all feedback conditions, boys and girls achieved higher levels of performance in the post-test. Furthermore, it reveals that the average
increase in performance from pre- to post-test is higher for girls than for boys even though there were no significant differences of the pre-
test performance.

Follow-up analyses revealed that under all tutoring feedback conditions girls had a higher knowledge gain than boys F(1/99) ¼ 4.699,
p ¼ .03, partial eta2 ¼ .05, while under the control condition the boys had a slightly higher, yet not significantly higher knowledge gain, F(1/
23)¼ 1.87, p¼ .19, partial eta2¼ .08. Significant differences in learning gain of girls and boys occurredwith the feedback-strategy providing a
conceptual-hint, then a procedural explanation F(1/25) ¼ 11.18, p ¼ .003, partial eta2 ¼ .32.
5.3. Feedback strategies, gender, and motivational changes

Given the observed gender-specific correlation patterns, we also ran a repeated-measures multivariate analysis of variance (MANOVA)
with the between factors gender (2), and feedback strategy (5), and the repeated measures intrinsic value, attainment value, perceived
competence, and fear of failure. This MANOVA revealed a multivariate main effect of the within factor indicating that there are significant
changes in motivation from the pre- to the post-test, Wilk’s Lambda ¼ .61; F(4/112) ¼ 17.81; p < .000; partial eta2 ¼ .39.

Univariate follow-up ANOVAS showed the following effects for perceived competence: a significant main effect of the within factor F(1/
115) ¼ 8.40; p ¼ .004, as well as of the between factor gender, F(1/115) ¼ 5.58; p < .02; partial eta2 ¼ .05. In addition, we observed a
significant interaction between the within factor and gender, F(4/115) ¼ 4.47; p ¼ .04; partial eta2 ¼ .04. Learners’ perceived competence
decreased frompre- to post-test, yet, the decline of perceived competencewas significantly larger for boys than for girls. In the pre-test, boys
rated their competence significantly higher than girls across all experimental conditions. In the post-test, this was still the case under the
three conditions, KR-WE, CH-PE-WE, PH-CE-WE, and PH-PE-WE, even though boys’ perceived competence decreased significantly more
than girls’ perceived competence (see Fig. 9). Under the CH-CE-WE condition, boys’ perceived competence decreased the most, while girls
perceived competence remained almost at the same level. A post-hoc contrast analysis shows that this interaction is statistically significant,
F(1/21) ¼ 12.54; p ¼ .002; partial eta2 ¼ .37.

The follow-up ANOVAs further revealed that the increase in intrinsic value from pre- to post-test is statistically significant, F(1/
115) ¼ 28.35; p < .001; partial eta2 ¼ .20.
5.4. Feedback strategies, gender, and practice behaviour

To examine if learners’ behaviour when practicing with TWTEs differs depending on (a) the feedback strategies they worked with, and
(b) their gender, we ran two analyses of covariance (ANCOVA) with the between factors feedback strategy (5) and gender (2), and the
covariate pre-test performance for the dependent variables number of TWTEs engaged in and number of correctly solved TWTEs.



Fig. 9. Perceived competence by feedback strategy and gender (N ¼ 124) KR ¼ knowledge of result; ConcHint ¼ conceptual hint; ConcExplain ¼ conceptual explanation;
ProcHint ¼ procedural hint; ProcExplain ¼ procedural explanation, WE ¼ worked-out example with correct solution.
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The ANCOVA for the number of TWTEs that learners engaged in revealed a significant main effect of the factor feedback strategy,
F(4/113) ¼ 2.75; p ¼ .03; partial eta2 ¼ .09. Furthermore, it revealed a significant effect of the covariate pre-test performance F(1/
113) ¼ 4.95; p ¼ .03; partial eta2 ¼ .04. The effect of gender, and the interaction between the between-factors was not statistically
significant (F < .07). Hence, with regard to task engagement, female and male learners behaved similarly during practice. Under the
conceptual-procedural feedback strategy, they engaged in fewer tasks than under all other feedback strategies (see Table 2 for
means and SDs).

The ANCOVA for the number of correctly solved TWTEs provided neither significant main effects of the between factors gender and
feedback strategy (F < 1.4), nor a significant interaction between these factors (F < .18). However, the effect of the covariate pre-test per-
formance was statistically significant F(1/113) ¼ 6.99; p ¼ .009; partial eta2 ¼ .06. These findings reveal that learners’ prior levels of
knowledge influence their performance during practice, while gender and feedback do not.

5.5. Learner characteristics and student’s post-feedback behaviour

To explore the impact of learners’ characteristics on their post-feedback behaviour, we conducted detailed log-file analyses for the data
sets of those participants who hadworked on at least the complete first block of TWTE in the treatment phase. Asmentioned above, the data
sets of learners who worked too slowly to complete the first set of TWTEs, or whose log-files contained missing data due to system failures
were excluded from these analyses. Since we were particularly interested in student behaviour after procedural and conceptual hints and
explanations, we did not include the data of participants who received the KR-WE strategy. Consequently, the data set for this analysis
included only logs of 50 male and 51 female participants.

5.5.1. Learner characteristics vs. post-feedback skipping rate
To explore if and how learner characteristics (gender, motivational variables, prior knowledge, etc.) relate to learners’ post-feedback

behaviour, we computed Spearman’s correlation coefficient between the learner characteristics and behavioural variables.
Fig. 10 summarizes the results of the correlation analysis for the skipping rates after hints and explanations. It reveals that, for girls, pre-

assessed fear-of-failure measures correlated marginally significantly with the skipping rate after explanations. All other pre-assessed
learner characteristics did not correlate significantly with skipping behaviour. However, there are several significant correlations be-
tween skipping and post-treatment motivational learner characteristics: Most importantly, for boys and girls, a higher skipping rate after
hints were significantly correlated to lower ratings of intrinsic value and perceived competence. A significant negative correlation between
the skipping rate after explanations and perceived competence was also found for both boys and girls. For girls, we also found significant
correlations between skipping after explanations and fear of failure, as well as intrinsic motivation.
Fig. 10. Overview of significant correlations between pre- and post-assessed learner variables and post-feedback skipping rate (red-italicized ¼ female (n ¼ 57); blue-non-
italicized ¼ boys (n ¼ 67), black ¼ both. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 11. Overview of significant correlations between pre- and post-assessed learner variables and post-feedback success-rate in correcting errors without tutoring feedback (step
1), after hints (step 2), and after explanations (step 3) (red-italicized ¼ female (n ¼ 57); blue-non-italicized ¼ boys (n ¼ 67), black ¼ both). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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5.5.2. Learner characteristics vs. post-feedback success rate
A correlation analysis with regard to the post-feedback success rate in error correction and the pre-assessed learner variables revealed

significant correlations for the girls only. The success rate of the first error-correction step was significantly correlated with all the pre-
assessed motivational variables. Most of the motivational variables assessed after the treatment were also significantly correlated to the
success-rate of the first step, but here for boys and girls similarly (see Fig. 11).

5.5.3. Feedback content and learner characteristics vs. skipping and success rate
To explore if feedback content has a gender-specific effect on learners’ post-feedback behaviour, we ran univariate analyses of variance

(ANOVA) with the between factors gender (2), and feedback content (2) for the following behavioural variables, which were obtained
through the log-file analyses:

� Skipping rate after hints (the number of skips after hints divided by the number of occasions for skipping).
� Skipping rate after explanations (the number of skips after explanations divided by the number of occasions for skipping).
� Success rate after hints (the number of successful error corrections after hints divided by the number of occasions for error corrections).
� Success rate after explanations (the number of successful error corrections after explanations divided by the number of occasions for
error corrections).

The ANOVA for the skipping rate after hints showed no significant main effects of feedback content and gender (F < .24). The interaction
between feedback content and gender did not reach the significance level of .05; F(1/95) ¼ 3.16; p < .08; partial eta2 ¼ .03. Boys tended to
skip more often after a conceptual hint than after a procedural hint; while, for girls, feedback content did not affect skipping behaviour at
this step.

However, the ANOVA for the skipping rate after explanations revealed a significant effect of feedback content: F(1/85) ¼ 3.8; p ¼ .05;
partial eta2 ¼ .04. The skipping rate after conceptual explanations was higher than after procedural explanations. Fig. 12 illustrates these
findings.

The ANOVAs for success rates after hints and explanations did not provide any significant main effects or interactions (all F < .1). Fig. 13
shows that the mean success-rate after a feedback hint ranged between .27 and .19, while the success-rate after an explanation varied
between .02 and .08. Note that the explanation-level feedback was only provided to participants who failed twice in correcting the error in
the TWTE.
Fig. 12. Skipping rate by gender and feedback content (conceptual – procedural) after hints (left side) or explanations (right side).



Fig. 13. Success rate by gender and feedback content (conceptual – procedural) after hints (left side) or explanations (right side).
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6. Discussion

The goal of the presented work was to explore various factors that potentially influence the effectiveness of tutoring feedback and that
may serve as a basis for implementing formal strategies for adapting feedback within a computer-based educational system. We focused on
two sets of factors: feedback-related characteristics (including the type of knowledge communicated by the feedback-content: procedural or
conceptual; and feedback specificity, that is, the level of elaboration of feedback messages: hint or explanation), and learner-related
characteristics (including prior knowledge, gender, and several parameters describing learners’ motivational state). The impact of these
factors was investigated with regard to outcomemeasures (i.e., learning gain from pre- to post-test, motivational changes from pre- to post-
test), and with regard to a set of behavioural measures collected in the AES’s log-files during learners’ practice, including number of TWTEs
attempted, number of correctly solved TWTEs, the post-feedback skipping rate, and the post-feedback success rate. By including behav-
ioural measures, we aimed at shedding light on how learner and feedback characteristics are related to learners’ behaviour when practicing
with an AES.

In summary, our results regarding the impact of feedback strategies and learner characteristics on the outcome variables revealed several
significant gender-specific differences (research question 1) but no significant differences due to feedback strategies (research question 2).
Boys benefitted less from practicing with feedback-equipped TWTEs than girls. Boys had a significantly lower level of knowledge gain, and
their perceived competence declined significantly more from pre- to post-test. Interestingly, the decline in perceived competence (observed
for both boys and girls) was not related to a decline in intrinsic motivation, as on average, intrinsic motivation increased significantly from
pre- to post-test.

The finding that girls gained higher scores from pre- to post-test, is in line with prior research that showed gender-specific effects of
score improvements across multiple assessments (e.g., Schleicher, Van Iddekinge, Morgeson, & Campion, 2010).

Since boys had a lower knowledge gain from pre- to post-test, the finding that boys’ perceived competence declined more than girls’
(research question 3) supports theoretical and empirical work on the role of mastery experiences for the development of perceived
competence (Bandura, 1997). Even though learners did not receive immediate feedback for the test-items, boys may have had relatively
fewer mastery experiences than the girls. They may have perceived that solving fraction test items in the post-test is not much easier for
them compared to the pre-test. Since we did not explicitly measure ease-of-task completion, we cannot conclude to what extent this
preliminary explanation accounts for declines in perceived competence. Further studies should thus include measures of ease-of-task
completion in order to investigate this interesting issue for further research.

The overall decline in perceived competencemay also be amethodological artefact. Themotivational questionnaire was answered before
the pre-test, but after the post-test. Hence, when learners responded to the pre-test questionnaire, they could not rely on concrete expe-
riences with the fraction tasks; yet, they were able to do so after the post-test. Since there is empirical evidence that learners tend to
overestimate their performance (see Bouffard & Narciss, 2011 for a review), learnersmay have simply corrected their perceived competence-
bias from pre- to post-test using their experiences with the test-items. Investigating this issue was not within the scope of this paper, but
certainly deserves further attention.

The results regarding the impact of feedback strategies and learner characteristics on learner’s behaviour during practice with the AES,
revealed that feedback strategies and pre-test performance (but not gender) had an impact on howmany tasks learners attempted to solve
(research question 4). Learners that were exposed to the conceptual-procedural feedback strategy engaged in fewer tasks than learners in all
other feedback-strategy groups. Nevertheless, the knowledge gain under this conditionwas not significantly lower than for other conditions
(and girls’ learning gain was the highest among all groups, see Table 2). Furthermore, only learners’ prior performance had a statistically
significant impact on howmany tasks they solved correctly in the treatment phase, and neither variable correlated with learning gain. Thus,
one may conclude that there is no simple relation between the implemented feedback strategies, profiled learner characteristics, and
computed outcome, or (rather global) behavioural variables.

In order to better understand how feedback strategies and learners’ characteristics relate to learner behaviour (when learners practice
with TWTEs that are equipped with tutoring feedback), we conducted a more fine-grained analysis using behavioural events which
occurred immediately after learners were provided with feedback. We chose two post-feedback variables, which quantify two phenomena
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of student behaviour within problem-solving tasks: solving vs. failing, and skipping vs. trying. Both variables characterize an immediate
learner-reaction to the learning task and the feedback messages, and are observable in learners’ problem solving activities. Consequently,
those variables can serve as indicators for feedback effectiveness. Post-feedback solving behaviour is an indicator for the feedback’s
capability to foster a learner’s transition from not being able to solve an exercise to being able to solve it after attending to the feedback
message. Post-feedback skipping behaviour is an indicator for the feedback’s incapability to keep the learners on task even if they encounter
difficulties.

From an instructional perspective, post-feedback skipping behaviour may be considered an even more important indicator of feedback
effectiveness than post-feedback solving. If a feedback message convinces a learner to continue practicing, continue trying to solve an
exercise, it creates an opportunity for learning, even if the attempt does not lead to the correct solution. A learner who does not solve an
exercise might still learn something from the practice, while a learner who skips an exercise, most probably, does not learn anything. From a
motivational perspective, a feedbackmessage that succeeds in keeping learners on tasks, creates an opportunity for amastery experience (in
the case of a successful task completion). Mastery experiences that can be attributed to learner characteristics (i.e., learner’s effort invested,
or learner’s competence) are considered a major factor that helps increase learners’ confidence in their competence (Bandura, 1997). Even if
a further attempt results in a failure, it offers an opportunity for testing if a selected error-correction strategy is successful, and for
developing strategies and skills for coping with, and learning from errors. Hence, a high skipping rate indicates that learners tend to avoid
testing their capabilities in correcting their errors and in doing so they miss chances to improve not only their cognitive, but also their
motivational and metacognitive skills.

In summary, our findings reveal that learner characteristics had only a small impact on the post-feedback skipping-rate (research
question 5), but no impact on the post-feedback success-rate (research question 6). Furthermore, the results indicate that the impact of
feedback content may increase from trial to trial. After the first trial, only boys who received a conceptual hint were more likely to skip than
boys who received a procedural hint, while there was no difference in girl’s skipping-rate depending on the feedback content. After the
second trial, boys and girls weremore likely to skip after being exposed to a conceptual rather than a procedural explanation. These findings
indicate that, in the domain of fraction learning, conceptual feedback content is less likely to be effective in keeping learners (boys in
particular) on task.

These rather mixed results regarding the differential effects of feedback content and some of the explored learner variables, supports
prior theoretical, meta-analytical, and empirical work on feedback (e.g., Arroyo et al., 2012; Narciss, 2008; Hattie & Timperley, 2007; Shute,
2008), suggesting that differential effects of various types of feedback may not occur consistently but rather under certain individual and
situational conditions. For example, in line with the work of Arroyo and her colleagues (which revealed rather complex results with regard
to gender differences of learners using tutoring systems), we also found interactive effects of student gender and hint content (Arroyo et al.,
2001, 2006).

6.1. Limitations and implications for future research

The theoretical andmethodological approaches of this work have several strengths and limitations. First, the design and evaluation of the
feedback strategies were based on the Interactive-tutoring-feedback loops model (Narciss, 2008, 2012, 2013). The ITF-model suggests that
tutorial feedback strategies are complex multidimensional and multifunctional instructional approaches, and that their effects may occur
only under certain individual and/or situational conditions (see also Arroyo et al., 2001, 2006; Shute, 2008). If all feedback dimensions and
all potential factors and effects are taken into account, the complexity becomes unmanageablewithin an empirical study. Therefore, we have
limited our design by focussing on the between-subjects manipulation of one feedback dimension (i.e. feedback content: procedural vs.
conceptual), while controlling the form and mode of feedback presentation (i.e., three trial feedback strategy with increasing feedback
specificity after each trial), as well as the functional aspect of feedback. All participants were exposed to a feedback strategy providing step-
by-step support (knowledge-of-result feedback – feedback hint – feedback explanation – worked-out example). Consequently, with each
trial, the level of feedback specificity increased, while the feedback-content was varied systematically between experimental groups. Thus,
all participants received feedbackmessages with the higher level of feedback specificity only if they had failed two times to correct the error.
Therefore, the present data allow gaining insights on how feedback content and learner characteristics may affect learners’ post-feedback
behaviour after the first tutoring feedback message (the hint level). Yet, after the second tutoring feedback message (the explanation level)
the effects of feedback content, feedback specificity, learner characteristics and learner’s coping with their failures in previous attempts can
be hardly disentangled. The inclusion of feedback strategies combining procedural and conceptual feedbackmessages contributes further to
these qualifications of our findings after the explanation-level feedback. Students exposed to the combined CH-PE-WE and PH-CE-WE
feedback strategies, received both, procedural and conceptual information. Since the text of explanation-level feedback messages
included hint-messages, these students were potentially provided with more information (both types of a hint þ complimenting part of an
explanation) than the students of symmetric CH-CE-WE and PH-PE-WE conditions (same type of a hint twice þ complimenting part of an
explanation). Interestingly, we did not find a superiority of the combined feedback strategies with regard to their effects on knowledge gain
and changes in motivation. This observation confirms prior findings, which showed that the mere amount of feedback information does not
determine the efficiency of a feedback strategy (e.g., Kulhavy, White, Topp, Chan, & Adams, 1985; see also Narciss, 2008; Shute, 2008).
Further studies are needed to investigate, if and to what extent differential effects occur for feedback strategies providing more specific
feedback messages at an earlier trial.

Second, in order to investigate the effects of feedback content and individual learner variables, we used TWTEs providing learners with
worked-out examples, in which typical errors for fraction learning were included. Consequently, the domain of the study was very specific
with well-structured learning tasks that require students applying fraction addition rules but did not address their general problem solving
ability or any higher order skills. With this methodological approach we were able to control the variety of error types, which had to be
addressed by the feedback. Therefore, it was possible to tailor the feedback content to these typical errors. Based on cognitive task- and error
analyses we developed procedural and conceptual hints and explanations for each of those typical errors the students had to correct when
working with the TWTEs. The procedural feedback content addressed (rather concretely) knowledge on how to proceed in order to correct
the typical error provided by the TWTE, but it did not explicitly address the concepts underlying the rationale for the procedure. In contrast,
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the conceptual feedback-content addressed these concepts, but did not explicitly provide concrete information on how to proceed. Thus,
with the latter type of feedback content, students had to deduce the specific steps necessary for error-correction. In a preliminary study,
which served as the basis for improving the readability of the designed feedback messages, students rated the conceptual feedback mes-
sages as more difficult to understand. Thus, the conceptual feedback messages were reworked and rechecked in order to improve their
readability. After this iterative improvement process, the conceptual feedback messages, in particular, the conceptual explanations were
longer than the procedural ones. Thus, the effects of feedback content on skipping behaviour might not be entirely due to the semantic
content, but also due to further factors closely related to the semantic content (e.g., level of verbosity). For example, boysmay have been less
attentive to more verbose feedback messages. Future studies should thus examine the effects of the level of verbosity and the type of
feedback content.

Third, the multi-trial learning tasks enabled us to collect process data on several behavioural events for each of the error-correction
attempts. The focus of the presented study was on investigating skipping vs. trying behaviour, as well as successful vs. unsuccessful er-
ror correction. The frequencies of these distinct behavioural events could be reliably identified by analysing the log-files of the multi-trial
TWTEs. Yet, there was a high level of variability in terms of how students interacted with these multi-trial tasks. They could have solved the
task on any trial, they could have skipped any trial, and they were allowed to work on the tasks at their own pace. Thus, several meth-
odological challenges had to be tackled. Because of the variability in students’ pace, different students worked on different numbers of tasks.
We coped with this challenge by including only the data of the students who had worked on at least one set of eight tasks. However,
exclusion of the students who did not complete, at least, the first set of tasksmakes our findings somewhat biased against very slowworking
students. Furthermore, since in each trial some students successfully corrected the error, the number of included events decreasedwith each
trial. Therefore, the differences in frequencies of the selected behavioural events might also have been due in part to this variability across
cases and tasks. A more fine-grained investigation of skipping and solving behaviour, also taking into account other behavioural variables
(e.g., time-on-task before skipping or solving), or even patterns of several behavioural variables, is an open issue for further research.

Fourth, TWTEs confronted all students with typical errors, including students whowould have been able to solve the task and would not
have committed these errors themselves. Based on the present data, it is thus difficult to disentangle the effects of prior knowledge and the
efficiency of flag-error feedback. Further studies should investigate, whether the efficiency of flag-error feedback is also strongly related to
individual learner characteristics if learners are provided with flag-error feedback after errors they have committed themselves.

6.2. Implications for instructional design and practice

The present findings suggest several implications for the development of personalized feedback strategies: First, the findings suggest
including not only students’ prior knowledge, but also motivational variables, student’s intrinsic motivation in particular, perception of
competence, and fear of failure into the design of personalized feedback strategies. Second, the findings indicate that in mathematics
education (and, perhaps, in other domains), gender also has to be taken into account. Third, for the development of dynamic personalized
feedback strategies, the assessment components should not only focus on behavioural outcome variables (i.e., the solving rate, or other
indicators of transitioning from failure to success), but should also focus on motivation-related process variables, skipping behaviour in
particular. Investigating the added value of personalized feedback strategies based on these implications remains an open issue for further
research.
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