Automated Formative Feedback for Enhancing Summarizing Skills:
The Impact of Feedback Characteristics, Learner Factors, and Instructional

Prompts on Feedback Engagement and Effectiveness in Higher Education

Vom Promotionsausschuss des Fachbereichs Erziehungswissenschaften der Rheinland-Pfilzi-
schen Technischen Universitit Kaiserslautern-Landau zur Verleihung des akademischen

Grades Doktor der Philosophie (Dr. phil.) genehmigte Dissertation.

Dissertation
vorgelegt am 13.12.2024

von Veronika Barkela

Datum der wissenschaftlichen Aussprache: 25.04.2025

Vorsitz des Promotionsausschusses: Prof. Dr. Pascal Bastian, RPTU Kaiserslautern-Landau
Erstgutachterin: Prof. Dr. Miriam Leuchter, RPTU Kaiserslautern-Landau

Zweitgutachter: Prof. Dr. Henrik Saalbach, Universitit Leipzig






Contents

LSt OF FIGUIES ...ttt ettt et ettt et e et eesaaeesbeeesaeenbaesaseenseennnas I
LSt OF TADIES....c.ueiieiieie ettt et sb et st sb e bt enne e I
LiSt Of ADDIE@VIATIONS. ... .eiuieiieiiiiieiteeieetest ettt sttt et st sb ettt e nae st e saeenneas I
ACKNOWIEAZEIMENLS......c.ueiiiieiiiiiieeiie ettt ettt et e et e et eeabeenteeeabeesaesnseenseeenne v
AADSTIACE ..ottt b e e h bt et eh et e e et e bt et ea e aeeteeatens Vv
1. General INtrOAUCHION..........oiuiiiiiieieeee et 1
1.1 The Interactive Tutoring Feedback Model............ccccoviiieiiiiiiiiniiiiieieceeeeee 5
1.2 Characteristics of Automated Formative Feedback ............ccoceeviniininiiniinnncnene. 7
1.3 Learner FACTOTS .....cocuiiiiiiiiiieeieceeee et 12
1.3.1 Engagement with Automated Formative Feedback ...........ccccoceeviriiniannnnene. 12

1.3.2 MOTIVALION .c..ciiiiniiiiiiiceiecit ettt ettt st sa e b et 18

1.3.3  Cognitive Load.......coeiiiiiiieeiieie ettt et 23

1.4 Instructional FACTOTS. .....cceiviiiiiiiiiicieree et 25

2. The Present DiSSEItation........cc.eeverieriirienienieiieriterieetesit ettt 30
2.1 Effectiveness of Automated Formative Feedback ..........cccocoeviniininiiniininicnene 37
2.2 Impact of Cognitive and Motivational Resources on Feedback Engagement......... 39
2.3 Interplay of Instructional Prompts and Automated Formative Feedback................. 40

3. GENEral DISCUSSION ....couviiiitiiieiiteeitet ettt ettt et st b et st sbe et sate bt eae e 42
3.1 Discussion of the Research QUEStIONS ...........cccueieiuiieeiiiiiiiieeeecee e 42
3.1.1 Research QUestion 1.1 .....c.ocooiiiiiiiiiiiiccee e e e 42

3.1.2  Research QUeStion 1.2 .......ccooiiiiiiiiieiecceece e e 46

3.1.3  Research QUEStiON 2.1 ....cceoiiiiiiiiiieieieeieeeeeeee e 48

3.1.4 Research QUESHION 2.2 .......oioiuiiiiiiie e 50

3.1.5 Research QUestion 3.1 .....c.ooooiiiiiiiieieeee e e e 54

3.1.6  Research QUESHION 3.2 ....cc.coiuiiiiiiiiieienieeteee et 58

3.2 Overall Contribution of the Dissertation to the Field ............cccccoveviiniininiinennnne. 62
33 Critical Evaluation and Limitations of the Studies..........cccccoceviiniiiiniininiinien 65
3.4 Outlook on Future ReSearch ..........cccooieviiiiiiiiniiiiiiceece e 70

35 CONCIUSION ..o, 74



Contents

RETETEICES ...ttt ettt ettt sb e b st et enne e 76
APPEIAIX ..ttt ettt ettt ettt et e et e e be e ta e e bt e ette et e e etbeanbeeesbeenbeenabeenbeeanneenraens 105
IMANUSCTIPE 1 1ttt ettt ettt et e et esabeeteeenbeenseesnseenseesnseenne 107
IMMANUSCTIPE 2 oottt ettt ettt et ettt e st e et e e saeeeabeeseessbeeseesnseenseeenseenseessseenseesnseenns 141
IMANUSCTIPE 3 1.ttt ettt ettt e bt e st e eabe e bt e sabeeseesnbeenseeensaenseensseenseennseenns 177
CUITICUIUM VILAC ....couiiiiiiiieeiieeee ettt sttt et sttt e nas 217

Declaration of OrigINality .........ccceeviieiiieiiieiieie ettt s 222



III

List of Figures
Figure 1 Interactive Tutoring Feedback Model (Narciss, 2006, 2013)......cccccoervverieneeriennenne. 7

Figure 2 Simplified ITF Model Applied to Summarizing Tasks (Narciss, 2006, 2013)......... 44

List of Tables
Table 1 Comparison of the Feedback Engagement and Feedback Literacy Constructs ......... 15

Table 2 Indicators of Cog. Feedback Engagement in Feedback Processing and Revision.....16

Table 3 Overview of the Three Presented ManuSCIipts..........ceccveevieeriieriienieeniieeieeiee e 36
Table 4. Summary of the Key Findings of the Three Presented Manuscripts..........c..cccueeue... 61
List of Abbreviations

EFL  English as a Foreign Language
ITF  Interactive Tutoring Feedback
LLM Large Language Model

LSA  Latent Semantic Analysis



1Y%

Acknowledgements

I would like to express my heartfelt gratitude to my supervisor, Prof. Dr. Miriam
Leuchter, for her adventurous spirit in embarking on this project with me and for her unwa-
vering support in the realization of the three publications presented in this dissertation. I am
deeply grateful for her guidance, which has allowed me to pursue my research interests and
develop as a scientist. I am also sincerely thankful to Prof. Dr. Henrik Saalbach for his imme-
diate willingness to take on the task of writing the second review.

My gratitude extends to my esteemed colleagues at the Institute of Child and Youth
Education at the RPTU. Thank you for the enriching discussions and lunch times full of
laughter. In particular, I want to express my heartfelt thanks to my dear colleagues and
friends, Heide Sasse and Dr. Sabrina Stiel-Ddmmer. Your time, encouragement, ideas, and
steadfast support have been invaluable to me. It is a pleasure to work alongside you, and your
friendship truly enriches my life.

I am deeply grateful to my family, without whom I could not have reached this mile-
stone. Thank you, Berend, for your constant support—you make life easier and so much more
interesting. To my parents, I am endlessly thankful for instilling in me a belief in myself and
encouraging me to reach for the stars. Moreover, I wish to express my gratitude to my parents
and parents-in-law for stepping in whenever time was scarce. Lastly, my deepest thanks go to
my children, Tamme and Lotte, for their understanding, support, and patience during this

journey. You are the joy of my life and my greatest pride!



Abstract

Formative feedback is widely recognized for its effectiveness in enhancing learning
processes, such as improving summarizing skills. However, delivering individualized forma-
tive feedback remains a significant challenge for university educators, particularly in large
courses. Automated formative feedback systems offer a promising solution by providing
timely, actionable support at scale. However, a thorough understanding of both the provider’s
and receiver’s automated formative feedback processes is needed when effectively integrat-
ing such systems into university teaching practices.

Therefore, this dissertation investigates whether and under which conditions auto-
mated formative feedback effectively fosters summarizing skills among university students,
addressing three key dimensions with three studies: feedback characteristics, individual
learner factors, and instructional factors. To investigate these dimensions in depth, the first
study examined the effectiveness of automated formative feedback in fostering summarizing
skills. The findings reveal that automated formative feedback significantly improves summa-
rizing skills, especially when students engage in multiple feedback loops. A second study in-
vestigated the joint influences of motivation, mental effort, and feedback engagement over
time, revealing their significant impact on learners’ engagement with feedback. The findings
underscore the need to foster students’ willingness to allocate mental resources to seek feed-
back more frequently. With a third study, instructional prompts were compared to automated
formative feedback and their combined effects were examined. While prompts supported
summarizing skills, they were less effective than feedback, and their combination did not
yield additional benefits, indicating potential substitution effects. The studies trace the intri-
cate processes involved in providing and utilizing automated formative feedback, while shed-
ding light on its strengths and unrealized potential. These findings and their implications for

learners and instructors in higher education will be discussed.
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General Introduction 1

1. General Introduction

Formative feedback effectively enhances learning processes (Hattie & Timperley,
2007; Kluger & DeNisi, 1996; Shute, 2008). However, providing formative feedback regu-
larly has long been a challenge for university teachers, particularly those managing large
courses, due to the significant time commitment required. In a world where digital learning
technologies are fundamentally altering the ways teachers teach and students learn, auto-
mated formative feedback offers solutions. Computers have evolved from being passive tools
to active pedagogical agents, guiding learners through their educational journeys (Kabudi et
al., 2021; Maier & Klotz, 2022; Martin et al., 2020; Shi & Aryadoust, 2024). Advances in ar-
eas such as natural language processing have expanded the potential for applying high peda-
gogical standards and offering valuable support, including formative feedback, through digi-
tal technologies (cf. Strobl et al., 2019). This progress provides an opportunity to offer stu-
dents the individualized support they need to learn effectively without placing an excessive
burden on teachers. Moreover, it enables the creation of additional learning opportunities that
foster not only subject-specific knowledge but also overarching competencies necessary for
academic success, such as concise writing and effective summarizing. However, effectively
integrating such systems into university teaching practices requires a comprehensive under-
standing of automated formative feedback processes involved in providing and receiving au-
tomated formative feedback. Therefore, this dissertation investigates if and under which con-
ditions automated formative feedback effectively fosters summarizing skills among univer-

sity students.

Summarizing is an important strategy for university students as they are expected to
quickly extract, assimilate and concisely articulate relevant information from the scientific

literature (Kiirschner & Schnotz, 2007; van Dijk & Kintsch, 1983). To this end, summarizing
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has been shown to promote active engagement with course material and to encourage learners
to distill complex concepts into concise, manageable forms (Dole et al., 1991; Mok & Chan,
2016; Rinehart et al., 1986). Additionally, summarizing enhances comprehension and reten-
tion, as it requires learners to process, synthesize, and integrate information into their cogni-
tive frameworks (Dunlosky et al., 2013; Kirkland & Saunders, 1991; McAnulty, 1981). Sum-
marizing involves multiple cognitive processes, such as activating prior knowledge, selecting
relevant information, aligning new insights with pre-existing knowledge, integrating new in-
formation into the cognitive schema by constructing a mental model of the text, and translat-
ing this understanding into coherent written text (Becker-Mrotzek et al., 2014; Hidi &
Anderson, 1986; Kellogg & Raulerson, 2007; Perin et al., 2017; Wade-Stein & Kintsch,
2004; Westby et al., 2010). The quality of a summary depends on a learner’s mental model of
the original text (M. K. Kim & McCarthy, 2021; Schnotz, 2006). Mental models are represen-
tations of a text that include both the explicitly stated information as well as inferences made
by linking related details with prior knowledge (van Dijk & Kintsch, 1983). Individuals with
more prior knowledge and better coordination of these processes are more capable of con-
structing comprehensive mental models and producing higher-quality summaries (Hathorn &
Rawson, 2012; Kellogg, 1987; K. Kim et al., 2019; Y.-S. G. Kim, 2020; Mason et al., 2013;
McCarthy & McNamara, 2021).

Consequently, summarizing has the potential to foster reading comprehension (Head
et al., 1989; Hill, 1991; E. Kintsch, 1990; E. Kintsch et al., 2000; Lenhard et al., 2012;
Leopold et al., 2019) and it may also strengthen text composition skills (J. Li, 2014;
Schoonen, 2019). By condensing essential information and communicating it clearly and suc-
cinctly, students may develop the skill to produce well-structured, coherent, non-redundant,
and precise texts. Furthermore, the dual benefit of fostering reading comprehension and text

composition skills makes summarizing an effective learning strategy, as it enables learners to
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better organize and articulate complex ideas (Dunlosky et al., 2013; Stevens et al., 2019).
However, undergraduates often struggle to coordinate the cognitive processes of summarizing
and thus to grasp the gist of a scientific text, discern core ideas from peripheral information,
and link new information to their prior knowledge (Kintsch, 1990; Duke & Pearson, 2009).
As aresult, they face difficulties in producing concise summaries in their own words thus
needing support in developing effective summarizing skills (Keck, 2006; M. K. Kim &

McCarthy, 2021).

Feedback provides this support by setting clear criteria for summary quality and guid-
ing students toward meeting these criteria. Specifically, such criteria include incorporating
core information, using one’s own words, minimizing redundancies, and ensuring the sum-
mary is significantly shorter than the original text (Lenhard et al., 2012; Sung et al., 2016;
Wade-Stein & Kintsch, 2004). Research has already shown that individualized formative
feedback can foster reading and writing skills as means for summarizing (Graham, 2018;
Schunk & Rice, 1991). Feedback that aligns with the cognitive processes involved in summa-
rizing can help students adjust their internal representations of a high-quality summary by
regularly comparing their work to an external standard. However, providing such support for
an overarching competence is not always feasible for university teachers, particularly in large
classes and with limited resources (Allen et al., 2016; Perin, 2019; Shanahan, 2019). An auto-
mated feedback system may offer a solution to this challenge (cf. Deeva et al., 2021). Several
successful feedback systems have been introduced for example to foster the development of
academic writing and the processing of scientific texts (M. K. Kim & McCarthy, 2021;

Proske et al., 2012; also cf. Strobl et al., 2019).
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To investigate if and under which conditions automated formative feedback effec-
tively fosters summarizing skills among university students, factors of the system and of the
learners need to be considered. Narciss (2013), therefore, proposes a threefold approach to
design and evaluate automated formative feedback, including the characteristics of feedback
(1), individual learner factors (2), and instructional factors (3). In all three areas, significant
research gaps exist for the example of fostering summarizing skills of university students
with automated formative feedback. 1) With regard to the characteristics of the feedback, re-
search has focused so far on improving reading comprehension in elementary school students
(Lenhard et al., 2012; Sung et al., 2016; Wade-Stein & Kintsch, 2004). Studies that investi-
gate summarizing skills in university students particularly fostering these with automated
formative feedback over several time points, however, are scarce (Chew et al., 2019; M. K.
Kim & McCarthy, 2021). 2) Although several variables concerning learner prerequisites on
the feedback process have already been investigated (Han, 2019; Seifried et al., 2016), the
joint influences of learner’s feedback engagement and individual factors such as motivational
and cognitive resources have not yet been thoroughly explored. 3) With regard to instruc-
tional factors, especially prompts present themselves as a promising alternative or comple-
ment to feedback for effectively communicating with students and scaffolding their learning
processes. Several studies have shown that prompts targeting summarizing strategies can ef-
fectively enhance summarizing skills (Ahn, 2022; Doolittle et al., 2006; Green & Holman,
2021; Palinscar & Brown, 1984; Tolosa et al., 2015). However, the support potential of
prompts compared to automated formative feedback has not been systematically investigated.
Moreover, the interaction and complementary effects of instructional prompts and automated
formative feedback remain unclear, presenting a significant gap in the current research that

warrants further exploration.
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These research gaps are in the focus of this dissertation. Building on the Interactive
Tutoring Feedback (ITF) Model (Narciss, 2006, 2013, 2017), the present work investigates
automated formative feedback from three perspectives: the feedback message itself, learner
factors, and instructional factors. To address these objectives, the dissertation first presents
and analyzes the theoretical background, existing findings, and research gaps in detail (chap-
ters 1.1 — 1.4). From this theoretical analysis, specific research questions are derived (chapter
2). These questions were investigated in three manuscripts that are included in the appendix
and summarized in chapters 2.1 — 2.3. Chapter 3 provides a synthesis of the findings, dis-

cusses their implications and limitations, and outlines perspectives for future research.

1.1 The Interactive Tutoring Feedback Model

Feedback has consistently attracted the attention of researchers and practitioners in
offline (Bangert-Drowns et al., 2004; Evans, 2013; Hattie & Timperley, 2007; Kluger &
DeNisi, 1996; Lipnevich & Panadero, 2021; Shute, 2008; Wisniewski et al., 2020) and online
learning environments (Maier & Klotz, 2022; Martin et al., 2020; Shi & Aryadoust, 2024).
Feedback refers to information provided by an agent (e.g., teacher, peer, self, computer) re-
garding a learner’s performance or understanding, with the goal of guiding future improve-
ment and bridging the gap between current and desired outcomes (Hattie & Timperley, 2007;
Narciss, 2006, 2013; Shute, 2008). Numerous studies and meta-analyses have demonstrated
that feedback can be highly effective in enhancing learning processes (Hattie & Timperley,
2007; Kluger & DeNisi, 1996; Shute, 2008). However, many of the studies so far rely on
feedback models that primarily focus on the conditions and design of feedback. This implies
that these models only implicitly account for the communicative and interactive nature of
feedback processes. However, even the best-designed learning environments and feedback

strategies are only effective if students actively engage with them. Newer models, particularly
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those that are concerned with computer-generated feedback, therefore not only consider the
feedback itself but also cognitive and motivational processes on the part of the receiver, as
well as the dynamic interaction between provider and receiver (Lipnevich & Panadero,
2021). In this context, the ITF model (Narciss, 2006, 2013, 2017) is a promising approach.

The ITF model distinguishes between internal and external feedback loops and relates
them to learning outcomes (Figure 1). Internal feedback represents the endpoint of a learner’s
internal evaluation of a task, where they assess whether the task has been completed accord-
ing to their internal reference standards. When, for example, drafting a summary, learners uti-
lize these internal reference standards, which are shaped by their personal interpretations of
external standards. Furthermore, the internal reference standards are also influenced by the
learners’ understanding of the task requirements, metacognitive abilities, and motivation.
Through the process of comparing their work to these internal standards, learners generate
internal feedback, which informs their decision to either revise their summary or conclude the
task.

In contrast, external feedback is provided by an external agent who defines external
reference standards based on instructional factors and representations of standards, competen-
cies, and task requirements. In this dissertation, the external standard for a summary includes
communicating all relevant information, using own words, and being concise and short which
is reflected in an expert summary. The feedback then involves comparing the learner’s sum-
mary against this external standard and typically includes individualized feedback messages
that may identify errors or suggest strategies for improvement. Upon receiving external feed-
back, learners interpret this information through their personal cognitive, metacognitive, and
motivational frameworks, aligning it with their internal reference standards and competen-
cies. As part of this process, learners generate internal feedback by comparing the external

standards and feedback to their own work and pre-existing internal standards. Successful
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learners use these comparisons to identify necessary control actions and choose appropriate

activities to enhance their learning outcomes.

The interplay between internal and external feedback highlights the complexity of de-

signing and evaluating feedback systems. A key challenge lies in bridging the two feedback

loops to not only provide accurate and actionable information but also consider learners’ indi-

vidual prerequisites, and providers’ instructional objectives. To address this challenge, 1)

characteristics of the feedback, 2) learners’ individual factors, and 3) instructional factors

have to be examined (Narciss, 2013, 2017).

Figure 1

Interactive Tutoring Feedback Model (Narciss, 2006, 2013)
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1.2 Characteristics of Automated Formative Feedback

Feedback is characterized by its a) function, b) content, and c) presentation. a) The

function of feedback can be cognitive, metacognitive, or motivational, aiming to enhance
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understanding, promote self-regulation, or increase engagement, respectively (Narciss et al.,
2014). For example, in the context of fostering summarizing, automated formative feedback
following a cognitive function can provide explicit hints which words were copied from the
original text, or which sentences contain irrelevant information. b) The content of feedback is
highly context-dependent, and may range from simple knowledge of results to more elabo-
rate, specific, and informative guidance that helps learners understand not just what is wrong
but how to improve (Black & Wiliam, 2009). Its effectiveness is significantly influenced by
where it directs the learner’s attention. Feedback that focuses on the task or specific task
strategies, relates to goals, or offers cues or reinforcements tends to enhance performance, as
it helps learners identify errors and correct them effectively (Kluger & DeNisi, 1996; Sadler,
2006). For example, providing semantic feedback that marks problematic sentences accord-
ing to assessment criteria specifies where and how revising is necessary. ¢) The presentation
of feedback can vary significantly, being either summative or formative, either adaptive to the
learner’s needs or fixed, and delivered immediately or delayed (Shute, 2008). Research con-
sistently highlights the critical role of formative feedback, especially when delivered
promptly and in iterative cycles. This timely and repeated feedback helps learners connect the
two feedback loops, making it more relevant, actionable, and effective in guiding their subse-
quent efforts (Hattie & Timperley, 2007; Kluger & DeNisi, 1996). Additionally, formative
feedback supports learners in monitoring and regulating their own learning processes by of-
fering actionable insights (Nicol & Macfarlane-Dick, 2006). Furthermore, it fosters improve-
ment over time by encouraging continuous revision and refinement (van der Kleij et al.,
2015).

This is where automated formative feedback excels, meeting the demand for timeli-
ness and consistency, even for large numbers of students (Seifried et al., 2016; Wilson et al.,

2014). Automated systems can deliver immediate feedback, allowing learners to quickly
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identify and correct errors or misconceptions (van Lehn, 2011), hereby reinforcing learning
through real-time adjustments and iterative loops (Deeva et al., 2021; van der Kleij et al.,
2015). Additionally, computer-generated feedback is accessible anytime and anywhere, giv-
ing learners the flexibility to review and act on feedback at their own pace.

Beyond accessibility and timeliness, automated feedback systems are designed to
adapt to individual learners’ needs and performance levels. By leveraging algorithms and data
analytics, these systems track learning patterns over time, thus offering tailored feedback that
addresses specific challenges and learning trajectories. Furthermore, this data supports educa-
tors by providing insights into learner progress, enabling more informed decisions about in-
structional strategies and targeted support (Meghji et al., 2020; Schmid et al., 2022; Seifried
etal., 2015, 2017).

However, while computer-generated feedback is superior to analog feedback in
providing immediate, reliable feedback (e.g., copied words), it faces a key challenge due to
its reliance on algorithms that often lack contextual understanding. This limitation can result
in less nuanced feedback and difficulties in addressing complex, higher-order tasks that re-
quire interpretation, judgment, or personalized dialogue (Lipnevich & Smith, 2009a). The
quality of automated feedback is thus heavily dependent on the design and sophistication of

the underlying algorithms.

On a sidenote, the introduction of large language models (LLM), such as ChatGPT
(OpenAl, 2022), represents a significant advancement in the development of automated com-
plex feedback. These models can provide more nuanced, context-aware feedback and person-
alized guidance by understanding complex language patterns and interpreting open-ended re-
sponses, mimicking a human-like dialogue (Shi & Aryadoust, 2024). Additionally, they can

handle a wider range of topics, offer real-time explanations, examples, and clarifications, and
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adapt their responses based on the learner’s input, creating a more interactive and tailored
feedback experience. Despite their advantages, LLMs also face challenges as feedback pro-
viders, particularly in research contexts. For example, their feedback can often be overly ge-
neric, failing to address task-specific nuances or provide actionable suggestions, regardless of
the model used (Banihashem et al., 2024). Additionally, responses from LLMs tend to vary
depending on context and input, and they rarely build on previously provided feedback, lead-
ing to inconsistencies that undermine reliability (Chang et al., 2024). Furthermore, LLMs
lack transparency in explaining their feedback. While they can generate responses based on
probabilistic patterns, they often fail to provide clear reasoning behind their suggestions,
making it difficult to assess their validity (Bender et al., 2021). Due to these challenges and
the fact that the project underpinning this dissertation and its studies commenced before the
release of publicly accessible LLMs, the studies in this dissertation utilized a feedback algo-
rithm based on latent semantic analysis (LSA; Landauer, 1999). Consequently, the theoretical
framework presented here primarily focuses on such approaches, while future perspectives on
how this dissertation’s findings align with recent innovations will be addressed in the general

discussion.

Automated feedback for promoting summarizing skills can be designed to support and
enhance the coordination of key cognitive processes while fostering revision (Wade-Stein &
Kintsch, 2004). Information about content coverage ensures having correctly identified and
understood the key concepts necessary to build an accurate mental representation of the text
(Garner, 1982; Head et al., 1989; van Dijk & Kintsch, 1983). Moreover, information on rele-
vance clarifies how effectively students identify and prioritize the essential aspects of a text,
distinguishing key points from supplementary details (H. Li et al., 2018; Rivard, 2001).

Providing feedback on relevance helps students refine their ability to filter out non-essential
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information and focus on the core message, a critical skill for accurate summarizing. Further-
more, feedback on the avoidance of copying words or passages from the text and expressing
ideas in one’s own words highlights the importance of processing new information and trans-
lating it into personal understanding (W. Kintsch & van Dijk, 1978; Mok & Chan, 2016).
This encourages students to engage actively with the material, promoting deeper comprehen-
sion and the integration of new knowledge into existing cognitive frameworks. Additionally,
feedback on redundancy avoidance focuses on helping students streamline the core message
of the text, reorganize its ideas, and clearly articulate their mental models without unneces-
sary repetition (Hill, 1991; E. Kintsch, 1990). This guidance helps students refine their writ-
ing to ensure that their summaries are not only clear and concise but also effective in com-
municating their understanding of the material. Finally, feedback on adequate length of the
summary reinforces the need for students to condense and reorganize information, which sup-
ports the creation of a coherent and efficient mental model (Dunlosky et al., 2013; Friend,
2001).

Feedback systems employing LSA for feedback on these textual features (in the fol-
lowing referenced to as task criteria) have shown to foster text comprehension as well as
summarizing skills. For example, Wade-Stein and Kintsch (2004) developed a system which
significantly improved the content quality of summaries written by elementary and middle
school students. Lenhard et al. (2012) adapted this system for German elementary and middle
school students, finding positive effects on reading comprehension and fluency. Sung et al.
(2016) demonstrated that both semantic and concept feedback effectively enhanced summary
content coverage for Chinese elementary students, with reduced tool reliance over time indi-
cating improved summarizing skills. Therefore, adapting such a feedback system to the uni-
versity context may also support university students in developing effective summarizing

skills and thus, improve their reading comprehension and text composition (Graham, 2006;
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Hill, 1991; E. Kintsch, 1990). Yet, it is unclear whether such a system supports all aspects of
summarizing to the same extent and whether university students will effectively make use of

the formative feedback in this context (Q. Guo et al., 2022; Zhai & Ma, 2021).

1.3 Learner Factors

Learners’ individual factors significantly influence how they engage with and benefit
from automated formative feedback, as these factors can either enhance or limit their ability
to improve competencies toward desired standards. Motivation and cognitive load are partic-
ularly important in this context. Kinsey (2022) highlighted that individual engagement is
strongly influenced by both learners’ motivation and the cognitive load they experience.
Therefore, this section first reviews the existing research on automated formative feedback
engagement, followed by an examination of the theoretical foundations of motivation and

cognitive load.

1.3.1 Engagement with Automated Formative Feedback

From a constructivist perspective, engagement is fundamental to learning, as it ena-
bles learners to actively build and expand their knowledge through the interaction with tasks,
materials, or support resources (Evans, 2013; Malecka et al., 2022; Zimbardi et al., 2017). It
encompasses the ongoing effort, emotional regulation, and active participation that learners
invest to achieve their performance and learning goals (Fredricks et al., 2004; Jung & Lee,
2018; Sun & Rueda, 2012; S. Zhang & Liu, 2019). Educational research has long focused on
engagement to explain various student behaviors, such as student alienation and dropout rates
in schools (Fredricks et al., 2004), learning achievement and success (Jung & Lee, 2018; Wu
& Kang, 2021), and the uptake of learning support (Sun & Rueda, 2012) and feedback (Ellis,

2010; Han & Hyland, 2015; To, 2022).
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In particular, engagement with feedback has gained increasing attention since auto-
mated feedback systems have been advancing (Ali et al., 2018; Y. Liu & Sun, 2021; M. Liu et
al., 2017; Hyland & Zhang, 2018; also cf. Pearson, 2024). In these systems, the communica-
tive ability between receiver and provider is limited to the algorithm’s level of sophistication.
Therefore, the efficacy of automated feedback is greatly contingent upon how individuals en-
gage with it (Handley et al., 2011; Price et al., 2011). Due to this imbalance, there has been a
shift in investigating feedback processes from the perspective of the provider to the perspec-
tive of the receiver focusing on individuals’ skills and capacities (Boud & Molloy, 2013;
Nieminen & Carless, 2023). Specifically, two research trends in investigating student-cen-
tered feedback processes have emerged in recent years. Anchored in the framework of aca-
demic motivation (Eccles, 2016; Fredricks et al., 2004), the feedback engagement construct
has lately been developed particularly by researchers in the field of English as a foreign
language (Han, 2019; Han & Hyland, 2015; Y. Zhang & Gao, 2024; Z. Zhang & Hyland,
2022; Y. Zheng & Yu, 2018). Meanwhile, the concept of feedback literacy has been gaining
widespread attention in higher education research (Carless & Boud, 2018; Carless &
Winstone, 2023; Malecka et al., 2022; Nieminen & Carless, 2023; Sutton, 2012; Winstone et
al., 2019).

Feedback engagement refers to the active participation, receptiveness, and responsive-
ness of individuals in the process of receiving and acting upon feedback (Handley et al.,
2011; Pearson, 2024; Price et al., 2011). It encompasses the degree to which feedback recipi-
ents invest their attention, energy, and cognitive resources in understanding, reflecting upon,
and applying feedback received from others. Therefore, feedback engagement is conceptual-
ized as a three-dimensional construct which comprises cognitive, affective and behavioral di-
mensions (Ellis, 2010; Han & Hyland, 2015; Handley et al., 2011). Cognitive feedback en-

gagement describes the extent of students’ cognitive response and intensity of processing
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feedback to improve learning outcomes (Han, 2017; Price et al., 2011; Y. Zhang & Gao,
2024). Affective feedback engagement is associated with emotional and attitudinal reactions
towards the feedback (Koltovskaia & Mahapatra, 2022; Z. Zhang & Hyland, 2022) or the
perceived valence of the feedback (Mayordomo et al., 2022; Seifried et al., 2016). While be-
havioral feedback engagement refers to the activities initiated by the recipient after receiving
feedback (Han & Xu, 2021; Y. Liu & Sun, 2021).

Similarly, according to Sutton (2012), feedback literacy is defined as a set of learning
practices with which learners are empowered to appraise, evaluate, and interpret information
within disciplines and assess the quality of their own and others’ work. Again, the concept of
feedback literacy comprises three dimensions: The epistemological dimension (knowing) in-
cludes the knowledge of the learning potential of feedback and how to use feedback to ex-
pand knowledge and improve in a certain domain. A feedback literate person uses feedback
both summatively to assess skills and formatively to improve performance. This dimension
refers to cognitive processes of decoding feedback and including insights to the learning pro-
cess. The ontological dimension (being) involves the understanding how feedback affects
identity and emotions. A feedback literate person is receptive to feedback while maintaining
control over her emotions during the process. She is reflective and self-critical yet possesses
the discernment to accurately assess her abilities within a specific domain. This dimension
refers to affective processes of emotion control, reflectivity, and students’ development of ed-
ucational identities, e.g. how they view themselves as learners and engage with support like
feedback. The practical dimension (acting) includes understanding the necessity of actively
applying feedback to improve performance. A feedback literate person knows how to decode
and interpret feedback as intended by the provider and translate it into specific actions. This
dimension draws on processes such as reading, interpreting, and applying feedback to en-

hance learning outcomes (Chong, 2021; Winstone et al., 2019).
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While feedback literacy can be seen as a more proactive and preparatory approach,
focusing on equipping students with tools and understanding before they receive feedback,
the feedback engagement construct takes a more reactive approach, emphasizing how stu-
dents respond after receiving feedback (Molloy et al., 2020; Winstone et al., 2017). Yet, in
comparison, both concepts show several similarities in their conceptualizations. Both aim to
model the effective use of feedback from a learner-centered approach that acknowledges the
tripartite structure of feedback reception. They recognize the importance of managing emo-
tional responses to feedback and emphasize the need to take action based on feedback (Table
1). Importantly, both concepts understand feedback literacy, aka engagement with feedback,
as a skill set which can be developed, measured, and traced (Nieminen & Carless, 2023; To,
2022). However, the operationalization of the three dimensions are highly discussed and dif-
fer depending on subjects, activities, and research designs (Pearson, 2024). To be consistent
with the terminology of the second manuscript of this dissertation, the terminology of the

feedback engagement construct will be used in the following sections.

Table 1
Comparison of the Feedback Engagement and Feedback Literacy Constructs

Feedback engagement Feedback literacy

cognitive response and inten- o . ) .

. X cognitive epistemological (knowin
., Sity of processing feedback gty p gical (knowing)
=
.2 emotional and attitudinal re-
S actions, perceived valence, affective ontological (being)
E  receptiveness
a

actions initiated by receiver behavioral practical (acting)

Several studies attribute cognitive feedback engagement to cognitive and metacogni-
tive operations of either processing feedback or the revision process. In their influential em-

pirical study, Han and Hyland (2015) developed a framework for investigating these
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operations, utilizing the taxonomy of cognitive and metacognitive strategies established by
Oxford (2011). Following their line of investigation several case studies have been conducted
using written documents, revision operations, reflection reports, and interviews to elicit cog-
nitive processes when learners receive written corrective feedback (Cheng & Zhang, 2024;
Mayordomo et al., 2022; Tian & Zhou, 2020; Y. Zhang & Gao, 2024; Z. Zhang, 2020; Y.
Zheng & Yu, 2018). They extracted several indicators for different levels of cognitive feed-

back engagement (Table 2).

Table 2
Indicators of Cognitive Feedback Engagement in Feedback Processing and Revision Processes
Feedback processing Revision processes
Decision not to use feedback No response to feedback
Reading the feedback Corrections of grammar and mechanics
Noticing aspects of the feedback Addition
Understanding the feedback Deletion
Identifying aspects of the feedback in the work ~ Substitution
Applying feedback to improve task perfor- Transformation
mance

Furthermore, they identified indicators for metacognitive operations such as strategies
for regulating mental processes, practices, and emotional reactions (Han & Hyland, 2015; Z.
Zhang & Hyland, 2022). However, these studies revealed that cognitive and metacognitive
operations often overlap and occur simultaneously, making it difficult to determine whether
the use of these strategies was deliberate. Therefore, Y. Zhang and Gao (2024) argue that cog-
nitive and metacognitive operations are conceptually and practically intertwined when revis-
ing a text due to feedback, and thus cannot be distinguished. Another approach aimed at ana-
lyzing the depth of feedback processing. Researchers focused on students’ awareness of the
feedback distinguishing between noticing and understanding (Han & Hyland, 2015; C. Lee,
2020; Y. Zheng & Yu, 2018) or assessed how well students reported they had understood the

received feedback and made revisions accordingly (Yu, Zhou, et al., 2019). In conclusion, all
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presented approaches to measure cognitive feedback engagement attribute high cognitive
feedback engagement to students who, due to the received feedback, perform operations that
contribute to the improvement of their texts.

For affective feedback engagement, researchers aim to capture either students’ affec-
tive and attitudinal responses to feedback (Han, 2017; To, 2022; Z. Zhang & Hyland, 2022)
or the valence they attribute to the feedback (Mayordomo et al., 2022). In some studies, stu-
dents were interviewed and asked for their emotional reactions such as anxiety, unpleasant-
ness, and upset, when having received feedback (Han & Hyland, 2015; Koltovskaia &
Mabhapatra, 2022; Z. Zhang & Hyland, 2022). Furthermore, some studies investigated stu-
dents’ capacity to handle their emotions triggered by feedback, such as feeling doubtful about
the feedback or being receptive to criticism (To, 2022). Moreover, other studies assessed the
emotional reactions in a longitudinal design and thus laid the focus on the change in students’
affect and emotions (Lyu & Lai, 2022; Tay & Lam, 2022). In computer-based learning envi-
ronments with automated feedback, students often raise concerns about the accuracy and
helpfulness of automated feedback (Lipnevich & Smith, 2009b). In their review on feedback
perceptions van der Kleij and Lipnevich (2021) emphasize the importance of students being
open for feedback and perceiving feedback as useful in order to initiate learning processes.
Therefore, in computer-based learning environments, affective feedback engagement is often
less about the emotional response to the feedback but rather students’ perceived valence of
the feedback. Some studies thus assessed perceived characteristics of the feedback such as
fairness, helpfulness, or comprehensibility (Seifried et al., 2016), or more generally, positive
or negative attitudes towards the feedback (Han, 2017; Han & Hyland, 2015; Z. Zhang &
Hyland, 2022).

Behavioral feedback engagement refers to how students implement the feedback they

receive. Numerous studies, particularly qualitative case studies, have focused on the
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operations initiated based on the feedback received (Y. Fan & Xu, 2020; Han & Hyland,
2015; Han & Xu, 2021; Koltovskaia & Mahapatra, 2022; Man et al., 2021; Tian & Zhou,
2020). They argue that, for example, the quality of revision operations (correct, incorrect, or
no revision) and observable revision and learning strategies that extend beyond the text itself,
such as seeking for additional information or consulting peers and teachers, indicate the level
of behavioral feedback engagement. In computer-based learning environments with auto-
mated feedback, metrics such as time spent on revising and the number of feedback-revision
iterations are also valid measures of engagement, because they indicate the level of student
activity in improving their work (Han & Hyland, 2015; Hyland & Zhang, 2018; M. Liu et al.,
2017; Z. Zhang & Hyland, 2022). In conclusion, high behavioral feedback engagement is at-
tributed to students who actively improve their texts based on the feedback received, demon-
strating a commitment to understanding and incorporating feedback to enhance the quality of

their work.

1.3.2 Motivation

Motivation is a critical factor influencing engagement and achievement in learning.
Among the theories that explain motivation, expectancy-value theory provides a comprehen-
sive framework, integrating core concepts from various motivational models (Rosenzweig et
al., 2019). It offers a strengths-based systems perspective rather than focusing on deficits,
making it particularly relevant for understanding the dynamic nature of motivation in educa-
tional contexts. According to expectancy-value theory, motivation is shaped by learners’ ex-
pectancies for success, competence beliefs, the value they assign to a task, and the perceived
costs of engaging in it (Wigfield & Eccles, 2000). These factors interact to influence learning
behaviors and outcomes. Eccles and Wigfield (2020) conceptually distinguish between time-

and task-specific expectancies for success and more stable, domain-specific competence
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beliefs, acknowledging the theory’s historical roots in social-cognitive theory. Expectancies
for success involve predicting future outcomes by assessing how well one is likely to perform
on an upcoming task. These expectancies reflect one’s situation-specific interpretation of
their competence regarding the task (Eccles & Wigfield, 2020; Rosenzweig et al., 2022).
Competence beliefs, on the other hand, are formed from past performances and represent
broad and stable perceptions of one’s current abilities (Marsh et al., 2012). In empirical re-
search, competence beliefs are often conducted using either students’ domain-specific aca-
demic self-concept or self-efficacy (Doménech-Betoret et al., 2017; J. Guo et al., 2016; Jiang
et al., 2018; Meyer et al., 2019; Putwain et al., 2019).

Task values refer to the subjective valence of a task, encompassing intrinsic value,
utility value, and attainment value. Intrinsic value includes interest, enjoyment, and willing-
ness to participate. Eccles and Wigfield (2020) connect intrinsic value to situational interest
(Ryan & Deci, 2020) and intrinsic motivation (Hidi & Renninger, 2006), emphasizing its var-
iability based on the task and time. Utility value refers to the perceived usefulness of a task
for achieving one’s goals. It is closely linked to extrinsic motivational processes and the in-
centive-driven aspects of motivation (Rosenzweig et al., 2019; Ryan & Deci, 2020; Schunk et
al., 2008). In contrast, attainment value reflects the personal importance and identity-based
significance attributed to success in a task (Wigfield et al., 1997). This concept aligns with
intrinsic motivational dimensions, where the desire to excel and the personal meaning at-
tached to a task can amplify overall motivation (DeBacker & Nelson, 1999; Elliot & Church,
1997; R. B. Miller et al., 1999; Wigfield & Cambria, 2010b). In contrast to other motivation
theories, expectancy-value theory is distinguished by its assumption of a positive relationship
between expectancies and values (Rosenzweig et al., 2019). Students who believe they will
perform well on a task tend to value it more, while those who doubt their performance may

devalue the task to protect their self-worth. Empirical studies consistently support this
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positive connection between expectancies and values (Durik et al., 2006; Meyer et al., 2019;
Wigfield et al., 1997; Wigfield & Eccles, 2002).

Cost refers to the perceived negative aspects of engaging in a task, such as emotional
stress, anxiety, or fear of missing out. These factors shape decision-making and often act as
barriers to engagement. Eccles and Wigfield (2020) emphasize that every learning activity
entails costs, which interact with perceived benefits to form a cost-benefit ratio. For example,
costs influence behavior through prioritizing competing tasks or goals, as individuals direct
their attention to activities they view as more important, urgent, or rewarding, often at the ex-
pense of other tasks. Additionally, the reluctance to invest effort arises when individuals per-
ceive the effort required as disproportionate to the potential benefits, prompting them to dis-
engage or avoid the task altogether (Inzlicht et al., 2018; Kool et al., 2010). Finally, fear of
failure can further reduce engagement, as individuals may avoid tasks to protect their emo-
tional well-being or self-esteem when they perceive a high risk of underperforming (Conroy,
2004; J. Lee et al., 2013). These motivational dynamics evolve over time and are shaped by
the immediate context of each decision. Eccles and Wigfield (2020) highlight that expectan-
cies for success, task values, and costs are highly situation-dependent. As a result, both con-
scious and subconscious choices are influenced by current circumstances, reflecting the fluid
interaction of these factors in the decision-making process.

Each construct of expectancy-value theory particularly predicts certain academic out-
comes. Competence-related beliefs are strongly associated with aspects of performance and
achievement (Baadte & Schnotz, 2014; Bong et al., 2012; Meece et al., 1990; Safavian, 2019;
Safavian & Conley, 2016; Taboada et al., 2009). In contrast, task values more strongly predict
aspects of task engagement and choices, such as self-regulation, feedback engagement, and
feedback seeking (Gan, Mark J. S. & Hattie, 2014; Iraj et al., 2021; Yossatorn et al., 2024),

and also more long-term decisions like selecting college majors, courses, or extracurricular
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activities (Eccles & Wigfield, 2020; Rosenzweig et al., 2019). Focusing on specific compo-
nents of task value, intrinsic value is a strong predictor of daily academic engagement. Stu-
dents who perceive higher intrinsic value in a subject are more likely to engage in related ac-
tivities, put effort into courses, and attend class (Durik et al., 2006; J. Guo et al., 2016; Watt
et al., 2012). Dietrich et al. (2017) showed a reciprocal relationship between effort and intrin-
sic value. Students invested more effort in situations where they valued the task highly but
also had higher intrinsic value when they had invested more effort in previous situations.
Utility value contributes to the development of interest in a specific subject or task and fos-
ters deeper engagement and persistence with a task and related feedback (Hulleman &
Harackiewicz, 2020). For example, studies by Hulleman et al. (2010) and Canning and
Harackiewicz (2019) found that utility value interventions positively impacted interest and
performance, particularly for students who expected or had previously shown low perfor-
mance. Similarly, Hecht et al. (2021) reported overall positive effects of utility value inter-
ventions on interest development, especially for less confident students and those who had
already demonstrated an initial interest in a topic. Attainment value is particularly influential
in forecasting long-term academic participation. Research by Durik et al. (2006), Updegraff
et al. (1996), and Watt et al. (2012) found that a composite of attainment and utility value was
more predictive of high school students’ career intentions than intrinsic value. Moreover, Sa-
favian et al. (2019; 2016) reported that perceived attainment value influenced some students’
course-taking decisions, whereas perceived utility value did not. There has been less research
on perceived cost, but existing studies indicate that it predicts performance and avoidance-
related behaviors or emotions, such as academic cheating, procrastination or dropout inten-
tions (Barkela et al., 2024; Flake et al., 2015; Jiang et al., 2018; Perez et al., 2014).

In computer-based learning environments, considering students’ perception of their

competence beliefs, values, and costs can be elucidating as they determine students’
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engagement and persistence with digital content and automated formative feedback (Jung &
Lee, 2018; Seifried et al., 2016). When students believe they can succeed and find the learn-
ing tasks meaningful, they are more likely to engage deeply and achieve better outcomes
(Wigfield & Cambria, 2010a). Moreover, automated formative feedback can manipulate both
these components by providing immediate assessments of performance, elucidating potential
improvement, and highlighting the relevance of tasks like summarizing. Students may adapt
their expectancies and competence beliefs when receiving formative feedback because they
may identify clear indicators of progress and areas for improvement. Additionally, having in-
cluded several value components, expectancy-value theory allows for an in-depth analysis of
the interplay between those components and their impact on students’ feedback engagement
and performance (Rosenzweig et al., 2019). For example, in the context of this dissertation,
being informed about the value students place on summarizing and their ability beliefs of
summarizing might inform about their engagement with the texts and the automated forma-
tive feedback provided in a computer-based learning environment.

Eccles and Wigfield’s (2020) expectancy-value theory aims to provide a comprehen-
sive, integrative framework that unites insights from various motivation theories while focus-
ing on strengths rather than deficits. This approach resulted in a multi-faceted model that has
become foundational for understanding educational motivation across diverse contexts. Nu-
merous studies have explored motivational prerequisites for learning (J. Guo et al., 2016; J.
Lee et al., 2013; Meyer et al., 2019; Nagengast et al., 2011; Trautwein et al., 2012), the poten-
tial to influence expectancies and values through interventions (Acee et al., 2018; Gaspard et
al., 2015; Hecht et al., 2021; M. L. Johnson & Sinatra, 2013; Linnenbrink-Garcia et al., 2018;
Perez et al., 2022; Rosenzweig et al., 2020), their development over time (Dietrich et al.,
2017, 2019; Han, 2017; Marsh et al., 2016; Perez et al., 2019), and their effects on learning

processes, achievements, and engagement (Alipio, 2020; Durik et al., 2006; W. Fan &
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Williams, 2010; Jiang et al., 2018; Putwain et al., 2019; Sun & Rueda, 2012). Additionally,
research has examined the interaction between expectancies, values, and cognitive processes,

such as the investment of (mental) effort (Dietrich et al., 2017; Marsh et al., 2016).

1.3.3 Cognitive Load

Engaging successfully in complex tasks like summarizing poses a certain amount of
cognitive load on the learners as they construct and assimilate new knowledge with their cog-
nitive schemas (Sweller, 2020). In computer-based learning environments, the management
of cognitive load is crucial for optimizing learning outcomes. Cognitive load theory posits
that learners have limited capacity for processing information, which can be divided into in-
trinsic, extraneous, and germane cognitive loads (Sweller, 2011). Intrinsic load is related to
the complexity of the material itself, extraneous load pertains to how the information is pre-
sented, and germane load refers to the cognitive resources dedicated to process, construct,
and automate schemas (Kalyuga & Singh, 2016; Paas et al., 2003; Schmeck et al., 2015). Ef-
fective computer-based learning environments are designed to reduce extraneous load and
optimize germane load to enhance learning efficiency (Plass et al., 2010). Tools such as adap-
tive automated feedback systems, which provide support based on the learner’s performance,
can help manage cognitive load by ensuring that tasks remain within the learner’s zone of
proximal development (Vygotsky, 1978). Additionally, providing multiple representations of
information can enhance learning by supporting dual coding and thus reducing cognitive load
(Mayer, 2014).

An established approach to assess cognitive load is to ask learners about their invested
mental effort (Paas et al., 1994, 2003; Schmeck et al., 2015; Sun et al., 2019). Studies have
shown that in order to achieve a learning goal, students anticipate the effort they will have to

invest to master the mental load induced by a learning task, while considering the perceived
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task difficulty (Feldon et al., 2019; Salomon, 1983). However, humans inherently perceive
mental effort as costly, prompting a tendency to minimize its expenditure (Kool et al., 2017;
Shenhav et al., 2017; Yee & Braver, 2018). Kool et al. (2010) demonstrated that individuals
consistently opt for actions associated with lower cognitive demands. This behavior is cor-
roborated by Gieseler et al. (2020), who observed that individuals tend to select less effortful
tasks after initially exerting significant mental effort. Nonetheless, the potential for rewards,
the perceived value of the task, and the anticipated success of task performance can enhance
the willingness to invest mental effort (Dietrich et al., 2017; Fromer et al., 2021; Manohar et
al., 2015; Marsh et al., 2016). Contrary, if the task does not seem aligned with students’ per-
sonal goals or interests, their motivation to invest mental effort may decline (Paas et al.,
2005; Yee & Braver, 2018). Moreover, if a task is seen as too simple or excessively difficult,
learners may also become disengaged and less inclined to expend the necessary cognitive re-
sources (Paas et al., 2005).

Automated feedback systems can play a significant role in managing mental effort.
Interactive features such as personalized formative feedback and prompting students to re-
flect on the text and their learning processes can engage learners in active learning, thereby
promoting deeper cognitive processing and better retention of information (Chi, 2009). More-
over, immediate and specific feedback helps learners correct errors and understand concepts
more deeply, which can lead to more efficient schema construction (Hattie & Timperley,
2007). Additionally, formative feedback and prompts directed at the cognitive processes of
summarizing may encourage students to invest more mental effort and engage more deeply
with the task and the related feedback (Graham et al., 2015; B. W. Miller, 2015; Niickles et
al., 2020; Sun et al., 2019).

Thus, mental effort and feedback engagement may reciprocally affect each other. Ad-

ditionally, reciprocal relationships have also been shown between mental effort and
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motivation (Capa & Audiffren, 2009; de Araujo Guerra Grangeia et al., 2016; Dietrich et al.,
2017; Marsh et al., 2016; Paas et al., 2005; Yee & Braver, 2018). Furthermore, motivation
highly predicts engagement in formative feedback (Durik et al., 2006; J. Guo et al., 2016;
Watt et al., 2012). However, systematic investigations of the reciprocal relationships between
mental effort, motivation, and feedback engagement in automated feedback systems are

scarce (Han, 2017).

1.4 Instructional Factors

For designing and evaluating automated formative feedback, instructional factors play
a crucial role. Among these, the type of task significantly shapes how feedback is perceived
and utilized by learners. Summarizing, as a generative task, has unique implications as it re-
quires students to process information deeply, identify key ideas, and reorganize content in
their own words, making it both cognitively demanding and highly beneficial for developing
academic skills (Dunlosky et al., 2013; Fiorella & Mayer, 2016; E. Kintsch, 1990). To sup-
port such tasks effectively, another important instructional factor is the use of prompts (Ahn,
2022; Green & Holman, 2021; Ko, 2009; Wischgoll, 2017). Prompts can scaffold the learning
process by guiding students through specific strategies, potentially complementing the auto-
mated feedback and fostering more structured engagement with the task.

Prompts are frequently used communication tools that bridge the gap between learn-
ers and digital platforms in computer-based learning environments. Designed to guide and
support student interaction with content, prompts enhance learning by targeting cognitive,
metacognitive, and motivational processes. They are widely used to support various aspects
of learning, including knowledge acquisition (Hattie et al., 1996; L. Zheng, 2016), writing
(Proske et al., 2012; Zellermayer et al., 1991), and summarizing (Ahn, 2022; Green &

Holman, 2021). Furthermore, prompts can encourage reflection on the learning process and
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outcomes (Bannert, 2006; Krause & Stark, 2010), promote self-regulation and metacognition
(Engelmann & Bannert, 2021; Lim et al., 2023; Teng, 2022), and guide strategy use during
task processing (Lehmann et al., 2019; Proske et al., 2012; Roscoe & Chi, 2008). A wide
range of studies has investigated the effectiveness of such prompts (Chen & Huang, 2014;
Delen et al., 2014; Engelmann et al., 2021; Hefter et al., 2023; A. M. Johnson et al., 2011;
Krause & Stark, 2010; Lehmann et al., 2019; Roelle et al., 2015; Teng, 2022; Wischgoll,
2016; Yang et al., 2021) and associations between prompts and individual dispositions like
motivation (Gidalevich & Kramarski, 2019; Lehmann et al., 2014; Niickles et al., 2010;
Waischle et al., 2015) and self-efficacy (Gentner & Seufert, 2020; Moos & Azevedo, 2008;
Miiller & Seufert, 2018).

Prompts in summarizing tasks can be designed to activate key cognitive processes and
support self-regulated activities (Niickles et al., 2020). Activating prior knowledge is crucial
for anchoring new information to existing cognitive schemas, making the integration of new
content more efficient (Gurlitt & Renkl, 2010; Mayer, 1997; Piaget, 1950). For example, a
prompt might present the heading of a text and ask students what they already know about
this topic. Furthermore, prompts can encourage learners to identify relevant information for
inclusion in a summary and filter out irrelevant details, enhancing their ability to distill com-
plex information into a coherent summary (Kellogg & Raulerson, 2007; Westby et al., 2010).
This process requires critical thinking and discernment which can be stimulated by prompts
that ask learners to formulate questions answered in the text or to create headings for key as-
pects. Moreover, aligning new information with prior knowledge ensures that learners effec-
tively integrate new concepts into existing cognitive schemas, solidifying their understanding
by embedding it within a broader knowledge context (Becker-Mrotzek et al., 2014; Hidi &
Anderson, 1986). This integration can be encouraged by prompts that ask students to find ex-

amples illustrating key concepts or to clarify unclear, challenging, or unfamiliar passages.
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Additionally, prompts can guide learners in constructing a mental model of the text, helping
them organize and understand the content more coherently, which is crucial for both compre-
hension and recall (E. Kintsch, 1990; Leopold et al., 2019). Questions that ask about the
text’s line of thought or overall structure can facilitate this process. Finally, the step of trans-
lating this mental model into written text, using their own words, requires learners to clearly
and concisely articulate their understanding (E. Kintsch et al., 2000; Perin et al., 2017). This
final step in summarizing reinforces deep cognitive engagement and ensures that learners
have thoroughly processed the information, ultimately enhancing their comprehension and
retention.

For support in self-regulated activities, prompts can support the planning phase by en-
couraging students to set goals, select strategies, and organize resources before engaging with
the task (Kellogg, 1988; Kellogg & Whiteford, 2012). In the context of summarizing, effec-
tive planning helps learners to structure their approach, focus on key concepts and organize
their thoughts effectively, leading to a more coherent and accurate summary (A. L. Brown et
al., 1983). The planning phase can be encouraged through prompts that ask learners to iden-
tify the main points that need to be covered in their summary. Furthermore, prompting to
monitor one’s learning process involves the continuous assessment of one’s understanding
and progress while working on a task (de Silva & Graham, 2015; Zimmerman & Kitsantas,
2007). During summarizing, monitoring enables learners to ensure they are staying on track,
following their plan, and accurately capturing the key points of the material. This ongoing
process helps in identifying any missed details or misunderstandings, allowing for necessary
adjustments. Prompts designed to support monitoring aim to cultivate habits of self-assess-
ment and reflection. For instance, learners might be prompted to re-read certain passages to
clarify aspects that remain unclear. Finally, prompts may address evaluating one’s product,

where learners assess the quality and effectiveness of their work upon task completion
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(Panadero et al., 2017). In summarizing, evaluating involves reviewing the summary to en-
sure that it accurately represents the key ideas, is well-organized, and adheres to the prede-
fined criteria (in this dissertation: content coverage, avoidance of copied words, redundancy
avoidance, relevance, length). Prompts for evaluating encourage a reflective mindset, urging
learners to critically assess their performance and learn from the experience (Engelmann et
al., 2021). For example, learners might be asked whether all main points have been included
and whether redundancy has been effectively avoided.

Research has shown that prompting a combination of both cognitive and self-regula-
tory strategies enhances learning outcomes more than prompting either one of them alone.
For example, Berthold et al. (2007) found that learners who received either cognitive prompts
or a combination of cognitive and self-regulatory prompts learned more than those without
prompts, while self-regulatory prompts alone did not lead to increased learning and resulted
in the use of fewer cognitive strategies. In a replication study, Niickles et al. (2009) showed
that self-regulatory prompts alone could improve learning if accompanied by opportunities
for planning and applying remedial strategies to improve comprehension. However, the most
effective results still came from combining cognitive and self-regulatory prompts. Similarly,
Glogger et al. (2012) found that learners who used both cognitive and self-regulatory strate-
gies outperformed those who used only one type, reinforcing the significance of prompting a
balance of these strategies for optimizing learning outcomes. In addition, Roelle et al. (2017)
found that the sequencing of cognitive and self-regulatory prompts also affects learning out-
comes, with self-regulatory prompts provided first leading to better organization and compre-
hension of content. Learners who engage in self-regulatory processes, such as identifying
gaps and planning remedial strategies before cognitive processing, may develop a stronger

knowledge base, allowing for deeper content elaboration and organization.
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Moreover, the effectiveness of prompts differs depending on students’ levels of strat-
egy sophistication and the development of their educational identities, e.g., how they perceive
themselves as learners and interact with support such as prompts. For students with lower
competencies, prompts can model effective summarizing strategies and activate cognitive
processes, compensating for gaps in their abilities and guiding them through processes they
might not yet have mastered (Gentner & Seufert, 2020). These students often benefit from
structured guidance, as prompts can help scaffold their understanding and provide a frame-
work for organizing their thoughts. Whereas learners who have developed robust self-regula-
tory strategies may use prompts as a reinforcement of their existing approaches (Engelmann
et al., 2021). However, for high-performing students, prompts may sometimes be perceived
as disruptive or redundant, potentially interfering with their more autonomous and sophisti-
cated learning processes (cf. Gidalevich & Kramarski, 2019; Kalyuga, 2014; Niickles et al.,
2010).

Few studies are concerned with the comparison of the effects of automated formative
feedback, instructional prompts, or a combination of both on learning outcomes. In two stud-
ies by Krause and Stark (2010) both reflection prompts and immediate elaborated feedback
enhanced learning outcome. Yet, only reflection prompts influenced students’ perception of
having reflected on their learning. Similarly, van den Boom (2004, 2007) found that reflec-
tion prompts stimulated students to engage in reflective activities and that additional tutor
feedback enhanced these reflections. However, in their studies, prompts and feedback were
provided by peers or human tutors, with the primary learning goal focused on acquiring self-
regulation strategies. The interplay of instructional prompts and automated formative feed-
back without the moderation of humans in a computer-based learning environment about
summarizing has not yet been explored. However, for pedagogical considerations in design-

ing effective learning environments and for deeper understanding learning processes in
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automated feedback systems, it is necessary to examine how instructional prompts and auto-

mated formative feedback influence learner behavior and skill acquisition.

2. The Present Dissertation

The previous sections have highlighted that automated formative feedback systems
allow teachers to effectively provide feedback instantly, simultaneously, and frequently with-
out creating an excessive workload. Hence, with the support of technology, new opportunities
arise to foster university students’ summarizing skills while easing some of the teachers’ time
demands associated with providing formative feedback, particularly in large courses. How-
ever, effectively integrating automated formative feedback systems into university teaching
practices requires a comprehensive understanding of technology-enhanced feedback pro-
cesses. While there already is research on this topic, critical gaps were identified that warrant
further investigation of feedback characteristics (1), individual learner factors (2), and in-

structional factors (3).

1) With regard to the characteristics of feedback, several studies showed that summa-
rizing can be supported with automated formative feedback which informs about certain as-
pects such as content coverage, avoidance of copied words, redundancy avoidance and adher-
ing to short length (e.g. Lenhard et al., 2012; Wade-Stein & Kintsch, 2004). However, most
studies employing such a feedback system have been conducted in elementary and middle
school settings (Lenhard et al., 2012; Sung et al., 2016; Wade-Stein & Kintsch, 2004) aiming
at fostering reading comprehension. Introduced to the university context, it is unclear whether
such an automated formative feedback system can promote summarizing skills in university

students, as well. Furthermore, it is unclear how this feedback system supports the fulfilment
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of the various task criteria (full content coverage, avoidance of copied words, redundancy
avoidance, relevance, and length). Following, a first research question is:

Research question 1.1: How effective is automated formative feedback

in promoting the development of summarizing skills in university stu-

dents over time?

One advantage of automated feedback systems is, furthermore, the formative provi-
sion of real-time feedback in several loops. For example, Sung et al. (2016) operationalized
the number of feedback loops as tool use to determine whether students have been relying on
the tool or enhanced their skills. However, a systematic examination of the effects of forma-
tive feedback and performance such as summary quality has not yet been investigated. Thus,
another research question is concerned with:

Research question 1.2: How does the formative nature of the auto-

mated feedback affect performance improvement?

2) Regarding individual learner factors, feedback engagement is a crucial factor, as
the quality of automated feedback processes largely depends on how recipients utilize the
feedback to its full potential. Currently, research on feedback engagement has primarily hap-
pened in the context of EFL (Y. Liu & Sun, 2021; M. Liu et al., 2017; Hyland & Zhang,
2018; also cf. Pearson, 2024) and focused on qualitative investigations through case studies
(Han & Hyland, 2015; Han & Xu, 2021; Z. Zhang, 2020). Longitudinal research and studies
that thoroughly examine the different dimensions of feedback engagement are scarce (Wang,
2014; Yu, Zhang, et al., 2019). Thus, several questions remain unanswered: How do students
engage with the automated formative feedback over several sessions? Does previous feed-

back engagement affect subsequent engagement? How are the dimensions of feedback
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engagement connected? To examine learners’ engagement with feedback in an automated
formative feedback system for promoting summarizing, the following research question was
formulated:

Research question 2.1: How consistent are students’ cognitive, affec-

tive, and behavioral feedback engagement patterns across several

time points?

Furthermore, research on individual factors influencing feedback engagement has
largely focused on specific aspects, resulting in a limited understanding of the broader dy-
namics. Studies have examined the impact of students’ perceptions (Ali et al., 2018; Carless
& Boud, 2018) and motivation (Malecka & Boud, 2021) on feedback engagement. Similarly,
effort has been explored in the context of general learning engagement (Putwain et al., 2019)
and in relation to reciprocal motivational influences (Dietrich et al., 2017; Marsh et al.,
2016). However, the specific role of mental effort in automated formative feedback engage-
ment remains uninvestigated. Moreover, the reciprocal relationships between mental effort,
motivational resources, and feedback engagement, particularly over time, are still underex-
plored. These gaps raise critical questions: How do learner factors like mental effort and mo-
tivation shape feedback engagement? Are there reciprocal relationships between these factors
and feedback engagement over time? Thus, the following research question is:

Research question 2.2: How do the reciprocal relationships of cogni-
tive and motivational resources impact feedback engagement pro-

cesses in the perspective of time?

3) Moreover, the explicit prompting of summarizing strategies has been shown to be

an important instructional factor (Roscoe & Chi, 2008; Wischgoll, 2017). For example,
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explicitly prompting summarizing strategies can be a complementary approach, as students
may become more aware of these strategies, adopt them, and be able to intentionally use
them when needed (Ahn, 2022; Ko, 2009). However, the effects of offering prompts com-
pared to or in combination with automated formative feedback has not yet been systemati-
cally investigated. Thus, several questions arise: How do instructional prompts targeting sum-
marizing strategies effectively support summarizing compared to automated formative feed-
back? Can such prompts offer an additional benefit compared to feedback alone? Do these
prompts and automated formative feedback activate different activities in the summarizing
process? Hence, the following research questions were formulated:

Research question 3.1: How can instructional prompts support the ac-

quisition of summarizing skills compared to automated formative feed-

back?

Research question 3.2: How does a combination of instructional
prompts and automated formative feedback affect the acquisition of

summarizing skills?

To address these research questions, a computer-based learning environment with au-
tomated formative feedback to foster summarizing skills was developed and evaluated in
three studies based on the three perspectives for designing feedback strategies (cf. Narciss,
2013). The first study examined the effectiveness of automated formative feedback in im-
proving students’ ability to summarize. The second study considered learners’ individual fac-
tors, the reciprocal relationships between mental effort, motivation, and feedback engage-
ment. The third study investigated the interplay of instructional prompts and automated form-

ative feedback in enhancing summarizing skills.
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All three studies were longitudinal, conducted at six measurement points, with under-
graduate elementary education students. For each measurement point students were asked to
summarize a pedagogical scientific text about student-teacher interaction. The texts were se-
lected to have similar levels of text difficulty, as determined by a readability index for Ger-
man texts (LIX; Lenhard & Lenhard, 2014). At the first and last measurement points, partici-
pants submitted their summary but did not receive feedback. For the other four sessions, they
could write their summary, upload it, and receive automated formative feedback up to ten
times, including semantic feedback and score feedback. Semantic feedback marks copied, ir-
relevant, and unknown words and redundant sentences in the students’ summary and details
the redundant sentences in a pop-up window, listing similar sentences by color. In percent-
ages as horizontal bars, score feedback shows the extent to which students’ summaries meet
the task criteria of full content coverage, avoidance of copied words, avoidance of redun-
dancy and length not to exceed 30% of the original text. A detailed description of the learning
environment can be found in manuscript 1.

For all studies, students were asked about their language proficiency, and socio-demo-
graphic data at the beginning of the first task. Time on task, and the number of feedback
loops were monitored during each task processing. For each summary, single aspects of and
overall text quality was assessed with LSA (Landauer, 1999). For the first study, an additional
control group with special education students was collected who summarized the same texts
as the experimental group but did not receive any feedback or comments on their summaries.
For the second study, additionally students’ motivational and cognitive resources as well as
students’ feedback acceptance were assessed at different time points: Students’ self-concept,
and utility/attainment value of summarizing was assessed at the beginning of the first task,
students’ expectancy for success, intrinsic value, and cost was assessed before each task, and

students’ mental effort, and feedback acceptance was assessed after each task. For the third
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study, additional experimental groups were collected with one group receiving prompts for
applying summarizing strategies instead of automated formative feedback and one group re-
ceiving these prompts in addition to the automated formative feedback.

The results of these studies have been reported in three manuscripts (Manuscript 1:
Barkela & Leuchter, 2024a; Manuscript 2: Barkela et al., 2023; Manuscript 3: Barkela &
Leuchter, 2024b) that have been submitted to or published in peer-reviewed journals and are
in the appendix of this dissertation. The methods and key results of the studies are summa-
rized in the following chapters (chapter 2.1-2.3), a detailed description of the studies can be
found in the respective manuscripts. For an overview of the aims, methods and findings of

the articles, see Table 3.
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2.1 Effectiveness of Automated Formative Feedback

The first manuscript (Barkela & Leuchter, 2024a) was concerned with the develop-
ment of an expert computer-based learning environment (FALB) with automated formative
feedback for promoting summarizing. First, design principles and criteria for summarizing
were derived, emphasizing task features that promote the processing of texts. Key criteria for
effective summaries included content coverage, word copying avoidance, redundancy avoid-
ance, and reduced length (Wade-Stein & Kintsch, 2004). Additionally, task designs such as
preventing simultaneous access to the text while writing and setting length limits were high-
lighted for their role in fostering concise and accurate summaries (Hidi & Anderson, 1986;
Hill, 1991). Moreover, formative feedback was identified as relevant for facilitating iterative
revisions, promoting deep text processing, and ensuring adherence to task criteria aligned
with an external standard (Graham, 2018; Kellogg & Raulerson, 2007). Second the computer-
based learning environment F4LB was introduced, detailing its structure and the automated
feedback system based on LSA. Moreover, a composite score was developed and validated to
holistically assess the text quality of summaries.

Regarding research question 1.1, the study examined whether automated formative
feedback effectively improved summarizing skills by analyzing the experimental group’s text
quality across six measurement points compared to a control group. In addition to overall text
quality, changes in single aspects of text quality were explored to identify which aspects of
summarizing were most influenced by automated feedback. Lastly, addressing research ques-
tion 1.2, the study investigated how the number of feedback loops affected summary text
quality, drawing on prior findings that emphasize the importance of iterative revisions and
feedback in the learning process (Bereiter & Scardamalia, 1987; J. A. Butler & Britt, 2010).

To address these research questions, a study was conducted with 138 participants (N =

87 B.Ed. elementary education students in the experimental group, N =51 M.A. special
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education students in the control group). The experimental group used FALB to summarize
the six scientific texts, while the control group summarized the same texts in a computer-
based environment without automated feedback. Results showed that interacting with FALB
significantly fostered summarizing skills. Automated formative feedback led to improve-
ments in text quality, aligning internal and external reference standards (cf. Narciss, 2017).
Additionally, the automated formative feedback may have fostered consistent monitoring and
engagement, sustaining high performance even in the final session without feedback, that
suggests an effective transfer of feedback insights.

The feedback particularly supported adherence to predefined length and the avoidance
of word copying while maintaining high content coverage. These cognitive processes are es-
sential for constructing a mental model of the text. However, redundancy avoidance was not
improved, possibly reflecting unelaborated prior knowledge and insufficient skills in writing
concisely. Limited prior knowledge may hinder the ability to infer, condense the gist, and re-
organize ideas, making concise summaries challenging to produce. Finally, a positive rela-
tionship was observed between the number of feedback loops and text quality, indicating that
frequent revisions enhanced summary quality.

Two questions emerge from the discussion of the results in the first manuscript. First,
while engaging in more feedback loops leads to better outcomes, there are interindividual dif-
ferences in how effectively learners utilize formative feedback. This underscores the need to
investigate feedback engagement in relation to individual prerequisites. Given the communi-
cative and interactive nature of feedback processes, particularly in automated systems where
the learners’ willingness to engage with feedback is the driving force, it is essential to explore
both feedback engagement and the individual factors influencing it. This is addressed in the
second study of this dissertation which investigates relationships between engagement with

automated formative feedback and learners’ prerequisites (see chapter 2.2).
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Second, the observed low levels of redundancy avoidance suggest that while auto-
mated formative feedback effectively supported the revision phase of writing, it may have
overlooked the planning phase. As a result, students might not have developed strategies to
condense core aspects of the text and restructure ideas—key activities typically emphasized
during planning. This gap is considered in the third study of this dissertation that incorporates

support for the planning phase and compares different forms of support (see chapter 2.3).

2.2 Impact of Cognitive and Motivational Resources on Feedback Engagement

The second manuscript (Barkela et al., 2023) examined the consistency of and recip-
rocal relationships between cognitive, affective, and behavioral feedback engagement, and
cognitive and motivational resources. Research has shown that automated formative feedback
can promote summarizing skills effectively (Chew et al., 2019; Lenhard & Lenhard, 2014;
Sung et al., 2016). However, its effectiveness highly depends on the individual engagement
with feedback (Handley et al., 2011; Price et al., 2011). Potential individual factors that may
affect the level of feedback engagement are cognitive and motivational resources (Han,
2017). Addressing research questions 2.1 and 2.2 of this dissertation, suitable measures were
theoretically derived for 1) cognitive, 2) affective, and 3) behavioral feedback engagement
and specified a model with direct, indirect, and lagged effects which integrated the three di-
mensions of feedback engagement and related them to cognitive and motivational resources
in the perspective of time.

To test the model, a study was conducted with 330 B.Ed. elementary education stu-
dents. Over a four-session intervention focused on summarizing texts, students’ motivational
resources were assessed using the expectancy-value theory (Eccles & Wigfield, 2020), while

cognitive resources were evaluated based on the level of invested mental effort (Naismith et
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al., 2015; Paas, 1992). Previous performance was measured as the final text quality score
from the previous session. Absolute model comparisons indicated a good fit.

First, the interaction among the three dimensions of feedback engagement was exam-
ined. Cognitive feedback engagement was positively related to affective and behavioral feed-
back engagement, while affective feedback engagement showed a negative association with
behavioral feedback engagement. Moreover, previous affective and behavioral feedback en-
gagement strongly predicted subsequent engagement in these dimensions. However, no sig-
nificant correlation was found between previous and subsequent cognitive feedback engage-
ment. Second, the relationships between the three dimensions of feedback engagement and
previous performance, as well as cognitive and motivational resources, were analyzed. 1)
Cognitive feedback engagement was positively associated with previous performance but
showed no significant associations with cognitive or motivational resources. 2) Affective
feedback engagement was positively associated with intrinsic value but negatively related to
situational expectancies, invested mental effort, and previous performance. 3) Behavioral
feedback engagement exhibited a positive association with situational expectancies and in-
vested mental effort. These findings suggest the importance of encouraging students to allo-
cate greater mental resources to seeking feedback more frequently, thereby enhancing their

behavioral engagement in the learning process.

2.3 Interplay of Instructional Prompts and Automated Formative Feedback

The third manuscript (Barkela & Leuchter, 2024b) focused on the effects of different
forms of support and related pedagogical considerations. Research has shown that instruc-
tional prompts are a suitable support in computer-based learning environments as they can
activate the use of effective summarizing strategies (Ahn, 2022; Green & Holman, 2021;

Leopold et al., 2019). Likewise, research has emphasized the important role of individualized
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formative feedback (Graham, 2018; Schunk & Rice, 1991). Yet, a systematic comparison of
supporting summarizing skills through instructional prompts versus automated formative
feedback, as well as the complementary effects of combining these approaches, has not yet
been conducted (cf. Krause & Stark, 2010; van den Boom et al., 2004, 2007). Therefore, ad-
dressing research question 3.1 of this dissertation, the study investigated the effectiveness of
instructional prompts compared to automated formative feedback in improving summarizing
skills. Additionally, it examined whether combining prompts and feedback offers further ben-
efits in enhancing these skills and analyzed their complementary effects, as addressed in re-
search question 3.2.

For this purpose, a study was conducted with 254 B.Ed. elementary education stu-
dents (feedback group: N = 87, prompt group: N = 75, combi group: N = 92). The feedback
and combi groups summarized six scientific texts using the computer-based learning environ-
ment FALB, while the prompt group summarized the same texts in a learning environment
where instructional prompts were provided but without external feedback. To ensure the va-
lidity of the findings, external influences such as time on task, language proficiency, and text
difficulty were controlled for. Results showed that instructional prompts alone supported the
development of summarizing skills, albeit to a lesser extent than automated formative feed-
back. Combining the two did not yield significant additional benefits. This finding may sug-
gest a ceiling effect, indicating that learning potential is maximized with automated formative
feedback. However, students in the combi group requested slightly less formative feedback,
suggesting a possible substitution effect, where prompts reduced their reliance on feedback.
Interestingly, and contrary to prior studies (cf. Manwaring et al., 2017; Z. Zhang & Hyland,
2022), neither time on task nor text difficulty influenced the number of feedback loops, point-

ing to other factors as key drivers of feedback engagement.
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3. General Discussion

The aim of this dissertation was to explore whether and under what conditions auto-
mated formative feedback can effectively enhance summarizing skills among university stu-
dents. This is important because, promoting summarizing at university can support students’
academic development, reading comprehension, and writing competency (Dunlosky et al.,
2013; J. Li, 2014; Mok & Chan, 2016; Schoonen, 2019). However, academic staff often has
not enough resources to offer immediate, simultaneous, and frequent feedback for these fun-
damental skills. Computer-based learning environments with automated formative feedback
can help alleviate teachers’ workload while supporting students to develop their skills in sum-
marizing. However, as discussed earlier in this dissertation, several research gaps remained
so far leading to important research questions (cf. pp 8f. & 35ff.). To address these, auto-
mated formative feedback processes were investigated in three studies, focusing on the fol-
lowing perspectives: characteristics of the feedback, individual learner factors, and instruc-
tional factors (Narciss, 2013, 2017). In the following, the three studies and their results will
be discussed regarding their potential to answer the research questions and their overall con-
tribution to the field. Moreover, a critical discussion of the limitations and an outlook on fu-
ture research perspectives will be given. For an overview of the results presented in the arti-

cles, see Table 4 (p. 66).

3.1 Discussion of the Research Questions

3.1.1 Research Question 1.1: How effective is automated formative feedback in pro-
moting the development of summarizing skills in university students over time?
To examine the effects of automated formative feedback, a feedback algorithm based

on LSA was implemented in an online learning environment for summarizing in an elemen-

tary education bachelor’s program. The first study of this dissertation was concerned with the
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effectiveness of automated formative feedback provided over several sessions compared to a
control group. Students who received automated formative feedback were more likely to im-
prove their summaries’ text quality over the six sessions than students in the control group
who had no support and did not improve. Accordingly, in the third study, participants in the
experimental group who received automated formative feedback again significantly improved
their summaries’ text quality over the six sessions. These results corresponds to previous
findings which attribute a high degree of effectiveness to automated formative feedback
(Lenhard et al., 2012; Wade-Stein & Kintsch, 2004; cf. Lenhard, 2008).

In the first study, the control group wrote their summaries based solely on their inter-
nal understanding of what constitutes an effective summary. According to the ITF model
(Figure 2), since the students did not receive any external support or feedback, they relied
solely on internal feedback, generated within the model’s left loop. This loop represents the
self-regulatory cycle, where learners engage in internal information processing and internal
assessment like monitoring their understanding of the text and evaluating their summaries
against personal standards, without external input. Although the task criteria were communi-
cated, the students’ interpretation of these criteria was shaped by their individual reference
standards. As a result, their ability to assess the gap between their current performance and
the desired outcome was limited by these personal benchmarks, lacking an external reference
to guide their evaluation. Consequently, without external feedback to trigger adjustments in
their approach, the students’ potential to acquire more advanced summarizing skills or im-
prove their performance was constrained. Any improvement in their summaries would likely
occur at random and only if they happened to reinterpret the task criteria and adjust their in-
ternal reference standards in subsequent sessions. However, such a reinterpretation without

external impulses is rather unlikely (Vosniadou, 2008).
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Figure 2

Simplified ITF Model Applied to Summarizing Tasks (Narciss, 2006, 2013)
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In the experimental group, students received external feedback, which activated both

loops of the ITF model (Figure 2). Unlike the control group, who could rely solely on internal

feedback in the left loop, the experimental group benefited from external feedback, allowing

interaction between both the left and right loops of the model. The external feedback con-

sisted of semantic feedback, which explicitly marked phrases needing improvement. These

cues activated the left loop and encouraged students to repeatedly evaluate their drafts against

the external reference standard and adjust their internal standards accordingly. Furthermore,

students engaged in internal cognitive processes such as monitoring their understanding of

the text and self-evaluating their summaries. However, unlike the control group, their internal

reflections were continuously informed by external feedback, enhancing their ability to self-

regulate. In the right loop, the external feedback provided a reference point, set by the expert

summary, against which students could measure their performance. Along with semantic

feedback, students received score feedback that illustrated their performance levels in
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horizontal bars in percentages, making the external standard visually clear. This visualization
allowed students to directly compare their internal representations of the task criteria and
their drafts with the external benchmark. As a result, they could more easily identify gaps be-
tween their actual performance and the desired outcomes, enabling them to revise their sum-

maries accordingly.

The first manuscript investigated how effectively students improved across individual
criteria, aiming to understand how automated feedback promotes summarizing skills. The re-
sults showed that students were able to include all relevant aspects from the start. Criteria
with clear benchmarks, such as requiring summaries to be 20-30% of the original text and
limiting copied words to less than 30%, were quickly learned and adhered to by the students.
However, the automated feedback did not effectively foster redundancy avoidance. The diffi-
culty in avoiding redundancy can be understood through a combination of factors related to
prior knowledge, the elaboration of mental models, and the design of the feedback itself. Ac-
tivated and elaborated prior knowledge plays a critical role in how students process and or-
ganize information. When students possess insufficient or underdeveloped prior knowledge,
it limits their ability to identify core ideas, make inferences, and effectively condense infor-
mation (Kellogg, 1987; K. Kim et al., 2019; Mason et al., 2013; McCarthy & McNamara,
2021). This lack of knowledge often leads to surface-level processing, where students strug-
gle to filter non-essential details, resulting in overly detailed or redundant summaries (Chi,
2009). In addition, students may have lacked elaborated mental models, which are crucial for
restructuring and reorganizing text in a meaningful way. Summarizing requires integrating
new information into the cognitive framework, and without well-developed mental models,
students are likely to retain irrelevant details or repeat content, further contributing to redun-

dancy (Hathorn & Rawson, 2012; M. K. Kim & McCarthy, 2021; van Dijk & Kintsch, 1983).
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Another possible reason for the lack of redundancy avoidance can be attributed to the
design of the automated feedback system. The feedback may not have been entirely clear in
explaining why specific passages were marked as redundant. This lack of clarity may have
prevented students from fully understanding and applying the feedback to improve their abil-
ity to write concisely. Moreover, the feedback primarily supported the revision phase of writ-
ing but did not address the planning phase, where students would need to engage more deeply
in condensing and reorganizing the text’s ideas (Chew et al., 2019). Without clear guidance
during this important initial phase, students might have been unable to fully restructure the
content into a concise format, leading to persistent redundancy. This issue was addressed in
the third manuscript (see 3.1.5, 3.1.6). First, the formative provision of real-time feedback in

several loops is examined by discussing the second research question:

3.1.2 Research Question 1.2: How does the formative nature of the automated feed-
back affect performance improvement?

Both the first and the third study positively associated the number of feedback loops
to the text quality of the summaries. This suggests that the formative nature of the automated
feedback fosters higher performance. According to the ITF model, the automated formative
feedback facilitates an iterative interplay between the left and right feedback loops enabling a
more structured and purposeful revision process. By aligning their internal reference stand-
ards with the external standard, students may not only have improved their current summaries
but also internalized better summarizing skills for future tasks, leading to improved perfor-
mance in subsequent sessions. External feedback in the right loop informed and adjusted the
internal feedback in the left loop, which might have prompted students to continuously refine
not only their summarizing skills but also self-regulation strategies (cf. Clark, 2012). By con-

sistently highlighting areas for improvement, the automated formative feedback may have
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motivated students to maintain higher performance levels, thereby enhancing their motiva-
tional regulation. This is in line with former research that emphasizes that formative feedback
fosters self-regulated learning (Black & Wiliam, 2018; Clark, 2012; Nicol & Macfarlane-
Dick, 2006).

Furthermore, revising is not only about correcting but also about re-engaging with the
material to deepen comprehension. When students are encouraged to revise their drafts, they
may also restructure their ideas, identify gaps in their understanding, and incorporate new in-
sights (cf. Bereiter & Scardamalia, 1987; Hayes et al., 1987). This iterative process fosters
higher-order thinking and can significantly enhance the quality of the final summary. Moreo-
ver, students who frequently seek feedback may already possess, or be more likely to de-
velop, more sophisticated strategies for processing and applying that feedback compared to
their peers who do not engage with feedback as often (G. T. L. Brown et al., 2016; D. L.
Butler & Winne, 2016; Narciss, 2017). They tend to approach feedback with an openness to
change, demonstrating the ability to assess the relevance of external input, understand it, and
adjust their internal standards accordingly. This is crucial, as feedback-seeking behavior is
linked to deeper engagement with the material and a more deliberate revision process (Z.
Zhang, 2020). The immediate availability of feedback after each revision may also serve as a
direct incentive for students to uphold high standards and strive for continual improvement.
Thus, automated formative feedback may motivate students to engage in careful revisions
and promote the attainment of higher text quality, ultimately reinforcing the positive effects
of interacting with automated feedback systems (M. Liu et al., 2017; Roscoe et al., 2015).
Additionally, continuous feedback not only guides current work but may also be able to es-
tablish a routine for revising. This pattern is evident in the second study, where a cross-lagged

panel analysis revealed consistent behavior in iterating feedback loops over time.
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Yet, in both the first and the third studies, individual differences in the extent to which
students engaged in multiple feedback loops were observed. Thus, in the following the effect
of individual dispositions on the individual feedback engagement will be investigated and

considerations how to operationalize the feedback engagement construct will be made.

3.1.3 Research Question 2.1: How consistent are students’ cognitive, affective, and be-
havioral feedback engagement patterns across several time points?

The results of the second manuscript indicate that affective and behavioral feedback
engagement are relatively stable across multiple sessions, with medium to high associations
between engagement levels from one session to the next. This stability is consistent with the-
oretical understandings of the subconstructs presented before (cf. 1.3.2). Affective feedback
engagement, which includes students’ perceptions of feedback, the value they place on it, and
the development of their educational identities, tends to develop gradually over time and is
therefore less prone to major fluctuations within a semester (Chong, 2021; Sutton, 2012). Be-
havioral feedback engagement, which reflects the extent of student activity initiated by the
feedback, also exhibits consistent patterns, with students maintaining stable engagement in
feedback loops. This behavioral stability may indicate that students already possess routine
strategies for processing feedback, as evidenced by their recurring engagement patterns (cf.
3.1.2, p. 46).

Yet, affective and behavioral feedback engagement are negatively correlated. This
suggests that when students perceive feedback as less valuable, they tend to engage in more
feedback loops. Contrary to conceptualizations of engagement with teacher or peer feedback,
this increased behavioral engagement may act as a compensatory mechanism to reconcile
doubts about the feedback’s usefulness or informativeness. Students with a low affective en-

gagement may still engage behaviorally by revisiting feedback multiple times, either to
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confirm their initial doubts or to test the feedback’s validity. This behavior aligns with re-
search indicating that students sometimes approach feedback with a skeptical or exploratory
mindset, especially in settings where feedback is automated and might appear impersonal or
unclear (Handley et al., 2011; Seifried et al., 2016; also cf. van der Kleij & Lipnevich, 2021).
Furthermore, students may engage in iterative feedback loops as part of their self-regulation
strategy to improve performance, even if they initially view the feedback skeptically
(Zimmerman, 2000). In such cases, behavioral engagement may not stem from a positive af-
fective reaction but rather from a pragmatic or instrumental approach, where students use
feedback to refine their work regardless of their perceived value of it. This highlights a poten-
tial disconnect between affective engagement and behavioral engagement in automated feed-
back systems, particularly when students adopt a try-and-see strategy to gauge the feedback’s
impact on their performance.

In contrast, cognitive feedback engagement shows no consistency across sessions, in-
dicating it may be more context-dependent and influenced by factors beyond prior cognitive
engagement. This suggests that, while affective and behavioral engagement are shaped by
more stable attitudes and habits, cognitive engagement either fluctuates based on task specific
circumstances, such as text difficulty, or individual dispositions, such as the learners’ perfor-
mance levels (Hattie & Timperley, 2007; Shute, 2008). The second study found that prior per-
formance positively impacts how feedback is interpreted and applied, subsequently influenc-
ing improvements in text quality. This finding suggests that higher-performing students may
be more persistent in refining their summaries in response to feedback. This is also reflected
in the moderate correlation between cognitive and behavioral feedback engagement confirm-
ing theory that suggests that cognitively engaged students know of the learning potential of
the feedback and how to use it to improve their work (Price et al., 2011; Sutton, 2012). The

correlation further supports the positive impact of iterative feedback loops on text quality,



50 General Discussion

aligning with the findings of the first and third articles. Additionally, a slight positive correla-
tion between cognitive and affective feedback engagement suggests that students who signifi-
cantly improved their text quality place higher value on the automated formative feedback

(Winstone et al., 2017). Overall, while students may approach automated formative feedback
cautiously, the accessibility and motivating aspects of formative feedback encourage engage-
ment in iterative revisions (M. Liu et al., 2017). This process may reduce the negative impact
of affective feedback engagement in shaping learning outcomes, helping to bridge gaps in

students’ learning strategies and self-regulation abilities.

3.1.4 Research Question 2.2: How do the reciprocal relationships of cognitive and mo-
tivational resources impact feedback engagement processes in the perspective of
time?

The second study used cross-lagged panel analysis across four intervention points,
modeling the three dimensions of engagement as dependent variables, with cognitive and mo-
tivational resources as predictive variables. The complex model showed direct effects of 1)
situational motivational subconstructs, and 2) mental effort on affective and behavioral feed-
back engagement, 3) two reinforcing reciprocal relationships, and 4) no effects of motivation
and mental effort on cognitive feedback engagement. 1) The situational motivational subcon-
structs a) expectancy for success, b) intrinsic value and ¢) cost and their direct impact on
feedback engagement are discussed. a) Expectancy for success explained a notable variation
in affective and behavioral feedback engagement. Theory suggests that students who believe
they are capable of succeeding are more likely to value feedback and act on it (Eccles &
Wigfield, 2020). High expectancy for success typically encourages students to appreciate
feedback and engage with it behaviorally by taking more iterations, as they see it as aligned

with their goals (Putwain et al., 2019; Wu & Kang, 2021). However, in the second study of
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this dissertation, students with higher expectancy for success showed lower feedback ac-
ceptance, possibly because feedback inconsistent with their high expectations may have
caused disappointment. Research on self-efficacy and feedback acceptance indicates that
such students may protect their self-efficacy beliefs by questioning the feedback’s accuracy
or attributing poor performance to external factors like bad luck (Nease et al., 1999; Silver et
al., 1995).

In contrast, b) intrinsic value, which represents the inherent interest and enjoyment a
student finds in the task, impacted only affective feedback engagement. Thus, when students
are intrinsically motivated, they are more likely to appreciate feedback and feel emotionally
engaged with the learning process, as feedback aligns with their intrinsic enjoyment of the
task (Durik et al., 2006; J. Guo et al., 2016; Watt et al., 2012). However, intrinsic value alone
does not necessarily drive necessarily behavioral actions, such as revising and resubmitting
work, which are more influenced by students’ belief in their capability to succeed and the
mental effort they have invested.

c¢) Cost did not directly impact any of the three dimensions of feedback engagement
but did explain invested mental effort. According to cognitive load theory, high costs can
make tasks feel burdensome, potentially reducing students’ willingness to engage with feed-
back (Sweller, 2011). This effect was observed in the second study, where cost positively in-
fluenced students’ perceptions of cognitive burden when processing the task and its feedback.
However, in the context of a university tutorial, costs might have a limited impact on stu-
dents’ willingness to engage with feedback, as completing tasks is part of their academic re-
sponsibilities. Instead, students’ perception of task burden and the effort required depends on
specific costs, such as stress during processing or the need to forgo other activities to priori-

tize solving the task.
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2) In turn, the perceived burden caused by the invested mental effort affected their
feedback engagement. This is seen in the associations between invested mental effort and a)
affective and b) behavioral feedback engagement. a) Students who invested more mental ef-
fort were more likely to question the valence of the feedback they received. This aligns with
prior research on emotional responses to automated feedback, which highlights that students
often perceive automated feedback as less credible or personalized compared to teacher-pro-
vided feedback (G. T. L. Brown et al., 2016; Seifried et al., 2016; van der Kleij & Lipnevich,
2021). When students experience a discrepancy between their perceived mental effort, their
anticipated success, and the (potentially poorer) assessment provided by the feedback, they
may react defensively or skeptically toward the feedback’s validity and thus be inclined to
disqualify or reinterpret the feedback rather than using it constructively for revision (Carless
& Boud, 2018; Winstone et al., 2017). b) Higher mental effort resulted in higher behavioral
feedback engagement. This relation demonstrates the consistency between students’ percep-
tion of their investment of mental effort and their activity level with the automated formative
feedback. Students who felt they dedicated more cognitive resources to improving their sum-
maries also actually made more extensive use of the opportunities provided by the formative
feedback.

Last, the findings also highlight the pivotal role of mental effort in the relationship be-
tween motivation and feedback engagement. Specifically, prior invested mental effort in-
creases subsequent cost, which further amplifies mental effort (Feldon et al., 2019; Plass &

Kalyuga, 2019).

3) The findings also revealed two reinforcing reciprocal relationships. The first is be-
tween expectancy for success and behavioral feedback engagement, where prior behavioral

feedback engagement positively impacts subsequent expectancy, which further increases
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behavioral feedback engagement. The second relationship is between intrinsic value and af-
fective feedback engagement, with previous affective feedback engagement enhancing subse-
quent intrinsic value, which in turn boosts affective feedback engagement. This intercon-
nected dynamic highlights the importance of leveraging these relationships to design inter-
ventions that promote sustained engagement and motivation. For instance, strategies aimed at
encouraging multiple feedback loops and creating meaningful, relevant tasks can capitalize
on these reciprocal effects to enhance both expectancy for success and intrinsic value over
time. When students perceive a task as meaningful or believe in their ability to succeed, they
are more intrinsically motivated to allocate greater mental effort. Enhancing these motiva-
tional drivers can thus foster deeper engagement with feedback and support the cognitive pro-

cesses necessary for effective summarizing.

4) In contrast, none of the motivational sub-constructs nor invested mental effort di-
rectly impacted cognitive feedback engagement. Instead, cognitive feedback engagement—
the change in text quality within a session—appears to rely more on prior knowledge than on
motivational factors. This aligns with evidence from the second study, where previous perfor-
mance predicted subsequent cognitive feedback engagement. Students who submitted higher
quality summaries in the previous session were also more likely to make further improve-
ments in the subsequent session, indicating higher cognitive feedback engagement. Interest-
ingly, invested mental effort did not impact cognitive feedback engagement. However, cogni-
tive feedback engagement influenced the level of invested mental effort, revealing a nuanced
relationship between the two constructs. Specifically, students who successfully integrated
feedback insights into their summaries and significantly improved their text quality also re-

ported substantial mental effort. However, the perception of exerting significant mental effort
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does not necessarily translate into successfully applying feedback insights or achieving meas-

urable improvements in text quality.

In conclusion, the findings reveal that different dimensions of feedback engagement
are uniquely shaped by students’ motivational and cognitive resources, offering valuable in-
sights into learner interactions with automated formative feedback in technology-enhanced
environments. Encouraging students to allocate greater mental resources to seeking feedback
more frequently emerges as a key strategy for enhancing behavioral engagement in the learn-
ing process. Building on these insights and considering the potential benefits of additional
guidance during the planning phase as highlighted in research question 1.1 (p. 42), the next

sections examine the support potential of instructional prompts.

3.1.5 Research Question 3.1: How can instructional prompts support the acquisition of
summarizing skills compared to automated formative feedback?

Over the course of six sessions, students who received instructional prompts showed a
noticeable improvement in their summarizing skills. This aligns with previous research
demonstrating the positive impact of guided summarizing activities on enhancing students’
summarizing abilities (Ahn, 2022; Lehmann et al., 2019; Wischgoll, 2017). However, while
the group receiving prompts made progress, their improvement was less significant than that
of the group receiving automated formative feedback.

In computer-based learning environments, instructional prompts play a crucial role in
facilitating the interaction between students and the learning material, often acting as a bridge
in the absence of real-time teacher intervention. The instructional prompts used in the third
study were specifically designed to guide students through summarizing strategies. Summa-

rizing strategies involve activities that coordinate both cognitive processes related to
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summarizing and self-regulation (Hidi & Anderson, 1986). For example, the prompts encour-
aged students to activate prior knowledge, ask clarifying questions, and identify key points in
the text that were either unfamiliar or posed challenges. By prompting these activities, stu-
dents were encouraged to align new information with their existing knowledge, integrate new
concepts into their cognitive frameworks, and construct a coherent mental model which are
key processes of summarizing (Doolittle et al., 2006; Palinscar & Brown, 1984). These steps
are essential for deep engagement with the text and foster a more comprehensive understand-
ing. As a result, this process not only aids comprehension but also supports the restructuring
of the material, enabling students to summarize the content concisely in their own words
(Garner, 1982; Head et al., 1989; Mok & Chan, 2016). Furthermore, the instructional prompts
encouraged students to reflect on their understanding of the text and plan their summary.
Berthold et al. (2007), Niickles et al. (2009), and Glogger et al. (2012) have shown that
prompting a combination of cognitive and self-regulatory strategies is best for enhancing
learning outcomes. Furthermore, repeated explicit prompting of these strategies may have
helped students to become aware of and adopt these strategies leading to enhanced perfor-
mance (Ahn, 2022; Ko, 2009). This is also shown in the third study where the experimental
group who received instructional prompts improved their summaries throughout the interven-
tion, maintaining elevated text quality in the post-test.

However, compared to the experimental group who received automated formative
feedback, the improvement was relatively low. This may be explained with four reasons:
First, while prompts promoted the planning phase of the writing process, they did not provide
an external reference standard of the task criteria and a good summary. Therefore, the suc-
cessful monitoring and evaluating of their summaries was dependent on the students’ internal
reference standard. The implications of relying solely on the internal reference standard to

evaluate one’s summary was discussed in the first research question (cf. 3.1.1). These
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implications also apply here. In contrast to the control group in the first study, which did not
receive any support, the experimental group in the third study, however, was provided with
prompts that promoted the use of summarizing strategies, and thus were able to improve

slightly.

Second, to use prompts effectively, a common ground of understanding the purpose
and aim of the prompts is necessary. However, varying levels of strategy sophistication and
development of educational identities can influence students’ interpretation of the prompts
(cf. Sutton, 2012). Students with more advanced summarizing strategies or stronger metacog-
nitive awareness are likely to recognize the deeper purpose of the prompts, using them as
tools for reflection, cognitive engagement, or reinforcement of their existing approaches,
seamlessly integrating them into their cognitive processes to enhance learning (cf.
Engelmann et al., 2021). These students tend to see prompts as opportunities to refine their
thinking, integrate new knowledge, and enhance their comprehension. In contrast, for high-
performing students who have already cultivated autonomous and sophisticated learning
strategies, prompts may sometimes be perceived as disruptive or redundant. Instead of en-
hancing their learning, the prompts may interfere with their established self-regulation pro-
cesses, leading to frustration or disengagement (cf. Gidalevich & Kramarski, 2019; Kalyuga,
2014; Niickles et al., 2010). These students may feel that the prompts offer little added value,
as they already possess the skills needed to self-regulate and summarize effectively without
external guidance. On the other hand, students with less developed strategies or those still
forming their educational identities may struggle to see the purpose of the prompts (cf. de
Silva & Graham, 2015). Without a solid foundation in self-regulation, they may interpret the
prompts as mere calls to action, rather than as opportunities for deeper cognitive engagement

and reflection. Their limited understanding of the value behind these strategies can lead to a
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more superficial use of the prompts, where they focus on completing tasks rather than reflect-

ing on the learning process.

Third, the prompts were provided only once at the beginning of the session, which
limited their ability to offer ongoing support throughout the summarizing process. This single
instance of guidance may not have supported students in managing the challenges that arise
during revision, such as maintaining focus, or persisting through difficult sections of the text.
Revising drafts is a critical component of summarizing because it allows students to refine
their understanding, clarify their thoughts, and improve the organization and accuracy of their
summaries (cf. Bereiter & Scardamalia, 1987; Hayes et al., 1987). As prompts did not address
the iterative revision phase, students may have missed opportunities to critically review and

improve their work, potentially leading to superficial or incomplete summaries.

Fourth, as highlighted in the second manuscript, motivational regulation is a key fac-
tor in the summarizing process. Additionally, as demonstrated in the first and third manu-
scripts, formative feedback helps foster motivation by encouraging students to engage more
actively in feedback and revision cycles. Effective summarizing is a cognitively demanding
task that requires sustained effort and engagement. Unlike the experimental groups in the first
and third studies that received automated formative feedback, the group receiving prompts
did not have motivational support throughout the session. As a result, these students may
have struggled to maintain motivation and invest the effort needed to revise multiple times,
especially when faced with challenging texts (cf. Gieseler et al., 2020; Kool et al., 2010;
Shenhav et al., 2017; Yee & Braver, 2018). Consequently, their improvement was not as sig-

nificant as that of the students who received automated formative feedback.
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Another focus of the third manuscript was the question if the positive effects of
providing instructional prompts and automated formative feedback can further promote the
learning of effective summarizing skills when combined. Thus, the last research question is

discussed in the following:

3.1.6 Research Question 3.2: How does a combination of instructional prompts and
automated formative feedback affect the acquisition of summarizing skills?

Given the supportive potential of instructional prompts (Ahn, 2022; Wischgoll, 2017)
and automated formative feedback (Lenhard et al., 2012; Wade-Stein & Kintsch, 2004) a
combination of both should maximize learning potential. Thus, in the third study, an experi-
mental group receiving both instructional prompts and automated formative feedback was
compared to two other groups, one receiving only automated formative feedback and the
other receiving only instructional prompts. While the combination group showed signifi-
cantly greater improvement in summarizing skills compared to the prompts group, it did not
outperform the feedback group over the course of the six sessions. The higher performance of
both the combination and feedback groups, relative to the prompts group, can be attributed to
the provision of automated formative feedback (see 3.1.1, 3.1.2, 3.1.5).

The combination of instructional prompts and automated formative feedback offers a
nuanced approach to fostering summarizing skills, yet the expected synergy between the two
does not necessarily yield higher learning outcomes compared to feedback alone. The pri-
mary driver behind the learning gains in both the feedback-only and combination groups ap-
pears to be the formative nature of the automated feedback, which effectively guided students
through iterative cycles of revision. This feedback provided immediate, objective assess-
ments of students’ work, helping them align their drafts with the external standards of high-

quality summaries. By continuously refining their texts based on this feedback, students in



General Discussion 59

both groups improved their summarizing skills, demonstrating sustained progress over time
(cf. 3.1.1, 3.1.2). The fact that the combination group did not outperform the feedback-only
group suggests a potential ceiling effect, wherein the automated formative feedback already
maximized students’ learning potential. In other words, the feedback may have effectively
elevated performance to a point where additional scaffolding, such as prompts, offered di-
minishing returns. Automated formative feedback not only pointed out areas for improve-
ment but also promoted self-regulation by encouraging students to align their internal under-
standing of summary quality with external benchmarks. This alignment likely pushed stu-
dents toward their upper limit of performance, leaving little room for the instructional
prompts to further enhance learning outcomes.

The prompts, which aimed to activate cognitive processes such as prior knowledge
and mental model construction, probably contributed to students’ initial drafting. By guiding
students to reflect on key aspects of the text and plan their summaries thoughtfully, the
prompts facilitated the organization and structuring of ideas early in the writing process.
However, this guidance may have led to a substitution effect, where the mental effort in-
vested in following the prompts reduced the perceived need to fully engage with the auto-
mated feedback loops. The prompts may have been viewed as sufficient for addressing the
task, causing students in the combination group to engage in fewer iterative revisions com-
pared to those in the feedback-only group.

From an ITF model perspective, students in the feedback-only group may have ap-
proached the task with less structure initially but compensated for this by engaging more
deeply with the feedback during the revision phase. The iterative nature of the feedback al-
lowed them to progressively refine their drafts, aligning more closely with the quality stand-
ards over time. The external feedback loop acted as a formative mechanism, constantly in-

forming their internal feedback processes, thereby promoting both the refinement of their
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summarizing skills and their ability to self-regulate. In contrast, the students in the combina-
tion group, may have seen the prompts as addressing most of the summarizing task require-
ments, potentially leading them to perceive the feedback as more of a summative evaluation
than formative guidance. With the prompts already providing a scaffold for structuring their
initial drafts, these students may not have felt the same need to engage in multiple feedback

loops for further improvement, as demonstrated in the findings of the third article.
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3.2 Overall Contribution of the Dissertation to the Field

The studies and findings presented and discussed above have implications for 1) auto-
mated formative feedback in higher education, 2) the importance of learner factors, and 3)
pedagogical considerations.

1) Automated feedback systems for summarizing have predominantly been employed
in elementary schools, focusing on reading comprehension (Lenhard et al., 2012; Wade-Stein
& Kintsch, 2004). However, developing such a system for the university context with the aim
to additionally foster aspects of writing, such as expressing oneself in own words and redun-
dancy avoidance, has not yet been explored. Furthermore, research in this context on explicit
feedback on textual features and their long-term development has largely been overlooked.
This research bridges that gap by adapting and enhancing a German feedback system
(conText; Lenhard et al., 2013) originally designed for younger students and applying it to
undergraduate university students. In the first manuscript, this feedback system proved effec-
tive in promoting summarizing skills, with students improving significantly in three of four
evaluated criteria. This finding reinforces the potential for LSA-based feedback to be applica-
ble beyond elementary and middle school settings, suggesting its versatility across educa-
tional levels.

The implications of this work extend beyond the development of summarizing skills.
Automated formative feedback systems provide opportunities for individualized learning sup-
port without adding to educators’ workloads. Through practicing effective summarizing, stu-
dents acquire a foundational learning strategy that enhances their ability to engage with aca-
demic texts. Reading academic texts that address core aspects of teaching may encourage stu-
dents to value scientific literature as a foundation for linking theory and practice in their on-
going professional development. This deeper engagement supports academic success, as ef-

fective learning strategies and a profound theoretical knowledge base are closely tied to
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improved performance in both academic studies (Dunlosky et al., 2013) and professional
contexts (Kunina-Habenicht, 2020).

Furthermore, the results of the first and third manuscripts contribute to the field by
systematically linking formative feedback to enhanced performance in summarizing tasks.
While the theoretical connection between formative feedback and improved learning out-
comes has long been established in educational research (Black & Wiliam, 2009, 2018;
Clark, 2012; Graham, 2018), this dissertation provides empirical evidence supporting this re-
lationship. This empirical validation underscores the practical efficacy of formative feedback,
bridging the gap between theoretical assumptions and real-world application. By doing so,
this work reinforces the importance of integrating formative feedback into educational con-
texts, providing a foundation for future research and practice to optimize their implementa-
tion and impact in automated systems.

2) The results of the second manuscript significantly advance the field of automated
formative feedback research by illuminating the complex interplay between learner factors
such as motivation and mental effort, and automated feedback engagement in educational
contexts. The findings reveal that different forms of feedback engagement—cognitive, affec-
tive, and behavioral—respond uniquely to students’ motivational and cognitive resources.
This nuanced understanding deepens our knowledge of how learners interact with formative
feedback in technology-enhanced environments, where ongoing engagement is shaped by in-
dividual differences in mental effort and motivation.

Moreover, the second manuscript contributes to theoretical discourse by addressing
Eccles and Wigfield’s (2020) call for more research on the evolution of subjective task value
and competence belief hierarchies in response to feedback during specific tasks over varying
timeframes. By investigating these processes, the manuscript begins to fill a critical gap in

the literature, namely the scarcity of longitudinal studies exploring the reciprocal
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relationships between subjective task values, competence beliefs, mental effort, and auto-
mated feedback engagement.

While prior research has examined the isolated effects of cognitive load (Dong et al.,
2020; Y. Liu & Sun, 2021) or motivation (Putwain et al., 2019; Sun & Rueda, 2012) on en-
gagement, few studies have explored their interplay with automated feedback engagement or
tracked these dynamics over extended periods (Han, 2017). This dissertation is one of the
first to provide empirical evidence on these reciprocal relationships in a longitudinal design,
thereby advancing both the theoretical understanding and practical application of formative
feedback engagement in computer-based learning environments. These contributions lay the
groundwork for future studies to further explore how students’ feedback literacy needs to
evolve to enable them to engage more effectively with automated formative feedback sys-
tems.

3) Results of the first and third manuscript deepened existing findings that summariz-
ing skills can be supported through both instructional prompts and automated formative feed-
back, extending empirical evidence for the efficacy of these approaches (cf. Ahn, 2022; Chew
et al., 2019; M. K. Kim & McCarthy, 2021; Wischgoll, 2017). Additionally, the third manu-
script widened this understanding by comparing the separate effects of prompts and feedback
to their combined use, offering novel insights into how these scaffolds complement each
other. This represents a significant step toward exploring the supportive potential of different
scaffolds and feedback mechanisms in computer-based learning environments, paving the
way for future research to refine and optimize these strategies to cater to diverse learner
needs.

Beyond its immediate contributions to summarizing skill development, this disserta-
tion also has a distinct pedagogical dimension rooted in the dual-level pedagogical approach

(Wahl, 2001). The learning environment implemented in the studies of this dissertation
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provided undergraduate elementary education students with an opportunity to improve their
own summarizing skills while simultaneously reflecting on the pedagogical potential of the
tool. This experience allows future teachers not only to engage with the tool as learners but
also to consider its application in their own teaching practices. This dual-level approach fos-
ters both subject-specific competencies and meta-pedagogical skills, promoting the integra-
tion of automated feedback systems into future classrooms. Research could further investi-
gate whether early exposure to such systems in teacher education increases the likelihood of

their adoption in teaching practice, contributing to broader educational innovation.

3.3  Critical Evaluation and Limitations of the Studies

In addition to the strengths outlined above, certain aspects of this dissertation also re-
quire a critical discussion. The limitations of the individual studies have already been dis-
cussed in detail in the respective manuscripts and are only partially mentioned here. Instead,
this chapter focuses on aspects that go beyond the limitations discussed in the individual
manuscripts. These critical aspects are primarily centered on three focal areas: 1) the samples,

2) the study setting and learning environment, and 3) the measures.

1) Regarding the samples, the three studies included in this dissertation were con-
ducted with samples that provide a robust and reliable data foundation. Sample size plays a
crucial role in determining the ability to detect hypothesized relationships and ensuring sufti-
cient statistical power in the findings (Peers, 2006). However, the adequacy of a sample de-
pends on various factors, including the study’s purpose, expected effect sizes, the complexity
of the statistical analyses, and the desired level of statistical power. Power analyses, described
for instance in the second manuscript, demonstrated that the sample sizes used in these stud-

ies were appropriate for the conclusions drawn. Furthermore, the sample sizes were
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sufficiently large to ensure the validity and reliability of the statistical methods employed.
Yet, the findings are generalizable to a limited extent. All three samples consisted solely of
undergraduate elementary education students from one university, and therefore are only rep-
resentative in the context of this subpopulation. Additionally, although the studies were inte-
grated into a university course, participation remained voluntary, which further constrained
generalizability. Moreover, students who failed to complete all sessions or encountered tech-
nical issues were excluded, introducing the possibility of sample bias. Despite these limita-
tions, the findings across all three studies align closely with existing research literature,

showing consistency rather than contradiction.

2) Regarding the study setting and learning environment, in all three studies, a com-
puter-based learning environment embedded within an online tutorial on summarizing was
utilized. Students were required to complete assignments within a one- or two-week
timeframe to fulfill course requirements, offering them flexibility in deciding when and
where to engage with the tasks. This setup reflects the typical conditions under which online
courses are implemented in universities, enhancing the ecological validity of the research. By
mirroring real-world educational contexts, the findings are particularly relevant for under-
standing how students engage with online learning environments. However, this flexibility
also introduced challenges in ensuring strict adherence to instructions and consistent, focused
engagement with the program. To address these challenges, prompts were included to encour-
age students to work in a distraction-free environment and dedicate a 90-minute uninter-
rupted timeframe to the tasks. Despite these measures, the lack of direct control over the
study environment raises concerns about internal validity. Variations in students’ engagement
levels or external distractions during task completion may have influenced the outcomes.

Moreover, the flexibility provided may have led some students to approach the prompts and
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feedback less seriously than they would in a more structured, supervised setting, potentially
reducing the effectiveness of the interventions. To mitigate these concerns, future studies
could incorporate measures such as activity logs or timed checkpoints to monitor and verify
engagement, while still maintaining the ecological benefits of an online format. This ap-
proach would provide deeper insights into how students’ surroundings influence outcomes
and further strengthen both the internal and external validity of the findings.

Furthermore, one limitation of the interventions implemented in all studies is that the
texts to be summarized were not counter-balanced, as they were presented in the same order
across all three studies. This consistent order facilitated the comparison of differences be-
tween groups, as done in the first and third manuscripts, and allowed for inferences about in-
fluencing variables under uniform conditions, as explored in the second manuscript. How-
ever, this lack of counter-balancing introduces the possibility of a sequencing effect, where
the order of text presentation influences participants’ performance. For instance, the learning
trajectories investigated in the first and third manuscripts could be impacted by this sequenc-
ing effect, as participants may respond differently to earlier versus later texts due to the order
of presentation. The specific content or difficulty of the texts may also interact with their po-
sition in the sequence, potentially confounding the observed changes in performance over
time. To address these concerns, future studies should randomize or counter-balance the order
of texts to ensure a more robust investigation of the intervention’s effects.

Another limitation is the missing assessment of students’ prior knowledge of summa-
rizing strategies, which could have influenced how they interacted with the feedback pro-
vided. Understanding students’ prior summarizing strategies would have been particularly
relevant for the feedback groups in the first and third studies, as it could have allowed to bet-
ter evaluate the helpfulness of the feedback and prompts. This approach would have allowed

for controlling prior knowledge not only through the pretest, which involved summarizing a
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text, but also through a more targeted evaluation of their existing summarizing strategies.
Moreover, without measuring prior knowledge of summarizing strategies, it is difficult to ac-
count for the possibility of an expertise reversal effect in the prompts condition of the third
manuscript. This effect occurs when students with a higher level of expertise in summarizing
strategies find prompts unnecessary or redundant, potentially increasing extraneous cognitive
load rather than supporting their learning (cf. Gidalevich & Kramarski, 2019; Kalyuga, 2014;
Niickles et al., 2010). As a result, the prompts may have been less effective or even counter-
productive for students who had already internalized effective summarizing strategies. Future
research should incorporate measures of students’ prior knowledge of summarizing strategies
to better understand how both prompts and feedback interact with different levels of expertise
and to refine these instructional tools to cater to diverse learner profiles.

Moreover, it was not directly assessed whether students learned the content of the
texts they summarized. Summarizing is intended not only to produce concise representations
of information but also to serve as a learning strategy that helps embed the text’s content into
students’ cognitive schemas (Dunlosky et al., 2013). However, without a direct assessment of
content retention or understanding, it remains unclear to what extent students internalized the
material. Instead, the learning of the texts’ content was inferred from the quality of the sum-
maries, which is a valid approach since higher-quality summaries are expected to reflect
deeper processing and integration of the texts’ information, as outlined in the introduction (cf.
p. 1f.). Nonetheless, future studies should include direct measures of content learning to pro-
vide a more comprehensive evaluation of summarizing as a learning strategy.

Last, in the third manuscript, the effects of prompts on the development of summariz-
ing skills were examined and compared to those of automated feedback. However, a limita-
tion of this study is that it did not assess whether students used the prompts in a meaningful

way. Without knowing whether students used the prompts as intended, it’s unclear if the
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observed improvements (or lack thereof) are due to the prompts’ design or the students’ per-
sonal engagement with them. Consequently, the impact of the prompts on the development of
summarizing skills must be interpreted with caution. This limitation restricts the ability to
evaluate the prompts’ effectiveness beyond global inferences drawn from the improvement in

summary quality and group comparisons.

3) With regard to the measures, all three studies used text quality (and changes in it)
as the dependent variable. However, determining the quality of a text or summary is inher-
ently challenging. This dissertation introduced an innovative approach to defining and opera-
tionalizing text quality, which represents both a strength and a limitation. While this approach
provides a structured way to evaluate summaries, establishing a shared and universally ac-
cepted understanding of what constitutes text quality in this context remains complex and
open to interpretation. To address this challenge, a formula was developed based on the
works of Garner (1982), Head et al. (1989), and Sung et al. (2016), tailored to meet the spe-
cific needs of the three studies in this dissertation. This measure was validated through expert
ratings to ensure its relevance and accuracy. While this method was carefully designed and
represents a thoughtful and grounded approach, the measurement of text quality remains open
to critique. Future research could benefit from dedicated studies aimed at further defining and
refining the concept of text quality in summarizing, potentially offering a more robust and
universally accepted measure. Nonetheless, the steps taken in this dissertation ensure that the
approach is both methodologically sound and credible.

Another limitation lies in the measure of invested mental effort, as it does not clearly
differentiate between types of cognitive load. Students’ self-reports may reflect either effort
willingly invested to master a meaningful and challenging task (germane cognitive load) or

effort perceived as burdensome due to irrelevant demands (extraneous cognitive load). This
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distinction is critical because germane load supports deeper learning, while extraneous load
can hinder learning outcomes and reduce engagement, particularly in automated feedback
contexts (Plass et al., 2010; Sweller, 2020). As shown in the second manuscript, mental effort
is also influenced by motivation, further complicating its interpretation. Intrinsic value en-
courages students to invest more effort due to interest and enjoyment, while perceived cost
increases effort by making the task feel more strenuous. This dual influence means that men-
tal effort can represent either productive engagement or the burden of overcoming challenges
(Kalyuga & Singh, 2016; Leppink & Pérez-Fuster, 2019). The questions used to measure
mental effort in the second study focused on understanding, processing, and summarizing the
material, addressing students’ attention, ease of paraphrasing, and summarizing effort. While
this approach provides insight into cognitive processes, it does not fully distinguish whether
reported effort stems from intrinsic, germane, or extraneous load. For example, higher per-
ceived cost may increase effort allocated to attention and summarizing, while intrinsic value
may drive effort through motivation and interest (Inzlicht et al., 2018). In summary, while the
measure of mental effort captures relevant cognitive processes, its inability to differentiate
between germane and extraneous cognitive loads is a limitation. Future research should in-
corporate refined measures to distinguish between productive and unproductive effort, offer-
ing deeper insights into the relationships between mental effort, motivation, and feedback en-

gagement.

3.4  Outlook on Future Research
The following section provides an outlook on further questions raised by the approach
and findings of this dissertation, focusing on four key topics: 1) Further automated feedback

techniques and their comparison to this approach. 2) The importance of feedback literacy and
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promoting its development. 3) Student agency and its impact on instructional disobedience.
4) Further investigations about the complementary effect of prompts and feedback.

1) Since the inception of this dissertation project, there have been groundbreaking ad-
vancements in natural language processing, particularly with the development and public re-
lease of LLM, like GPT (OpenAl, 2022). These innovations have fundamentally transformed
instructional practices and the ways in which assessments are conducted. For instance, stu-
dents can now use ChatGPT to retrieve tailored information or even draft essays, while edu-
cators can create or customize ChatGPT prompts to provide students with automated feed-
back. However, feedback from LLMs is both human-like and inherently non-final or ambigu-
ous, often requiring further interpretation by the user.

Future research could explore the conditions under which different types of automated
feedback systems are most effective, particularly by comparing expert systems and LLMs.
Expert systems, like the one employed in this dissertation, are designed to deliver structured,
task-specific, and pedagogically aligned feedback. These systems are particularly effective in
contexts with clear learning objectives and well-defined performance criteria, such as sum-
marizing or writing tasks. However, their rigidity may limit their ability to address nuanced,
open-ended needs that fall outside their programmed parameters. In contrast, LLMs, while
more flexible and conversational, may lack the precision and reliability required for certain
pedagogical applications. Understanding how these systems can complement each other or be

optimized for specific educational scenarios would be a valuable direction for future research.

2) Feedback literacy, the ability to interpret, use, and act on feedback, becomes partic-
ularly important in the context of automated formative feedback systems, which often pro-
vide iterative suggestions that may not always feel entirely relevant or tailored to the individ-

ual. Students may perceive the feedback as misaligned with their expectations or needs, yet
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valuable insights can still be drawn if feedback is approached with a flexible and reflective
mindset. For instance, learning to interpret feedback beyond its immediate specificity can
help students derive broader lessons for improvement. Developing these skills could em-
power students to leverage automated formative feedback systems more fully, transforming
feedback into a dynamic tool for self-regulated learning. Combined with the findings of this
dissertation on the interplay of cognitive and motivational factors in feedback engagement,
future studies could explore how strengthening feedback literacy might enhance students’
ability to navigate and benefit from automated formative feedback systems. This line of re-
search could also examine how feedback literacy develops over time and its potential to fos-

ter deeper engagement, even when the feedback initially seems imperfect.

3) Expanding on the role of feedback literacy, another critical aspect to consider in au-
tomated feedback systems is the level of agency provided to learners. The degree of control
and choice learners have in interacting with these systems can shape both the development of
feedback literacy and the system’s overall effectiveness in promoting meaningful learning
outcomes. Highly structured environments offer clear guidance and scaffolded steps to sup-
port learning goals but may restrict opportunities for self-directed exploration and engage-
ment. In contrast, open-ended environments provide flexibility and autonomy, which can fos-
ter creativity and deeper engagement, yet risk leaving some learners adrift without sufficient
direction. This balance between structure and agency is particularly relevant in automated
formative feedback systems. Systems that tightly control learning pathways may reduce the
risk of instructional disobedience, where learners deviate from intended tasks or objectives,
but may also stifle the opportunity for learners to engage with feedback in personally mean-
ingful ways. Conversely, more open systems grant learners the freedom to interpret and apply

feedback as they see fit, which can enhance agency but might also lead to inefficiencies or
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misaligned learning outcomes if learners lack the skills to navigate such autonomy effec-
tively. The discussion of agency in feedback systems raises important questions for future re-

search and would be a valuable direction for future research.

4) Differentiating the roles of instructional prompts and automated formative feed-
back as it was investigated in the third manuscript has the potential to cater to individual dif-
ferences in learning more effectively. Different learners may respond better to varying types
of support; for instance, some students may benefit more from the structured guidance of in-
structional prompts that activate prior knowledge and help organize ideas, while others may
find greater value in the iterative, targeted revisions facilitated by automated formative feed-
back. By offering multiple forms of scaffolding, learning environments can accommodate a
broader range of students, allowing them to select the type of support that aligns with their
cognitive needs and personal preferences. This flexibility might enable more individuals to
engage meaningfully with the learning process, enhancing their ability to improve summariz-
ing skills and self-regulation. To gain deeper insights into the interplay between scaffolds, fu-
ture research could investigate how different learner prerequisites, such as varying levels of
summarizing and self-regulative strategies, are associated with the use of prompts and feed-
back in automated formative feedback systems. Such studies could also explore whether and
how providing prompts or feedback impacts learner behavior and engagement with the sys-
tem. Addressing these questions would require research designs that focus on how learners
with different skill levels and strategies interact with scaffolding conditions, and how these
interactions affect their learning outcomes. This line of inquiry could reveal how instructional
prompts and automated formative feedback can be tailored to meet diverse learner needs, re-
duce extraneous cognitive load, enhance germane cognitive load, and foster motivation and

engagement.
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3.5  Conclusion

This dissertation sought to investigate the effectiveness and conditions of automated
formative feedback for fostering university students’ summarizing skills, focusing on feed-
back characteristics, individual learner factors, and instructional factors. The evidence, gained
in the three studies of this dissertation shows first that automated formative feedback effec-
tively fosters summarizing skills in undergraduate students, especially when engaging in sev-
eral feedback loops. Second, engagement depends on individual learner factors, such as moti-
vation and mental effort, underlining the importance of encouraging students to allocate
greater mental resources to seeking feedback more frequently. Third, with regard to instruc-
tional factors, adding instructional prompts does not enhance the effectiveness of automated
formative feedback.

Consequently, with regard to the overall aim of the dissertation, it can be concluded,
that automated formative feedback can be an important additional learning opportunity in
higher education to foster necessary competencies for academic success without placing an
excessive burden on teachers. However, in-line with the ITF model (Narciss, 2006, 2013,
2017), apart from the quality of an automated feedback system, individual learner factors and
instructional factors decisively influence its effectiveness. Therefore, such systems not only
have to be designed with regard to the immediate learning goal (i.e., summarizing), but teach-
ers have to actively motivate students to engage with the system, for example by pointing out
its usefulness and integrating automated approaches into the overall institutional educational
strategies.

With these results, this dissertation contributes to closing significant research gaps in
the field of automated formative feedback (see Chapter 1). First, this work is a pioneering ef-
fort to demonstrate the effectiveness of automated formative feedback in fostering summariz-

ing skills among university students. Second, by presenting empirical evidence on the
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reciprocal relationships between subjective task values, competence beliefs, mental effort,
and feedback engagement in a longitudinal context, light has now been shed on individual
learners’ cognitive and motivational factors. Third, the comparison of individual effects of in-
structional prompts and automated formative feedback with their combined use, contributes
to the understanding of their interaction and complementary effects, which marks an im-
portant advancement in examining the supportive potential of various scaffolds and feedback
mechanisms in computer-based learning environments. Overall, the insights provided in this
dissertation, establish a foundation for future research on how feedback literacy can be devel-
oped to enhance student engagement with automated formative feedback systems. In doing
so, this work offers a holistic approach to align automated innovations in education with the
diverse needs of learners and the creation of learning opportunities.

Thus, the significance of this work lies in its ability to bridge the gap between techno-
logical advancements and the core principles of pedagogy. By addressing both the capabili-
ties of automated formative feedback system and the needs of learners, this research contrib-
utes to creating more effective, inclusive, and impactful educational practices. In an era
where technological disruptions also increasingly affect education, it is crucial to approach
learning systems with a comprehensive perspective that balances innovation with pedagogi-
cal considerations.

While automated formative feedback systems offer immense potential to enhance learning
processes, solely relying on them without considering the needs of learners and the broader
educational context may result in suboptimal outcomes. Long-established pedagogical theo-
ries and principles must remain at the forefront of design and implementation to ensure that
technology serves as a tool to support, rather than replace, meaningful educational interac-

tions.
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Effectiveness of Automated Formative Feedback in an Online Tutorial for

Promoting Summarizing

Veronika Barkela & Miriam Leuchter

ABSTRACT: We conducted a study with the aim to investigate the effective-
ness of automated formative feedback in improving students’ ability to summa-
rize. N = 138 undergraduate students in an education program were asked to
summarize six scientific texts, with the experimental group (n=87) receiving au-
tomated formative feedback in a computer-based learning environment (FALB).
FALB provides automated feedback about content coverage, copying words
avoidance, redundancy avoidance, relevance, and length. Comparing the exper-
imental group to a control group (n = 51), results implied that summarizing skills
can be fostered when interacting with FALB. In particular, the automated form-
ative feedback promoted the adherence to the predefined length and the avoid-
ance of copying words while maintaining a high content coverage, fostering cog-
nitive processes essential for constructing a mental model of a text. In addition,
students in the experimental group were able to maintain high quality summaries
in their final session when not scaffolded. In conclusion, FALB supports the
alignment of internal standards with external standards and provides an incen-
tive to revise and engage with texts.

Keywords: formative feedback, automated summary evaluator, summary writ-
ing, technology- enhanced learning environments, pre-service teacher students

1. Introduction

University students are anticipated to quickly extract and assimilate relevant information
from scientific literature and articulate it with precision and conciseness (Kiirschner & Schnotz,
2007; van Dijk & Kintsch, 1983). For this purpose, summarizing has been shown to be an
adequate learning strategy (Mok & Chan, 2016; Stevens et al., 2019). Summarizing requires
understanding a text, identifying relevant aspects, and reflecting on the topic (Perin et al., 2017;
Westby et al., 2010). Furthermore, it entails writing a short, concise version of a text, main-
taining the key aspects, and formulating them in one’s own words, while avoiding redundant
and irrelevant parts (Dunlosky et al., 2013; Kirkland & Saunders, 1991). The quality of a sum-
mary is highly associated with a person’s mental model of the original text (M. K. Kim &
McCarthy, 2021; Schnotz, 2006). Mental models are representations of a text and encompass
both explicitly stated information from the text and inferences drawn from the text by connect-
ing related information with prior knowledge (van Dijk & Kintsch, 1983). People with more
prior knowledge about the topic of a text are more likely to create a comprehensive mental
model and write a good summary (K. Kim et al., 2019).

However, students’ representations of how to learn with summaries are often incomplete
and, they lack effective skills for creating a mental model of a text and summarizing it (Friend,
2001). They tend to simply copy phrases, forgo reflecting on the content of a text, and refrain
from condensing the text to its key aspects, thereby depriving themselves of learning effec-
tively from text (Ahn, 2022; Duke & Pearson, 2009). Such behavior implies that students’
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internal reference standards of a good summary and how to summarize differ from the external
standard of a high-quality summary and successful summarizing strategies. Thus, effective
summarizing skills do not develop naturally, but must be learned (Ahn, 2022; Keck, 2006).
Yet, summarizing strategies are often taught merely in elementary school and are not empha-
sized in later grades, limiting students’ ability to use summarizing as an effective learning
strategy (McNamara et al., 2019). Therefore, it is an important endeavor at the university to
teach students effective summarizing strategies to help them succeed in their studies. However,
providing learning opportunities that allow students to develop internal reference standards
according to an external standard and thus improve their summarizing skills is hardly feasible
for large classes with limited resources (Allen et al., 2016). Automated feedback systems for
summarizing overcome this dilemma by providing the opportunity to assess many students
immediately and as often as desired while meeting premises of effective feedback (Deeva et
al., 2021; Strobl et al., 2019).

The field of technology-enhanced learning is undergoing rapid transformation, with the
integration of generative Al, such as ChatGPT (OpenAl et al., 2023), reshaping teaching
methods and assessment practices. Nevertheless, a constrained expert system utilizing estab-
lished natural language processing techniques, like latent semantic analysis, may offer dis-
tinct advantages in fostering effective summarizing skills. The development of such a system
is less resource-intensive compared to approaches relying on large language models, making
it feasible even with limited resources. Furthermore, it enables the creation of a focused sys-
tem that incorporates an external standard for evaluating students’ work, allowing students to
align their internal standards accordingly. Such systems have been implemented successfully
for the English language (M. K. Kim & McCarthy, 2021; H. Li et al., 2018), French (Lemaire
& Dessus, 2001), and Chinese (Sung et al., 2016), demonstrating their effectiveness.

Yet, to the best of our knowledge, such an automated feedback system for promoting uni-
versity students’ summarizing skills in German is still missing. This study seeks to fill this gap
by expanding the evidence on the effectiveness of these systems to new languages, samples,
and designs. Specifically, our aim is to assess the supportive potential of a German feedback
system designed for undergraduate elementary education students. We intend to scrutinize the
key aspects of summarizing skills promoted by our tool and explore the potential association
between the formative aspect of feedback and the quality of summaries. Our approach involves
renewing a German feedback system used in elementary and middle schools, initially focused
on reading comprehension (conText; Lenhard et al., 2013). Through this redesign, undergrad-
uate elementary education students can engage in a computer-based learning environment, fos-
tering their summarizing skills and experiencing a tool that they may later employ as elemen-
tary school teachers to enhance reading comprehension in their students.

2. Theoretical Background

Summarizing requires multiple cognitive processes, including integrating new information
into one’s cognitive schema, determining the relevance of information, constructing a mental
model of the text, translating the mental model into one’s own words, and ultimately writing it
down (Hidi & Anderson, 1986; Perin et al., 2017; Westby et al., 2010). Improved coordination
of these processes contributes to individuals’ proficiency in constructing comprehensive men-
tal models and generating effective summaries (K. Kim et al., 2019).

Certain task designs support the acquisition of effective summarizing skills to better coor-
dinate cognitive processes. For example, not seeing the text at the same time as writing the
summary supports information retrieval and prevents word copying and redundancy (Hidi &
Anderson, 1986). Moreover, limiting a summary’s length encourages condensing content to
key messages and deleting irrelevant information (Hill, 1991). Furthermore, various studies
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have emphasized the supportive role of formative feedback in encouraging iterative revisions,
deep text processing, and adherence to task criteria according to an external standard (Graham,
2018; Kellogg & Raulerson, 2007). Several factors contribute to the effectiveness of feedback
(Narciss, 2017; Nixon et al., 2016). For example, students derive greater benefits from imme-
diate rather than delayed feedback (Shute, 2008), exhibit enhanced learning outcomes with
elaborate as opposed to simple feedback (Hattie & Timperley, 2007), and better align their
internal to an external reference standard when receiving individualized versus general feed-
back (Zhu et al., 2020). Moreover, effective feedback builds on pre-established assessment
criteria and previous performance (Black & Wiliam, 2009). The same applies to automated
formative feedback, which has been shown to be as effective and valid as human feedback
(Seifried et al., 2012; Stevenson & Phakiti, 2014; van der Kleij et al., 2015).

Research in both offline and online learning environments has implied that the frequency
of revising a draft has major impact on its text quality (J. A. Butler & Britt, 2010; Kirkland &
Saunders, 1991; Roscoe et al., 2015; Sung et al., 2016). However, inexperienced writers tend
to revise scarcely and superficially (Abba et al., 2018). Providing students with automated
formative feedback might strengthen students’ engagement in the learning process and encour-
age more revisions, thus supporting the alignment of internal and external reference standards
(Link et al., 2020; Liu et al., 2017). Automated formative feedback can be implemented in a
way that allows students to control the amount of feedback they receive by letting the algorithm
evaluate their drafts as many times as they want. The number of feedback loops can be an
indicator of the intensity of revision, thus positively affecting text quality.

The distinction between automated summary evaluators and automated writing evaluation
has not always been clear and technological advancements have overlapped. However, for the
purposes of our study, we will mainly focus on the development of advancements in the realm
of summarizing. Over the years, several automated summary evaluators have been developed.
One notable system, Summary Street by Wade-Stein & Kintsch (2004) was among the first to
give feedback on summaries to elementary and middle school students, originally designed to
enhance text comprehension. They followed a latent semantic analysis approach, which is a
natural language processing technique to represent the content of texts. Their English-based
computer-based learning environment included source texts about science topics, a text editor
for summary composition, bar chart feedback on summary length and section coverage, and a
redundancy and relevance check, that listed problematic sentences. The effectiveness of Sum-
mary Street was investigated using a with-in subject design with counterbalanced order of con-
ditions. One condition provided feedback on length and spelling, while the other supplemented
feedback on content coverage, redundancy, and relevance. The results indicated that automated
feedback on content coverage significantly assisted students in enhancing the substance of their
summaries. Based on this work, Lenhard et al. (2012) developed a similar system for German
elementary school students. Their investigation into the effects of this automated summary
evaluator revealed positive impacts on students’ reading comprehension and fluency compared
to control groups.

Sung et al. (2016) conducted a study with Chinese elementary school students to compare the
supportive potential of a summary evaluator providing semantic feedback based on text simi-
larity in one condition (Foltz et al., 1999) and concept feedback based on concept maps in
another condition (Schvaneveldt & Cohen, 2010). Results suggested positive effects of both
semantic feedback and concept feedback on content coverage of the summaries. Furthermore,
a decreasing submission count on the posttest indicated that students learned summarizing
skills and did not rely on the support tool. Chew et al. (2019) developed an automated summary
evaluator for undergraduate computer science students to learn and practice summarizing in
the context of foreign language learning. They included concept maps, worked examples, and
feedback on summarizing strategies, demonstrating positive effects on the improvement of the
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summaries’ text quality (rated by teachers) from pretest to posttest. Despite these advance-
ments, we have identified research gaps, specifically in our pursuit of promoting effective sum-
marizing skills to German undergraduate elementary education students.

While existing systems have been predominantly used in school settings (Lenhard et al.,
2012; Sung et al., 2016), or, if in a university setting, for foreign language learning (Chew et
al., 2019), an environment dedicated to explicit practice in processing scientific texts and com-
municating the information precisely and concisely remains undeveloped. Hence, this study
introduces a computer-based learning environment designed to present short German scientific
texts related to pedagogical content knowledge to elementary education students. The system
offers automated feedback on content coverage and writing style aiming to provide learning
opportunities for the development of effective summarizing strategies.

Various automated summary evaluators provide users with information on semantic simi-
larity measures or concept maps of text content (M. K. Kim & McCarthy, 2021; Lenhard et al.,
2012; Sung et al., 2016). In contrast, our study focuses on developing metrics aligned with the
cognitive processes inherent in summarizing, including the identification of relevant infor-
mation and the creation of a condensed and concise version of the text in one’s own words.
Therefore, in addition to details about content coverage and length, the automated feedback
encompasses information on the avoidance of copied words, redundancy, and irrelevance.

Automated summary evaluators, designed to provide formative feedback, are intended to
encourage students to consistently revise their drafts. Sung et al. (2016) utilized the quantity of
feedback loops as a metric for tool utilization, indicative student engagement. Yet, to the best
of our knowledge, the correlation between an increased number of feedback loops and the gen-
eration of higher-quality summaries remains unexplored. Therefore, our study seeks to eluci-
date the relationship between the number of feedback loops and the quality of summaries.

Methodologically, while many studies assess the effectiveness of automated formative
feedback through posttest-to-pretest comparisons (Chew et al., 2019) or via case studies (M.
K. Kim & McCarthy, 2021; Zhang, 2020), our approach involves evaluating change over mul-
tiple time points, employing learning trajectories. These trajectories depict students’ probable
cognitive developments as they progress in their task (Sztajn et al., 2012). This approach ena-
bles teachers to make diagnostic inferences and offer tailored feedback based on the data sup-
plied, even with large sample sizes (Beese, 2019; Plass & Pawar, 2020). In computer-based
contexts, understanding learning trajectories can help to anticipate learner behavior at different
learning stages, designing customized learning environment, and implementing measures for
additional support, such as individualized feedback (Lee & Tan, 2017; Schmid et al., 2022). In
the following, we will describe the computer-based learning environment F4LB and outline
our pedagogical considerations.

3. FALB

The computer-based learning environment F4LB was developed to provide learning op-
portunities for developing more sophisticated summarizing skills. It is based on principles of
formative assessment (Black & Wiliam, 2009, 2018). FALB is composed of two main compo-
nents (front end and server, Figure 1) which will be explained in the following.
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Figure 1
Framework of the Computer-based Learning Environment FALB

3.1. Front End

The front end describes the platform which the user sees and interacts with. A two-page
input interface presents the text to be summarized and a text box where the summary can be
written down. The original text is structured in two text sections and intentionally displayed
separately from the text box to encourage the creation of a mental model and one’s own phras-
ing (Hidi & Anderson, 1986). Re-reading the original text is not limited, the text can be dis-
played by pressing a button. The feedback Interface displays the feedback and was taken from
conText (Lenhard et al., 2013) which is based on ‘summary street’ (Wade-Stein & Kintsch,
2004). Automated formative feedback can be solicited up to ten times per text and session and
entails semantic feedback and score feedback.

Semantic feedback provides information about copied words from the original text. Pas-
sages are marked as copied and underlined in red when three or more consecutive words are
copied from the original text. Additionally, the system provides information about repeated
expressions of the same idea (redundancy underlined in blue; Figure 2) and specifies this in-
formation in more detail in a pop-up window, listing corresponding sentences with similar
information in the same color. Furthermore, it provides information about irrelevant sentences
which should help students stay with the text content (irrelevance underlined in grey). Moreo-
ver, unknown words are underlined because they are an indicator of spelling mistakes. Seman-
tic feedback can be obtained by pressing a button labeled “submit text”.

Score feedback provides information on how well the original text is covered for the three
text sections separately. It also provides information on how well copied words or passages are
avoided and how well repeating information is avoided. Moreover, it provides information
about the length of the summary, which should not exceed 30% of the original text to obtain
the maximum score. All scores are displayed in percentages as horizontal bars. They can be
obtained by pressing a button and up to ten times if desired (Figure 3). In the following, those
feedback scores will be referred to as text quality scores.
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Figure 3
Example of Score Feedback

3.2. Server

The server’s main task is to evaluate the summaries and to provide semantic feedback and
text quality scores. For this purpose, the original texts, expert summaries, and semantic space
were implemented on the server for calculation with Latent Semantic Analysis.

Latent Semantic Analysis (LSA): Text quality scores were determined by LSA, which
identifies and sorts words based on their context (Deerwester et al., 1990; Foltz et al., 1999;
Landauer, T. K. et al., 1998; Lenhard et al., 2007). LSA requires a large text corpus (semantic
space). LSA projects sentences from the original text, the expert summary, and the student
summary into the semantic space and computes a vector for each sentence. Based on the simi-
larity of the vectors, LSA can determine the similarity between pairs of sentences. We used the
LSA syntax of conText (Lenhard et al., 2013) and fed the corpus with 201,288 different mean-
ingful German words about learning support in science education through teacher-student in-
teraction.

Text Material: Six excerpts from German scientific texts of comparable length (445-649
words) were used and provided in a fixed order. All texts informed about teacher-student in-
teraction in science education. The texts were selected to be at a similar level of readability, as
determined by experts and a readability index (LIX: 66.0 — 80.2; Lenhard & Lenhard, 2014).
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Expert Summaries: Two experts prepared summaries of the six texts used in this research.
Both experts were specialists in teacher education and academic writing. After they each wrote
a first draft, they discussed, revised, and combined the drafts according to the summary criteria
(content, avoidance of copied words, avoidance of redundancy, relevance, and length).

Calculation of the Text Quality Scores: Content was calculated by comparing the relation
of students’ summary content coverage to the original text with the relation of the expert’s
summary content coverage to the original text. Avoidance of copied words was defined as the
ratio of non-copied sentences or phrases to copied sentences or phrases. Redundancy avoidance
was calculated based on the number of sentences containing repeated information. Relevance
was defined as the ratio of irrelevant sentences to sentences containing relevant information.
Length was measured as the ratio of the number of words in the summary to the number of
words in the original text. All five text quality scores can theoretically range between 0 and
100%. While scores closer to 100% are desirable for content, avoidance of copied words, re-
dundancy avoidance, and relevance, the optimal score for length is between 20 and 30%.

Summary Result: The text quality scores are interdependent. For example, a summary is
more likely to capture the entire content of the original text if it is relatively long. However,
the longer the summary, the more likely it is to contain irrelevant and redundant parts. Avoiding
copied words or passages is easier if the content can be paraphrased, but at the expense of
avoiding redundancy. If more redundancy is avoided, the content must be highly condensed,
which may result in less content coverage. Therefore, to make the summaries comparable, we
calculated an overall summary result that considers all these text quality scores in terms of their
importance for the processing of a text. Garner (1982), Head et al. (1989)), and Sung et al.
(2016) proposed formulas to quantify text quality. We modified those formulas to include our
text quality scores and assigned different weights depending on the importance we ascribed to
them.

Content is weighted with the factor 0.5, avoidance of copied words is weighted with the
factor 0.3, redundancy avoidance is weighted with the factor 0.15, and relevance is weighted
with the factor 0.05. All these factors strongly contribute to the creation of mental models that
indicate the transformation of the information in the text into individual knowledge (Schnotz,
2006; van Dijk & Kintsch, 1983). Following Lenhard et al. (2013), the optimal length of a
summary was set between 20 and 30% of the original text; thus, the length in the formula is
the ratio of the length of the students’ summaries and the set length limit.

Content, avoidance of copied words, redundancy avoidance, and relevance add up in the
formula’s counter to display the text quality as a sum value. The high weighting of content
derives from the importance of including all essential aspects of the original text in a summary
that demonstrates a thorough understanding of the topic. Avoidance of copied words is also
highly weighted and shows that the students can express thoughts in their own words. Redun-
dancy avoidance contributes to a brief and concise presentation of the content, which is an
essential aspect of a summary. This score is weighted less because it is relative to the length in
the denominator. Relevance is weighted lightly because aspects of relevance are covered in the
content factor. Additionally, most of the participants scored very high on the relevance score
(85.1% > 90), indicating that students generally have no difficulty including relevant infor-
mation. The longer the summary, the more likely it is that content and avoidance of copied
words will score high and redundancy avoidance and relevance will score low. Therefore, the
sum of the content score, the copied word avoidance score, the redundancy avoidance score,
and the relevance score is divided by the ratio of the student’s summary length to the length
limit (cf. Sung et al., 2016). Our formula is as follows:
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Summary result — (0.5*CT+0.3*CWAS-;g.15*RA+0.05*RV) % %% [Eq 1]

LGL

Students received automated feedback based on percentages derived from the formula as
well as three levels (good, satisfactory, needs improvement). To validate the formula, 200 texts
were randomly drawn from the sample. Two experts in scientific writing were blindly pre-
sented with these summaries and independently rated the summaries according to the summary
criteria and three quality levels (good, satisfactory, needs improvement). The interrater relia-
bility measured with Fleiss’ kappa between the two experts was x =.68, between rater 1 and
the LSA-based summary scoring was x =.73, between rater 2 and the LSA-based summary
result was x =.63, and between all three raters was x =.68, which indicates substantial agree-
ment (Landis & Koch, 1977; Seifried et al., 2012). Consequently, the formula’s result satisfac-
torily represents the quality of the summaries as rated by humans.

4. The Present Research

We examined the effects of automated formative feedback on students’ summarizing skills
during six sessions implemented in an online university tutorial for undergraduate elementary
education students. Reading scientific texts that address core aspects of teaching (e.g., teacher-
student interaction) helps students to value scientific literature as a basis for their continuing
development in linking theory and practice (Kunina-Habenicht, 2020). However, as shown
above, students need support to create a mental model of a text, identify relevant aspects, and
summarize effectively (Ahn, 2022; Duke & Pearson, 2009; Friend, 2001). Hence, we expected
that providing automated formative feedback embedded in an online tutorial (FALB) will sup-
port the development of more sophisticated summarizing skills. Furthermore, we expected that
the more frequent use of formative feedback will further positively impact summarizing skills.
We tested our assumptions by examining the effectiveness of F'ALB with a group that regularly
interacted with FALB (experimental group) compared to a control group. For this purpose, we
formulated three research questions:

(RQ 1) Does the experimental group achieve a higher summary result than a control group?

(RQ 2) Which aspects of summarizing skills (content, avoidance of copied words, redun-

dancy avoidance, relevance, and length) are particularly promoted by the auto-
mated formative feedback?

(RQ 3) Do students (experimental group only) who completed more feedback loops write

higher quality summaries?

5. Methods
5.1. Participants

A total of 138 cases were included in this study, of which 87 students studied B.Ed. ele-
mentary school education (experimental group) and 51 participants studied M.A. special edu-
cation at the same university (control group). In accordance with the educational curriculum of
the bachelor’s elementary school education program, participation in the online tutorial was
mandatory for all elementary school education students and was worth one credit point. Data
for the experimental group were collected in the summer semester 2019. Special education
students participated voluntarily in the online tutorial and received one credit point in return.
Data for the control group was collected in the summer semester of 2022 which was after three
years of intensive online learning due to the COVID-19 pandemic. Therefore, the control
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group’s performance might be at a higher level than if the data had been collected before the
pandemic (see limitations).

The participating students were between 19 and 36 years old (M = 23.70, sd = 2.77) and
were 84.1% female. 78.2% of the experimental group and 89.6% of the control group had not
yet taken a class on teacher-student interaction in science education which was the topic of the
texts to be summarized.

5.2. Procedure

As part of an online tutorial, all participants completed a demographic questionnaire and
were informed about the criteria of summarizing used in this study. Participants of the experi-
mental group received information on how to decode the automated feedback. Students had to
summarize six texts, with two weeks intervals, using the computer-based learning environment
FALB. In the first and last session, participants of the experimental group submitted their sum-
mary but did not receive feedback. For the other four texts, they could write their summary,
upload it, and receive automated formative feedback up to ten times. Participants of the control
group also had to summarize the same six texts, with one week interval and did not receive any
feedback or comments on their summaries (see Appendix A for the curriculum of the tutorials).
The difference between the completion times of the two groups had no pedagogical reason but
was due to the curricula of the tutorials. However, we do not expect this difference to affect
the results, as both groups were instructed to write the summary in 90 minutes without inter-
ruption. However, the experimental group could have suffered a slight disadvantage due to the
two-week processing time.

The study was approved by the Institutional review board according to faculty regulations.
The students provided informed consent for the use of their data. Confidentiality and personal
data protection were guaranteed in accordance with relevant data privacy laws.

5.3. Data Analysis

Analysis was conducted using R (R Core Team, 2022), version 4.2.2, rStudio (Posit Team,
2022), the “psych” package (Revelle, 2022) for descriptive and correlational analyses, and the
“Ime4” (Bates et al., 2015) and “ImerTest” packages (Kuznetsova et al., 2017) to specify mul-
tilevel models of change. Tables were prepared with “apaTables” (Stanley, 2021) and models
were drawn with “sjPlot” (Liidecke et al., 2022). Cases with less than 10% content or more
than 90% summary result at TO were removed from the analysis because it either indicates the
pretest was not summarized properly or students already possess skills to write high quality
summaries (13 cases in the experimental group).
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6. Results

Descriptive statistics for the summary result and the correlational analysis are shown in
Table 1 and Table 2. The main interest of this study was to analyze students’ improvement in
summarizing across six time points when receiving automated formative feedback at four
time points compared to a no treatment control group.

Table 2
Correlational Analysis of the Summary Result
Variable 1 2 3 4 5
1. Summary result 0
2. Summary result 1 19%
3. Summary result 2 .00 A1%*
4. Summary result 3 -.10 A40%* 28%*
5. Summary result 4 .01 34%* A49%* 39%*
6. Summary result 5 -.01 2T7** J35%* 32%* 22%*

Note. * indicates p < .05. ** indicates p < .01.

First, we checked for a multilevel structure in the data by calculating the intraclass corre-
lation. This revealed that 20.3% of the variance in the summary result over time was explained
by individual differences justifying a second level. Hence, we used multilevel modeling of
change with measurement points nested in students to account for interindividual as well as
intraindividual change (Singer & Willett, 2003). To identify the optimal model, we tested sev-
eral models with different functions of time as fixed and random effects using the deviance
statistic (Table 3). If time is included as a fixed effect, the change in the dependent variable is
set equal for all individuals. This implies that differences are estimated for individuals’ inter-
cepts, e.g., the summary result at TO in this study, but not for the rate of change. If time is
included as a random effect, both the intercepts and the change in the dependent variable can
vary between individuals.

Table 3
Model Comparisons

Model Test of deviance
No time — fixed time x’=30.38,df=1,p<.001

Fixed time — fixed time?
Fixed time? — fixed time?
Fixed time? — fixed time*
Fixed time® — random time
Fixed time? — random time?
Fixed time® — random time?

v =13.59, df= 1, p <.001
v =40.24,df= 1, p <.001
v =371, df=1,p=.054
¥ =9.99, df = 1, p =.007
P =2647,df=1,p <.001

change in time.

Note. Time” = quadratic change in time. Time® = cubic change in time. Time®* = quartic



Appendix

120

€6°Cl SLT9 67Tl €79 8F Il €€LS 89¢€l 1€99 9¢'6 L¥V09 LSEl 8T L8 oeqpa’4
90°SI 90°€S L6VI TO9Y 6CTSI 86'Ly CI'LL LS6F LS9 LL'ES OVSI S90S 001/01 IS [0nuoyH
J[nsax
ps A ps A ps A\ ps A ps A ps N Xe]N/UIN N Areurung
¢L vL ¢L ¢l IL 0L
QUIL] 200 JINSIY Aduiung ayj Jo so13SDIS 2411d149S9(]

I 21q9e.L



Manuscript 1 121

Tests of deviances showed that the summary result followed a cubic change (time®) and the
effects of time differed between individuals. The model with a fixed quartic slope (time?) did
not explain the data better than the model with a cubic change as a fixed effect (y?=3.71, df =
1, p = .054). Thus, the fixed time® model was chosen the best and more parsimonious model.
Next, we included group as a level-1 fixed effect to analyze different rates of change between
the experimental group and the control group (Figure 4).

Figure 4
Predicted Values of Summary Result (y-axis) depending on Time (x-axis) for Control Group
(solid) and Experimental Group (dashed)

The model estimates are presented in Table 4. The summary result at TO differed signifi-
cantly between the two groups (ya control - feedback = -6.26, p = .014). The control group’s summary
result did not significantly change from TO to T2, decreased slightly from T2 to T4, and then
increased slightly once more from T4 to TS5, thus following a cubic rate of change. On the
contrary, the experimental group’s summary result increased substantially from TO to T2, de-
creased twice as much as the control group from T2 to T4, and then again increased slightly
from T4 to T5 at the same rate of change as the control group. Thus, although the experimental
group wrote significantly poorer summaries than the control group at TO, the experimental
group benefited from the intervention and wrote significantly better summaries than the control
group at TS (RQ 1).
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Table 4
Multilevel Model of Change in Summary Result
Fixed effects S SE p
Time 0.64 3.28 .081
Time? -2.41 1.58 .009
Time? 1.82 0.21 .003
Time AFB 1.99 4.13 .000
Time? AFB -2.86 1.99 .013
Time® AFB 1.18 0.26 121
Random effects Var SD
Person 66.70 8.17
Time 35.91 5.99
Time? 0.93 0.96
Level-1 residual 141.54 11.90
thotal A2

In a next step (RQ 2), we examined the single text quality scores (content, length, avoidance
of copied words, redundancy avoidance; see appendix B for descriptive statistics, model com-
parisons, and estimates) to better understand which aspects of a summary were particularly
promoted by the automated feedback (Figure 5). We omitted the relevance score from the anal-
ysis since more than 85.1% of all summaries had a relevance score over 90, indicating a ceiling
effect.

Content followed a quadratic change (time?), but the effects of time did not differ between
individuals. Content was over 95% at TO for both groups indicating a good content coverage.
For the control group, the effects of time were not significant and content coverage remained
at a high level. For the experimental group, content coverage decreased significantly from TO
to T3 and then increased from T3 to T5 ending at a level around 85%. Length followed a cubic
change (time®) and the effects of time differed between individuals. Overall, the length values
ranged from just over 40% to just under 25%, slightly outside the intended range of 20 to 30%
length of the original text. The control group’s length was around 30% at TO. It increased
slightly until T3 and decreased from T3 to T5. At TS, the mean length was a little less than
30%. Conversely, the experimental group’s length started significantly higher at TO and de-
creased until TS, ending with an average length below 25%. Avoidance of copied words fol-
lowed a cubic change (time®) and the effects of time differed between individuals. For the con-
trol group, the effects of time were not significant, and avoidance of copied words remained at
the same level over time. By contrast, the experimental group reduced the copying of words
significantly from TO to T2, increased slightly from T2 to T4 and decreased again from T4 to
TS.

Despite those variations, the level of avoidance of copied words always remained above 90
% from T2 to T5. Redundancy avoidance followed a cubic change (time?), but the effects of
time did not differ between individuals. Redundancy avoidance increased significantly from
TO to T2, decreased from T2 to T4, and then increased slightly from T4 to TS, all at a lower
level than content and avoidance of copied words. No group differences were observed.
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Figure 5
Predicted Profiles of Content (top-left), Length (top-right), Avoidance of Copied Words (bot-
tom left), and Redundancy Avoidance (bottom right; all depended constructs on y-axis) de-
pending on Time (x-axis) for Control group (solid) and Experimental group (dashed)

Last, we analyzed the experimental group individually regarding how frequently they used
formative feedback (iteration) to improve the summary result (RQ 3; see appendix for descrip-
tive statistics and correlations). The optimal model implied a small significant effect for the
summary result on iteration, indicating that students who completed more feedback loops
tended to write better summaries (f = 0.14, p = .002; Table 5). Taken together, the intervention
with automated formative feedback supported students in writing better summaries, and spe-
cifically promoted adherence to the length requirement and avoidance of word copying. Fur-
thermore, more feedback loops resulted in higher quality summaries.
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Table 5
Fixed Effects of Summary Result with Time and Iteration as Independent Variables, Experi-
mental Group only

Fixed effects B SE P
Time 8.62 14.33 0.000
Time? -20.36 6.33 0.000
Time? 13.74 0.84 0.000
Iteration 0.14 0.32 0.002

R0l 34

7. Discussion

The present study was conducted to examine the effectiveness of an online tutorial with
automated formative feedback on promoting undergraduate elementary education students’
improvement in summarizing. Summarizing skills are important to extract relevant information
from scientific texts and to succeed in studying and graduating successfully. Our study showed
that summarizing skills can be fostered by automated formative feedback (M. K. Kim &
McCarthy, 2021; Wade-Stein & Kintsch, 2004).

First, the summary result was analyzed. The summary result is an overall evaluation of the
summaries, including the five text quality scores and their relationship to each other. This al-
lows comparing students’ overall performance and inferring their improvement in summariz-
ing skills. In the experimental group, during the four-session intervention, feedback highlighted
the weaknesses in students’ drafts and formatively verified their conformity to the summary
criteria. The increase in the summary result for the experimental group from TO to T1 indicates
that the alignment of the internal and external reference standards was particularly strong.
However, the summary result continued to be on a high level in the following sessions. In
contrast, the summary result of the control group students did not change from TO to T2, de-
creased slightly from T2 to T4, and then increased marginally from T4 to T5.

Thus, the formative feedback might have induced the students in the experimental group to
regularly evaluate their drafts against the external reference standard and align the external to
the internal reference standard (Narciss, 2017). Accordingly, the summaries submitted not only
reflect the experimental group students’ own ideas of what constitutes a good summary but are
also the result of their understanding and internalization of the summary criteria. Furthermore,
research has shown that task engagement declines over the course of a seminar (Darby et al.,
2013). However, the feedback may have challenged experimental group students to consist-
ently work at a higher level than control group students. This may suggest that not only the
acquisition of effective summarizing skills was promoted, but also motivational regulation
(Black & Wiliam, 2018; Clark, 2012). In the last session, students in the experimental group
did not receive feedback while composing their summaries. However, the feedback group stu-
dents’ summary result remained at a significantly higher level than the control group students’
summary result. We infer that the experimental group students may have transferred feedback
insights while composing the final summary and thus achieved better summary results than the
control group.
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The single text quality scores demonstrate the interdependence of the summary criteria and
provide more detailed information about how students have met each summary criterion over
time. The longer and more redundant the summary, the higher the possibility of covering full
content and avoiding copying words. At TO, students in both the feedback and control groups
wrote summaries with a high content coverage, yet they copied more than 20% words from the
original text, included more than 50% redundant passages and wrote summaries that were 30%
(control group) or longer (experimental group) of the original text. This could indicate that
students may not have effectively encoded and integrated textual information into their cogni-
tive schema. In the tutorial, students were expected to write summaries that cover close to
100% of the content, while also scoring high on avoiding copied words and redundant passages
as well as adhering to the 20-30% length limit. With this, we intended to stimulate deep pro-
cessing of the original text and the development of a valid mental model. The profiles of the
text quality scores illustrate the learning processes of the experimental group compared to the
control group, which only had little rates of change and rather remained at baseline.

At T1, when students in the experimental group received formative feedback for the first
time, they aligned their internal reference standard in terms of length and avoidance of copied
words by submitting summaries within the optimal range of 20-30% of the original text and
avoidance of copied words over 90%. However, the level of content coverage declined. From
T2 to T3, while students maintained optimal levels of length and avoidance of copied words,
content coverage continued to decrease slightly. Yet, in T4, content coverage increased again
while the levels of length and avoidance of copied words remained in the optimal range. This
suggests that students in the experimental group improved their summarizing skills over the
four-session intervention by learning to coordinate summary criteria requirements and thus
wrote short summaries in their own words while maintaining a high content coverage. These
aspects address cognitive processes needed to create a mental model of a text (cf. Dunlosky et
al., 2013; Friend, 2001; van Dijk & Kintsch, 1983). Consequently, it might be inferred that
they learned to create more valid mental models of the texts. This assumption is further sup-
ported by the fact that students not only maintained an optimal length and few copied words
throughout the intervention when they had to meet with the criteria, but also maintained these
criteria on the final summary when they were not formatively monitored for adherence to the
criteria or given formative feedback on their summaries.

The automated formative feedback could not foster redundancy avoidance. At TO, both the
control and experimental groups started at a much lower level of redundancy avoidance than
content and avoidance of copied words. This is partly because the summaries exceeded the
length limit, increasing the risk of redundancy. Moreover, it might indicate insufficient skills
in writing concisely. Additionally, students may have had unelaborated prior knowledge since
90% of all participants had not yet attended lessons about teacher-student interaction in science
education (the topic of the original texts). With little prior knowledge, it is difficult to make
inferences, condense the gist of a text, and reorganize its ideas, which hinders the ability to
write concise summaries (K. Kim et al., 2019; van Dijk & Kintsch, 1983). From T1 to TS,
group differences were not significant, and redundancy avoidance varied widely across texts,
but remained at a lower level than content and avoidance of copied words. In the experimental
group, the automated formative feedback fostered the revision phase in the writing process but
did not explicitly address the planning phase. As a result, students may not have learned strat-
egies to thoroughly condense the core aspects of the text and sufficiently restructure the ideas
of the text — activities that often occur in the planning phase (Chew et al., 2019). Thus, the
students were unable to condense the content into a concise summary and avoid redundancy at
a higher level. For future designs, it would be worth investigating whether additional prompts
that specifically promote the planning phase and activation of prior knowledge can help stu-
dents develop strategies to better avoid redundancy. In addition, students may have had
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difficulty following the formative feedback on redundancy avoidance and understanding why
some passages were marked as redundant. Thus, they may not have been able to benefit from
the feedback.

Automated formative feedback can immediately provide valid feedback to almost an un-
limited number of students (Lenhard, 2008; Seifried et al., 2012). In our study, more feedback
loops (iterations) positively impacted the summary result. This observation supports findings
from previous research which suggests that the frequency of revisions highly influences the
quality of a summary (Kirkland & Saunders, 1991; Link et al., 2020; Roscoe et al., 2015; Zhu
et al., 2020). Students in the experimental group who completed multiple feedback loops might
have engaged more deeply in summarizing than students who sought less feedback (Zhang,
2020). These students may also have had more sophisticated skills in seeking and processing
feedback (Narciss, 2017). They could have judged external feedback as relevant, understood
it, and accepted it (Brown et al., 2016). Thus, they might have been willing to change their
internal standards rather than reinterpret the automated feedback according to their internal
standards (D. L. Butler & Winne, 2016). It would be beneficial to conduct a subsequent study
to examine more closely how students engage with automated formative feedback.

8. Limitation

First, the data collection period of the two groups was far apart. Data collection for the
feedback group was in 2019 and for the control group in 2022. Between these years, the
COVID-19 pandemic occurred, which greatly changed teaching at universities by offering
many courses online. Therefore, these groups are comparable to a limited extent, as the control
group is more accustomed to a fully online tutorial. Compared to the students in the feedback
group, the control group may have been less distracted from reading and writing the texts and
their summaries on the computer. They may also have had more practice in summarizing be-
cause they may have had to document their work progress more frequently for other courses.
This is also reflected in the control group’s higher text quality at TO.

Second, the sample of the present study consists of solely elementary and special education
students of one German university. Therefore, we do not know to what extent our results can
be generalized to other university student populations and academic settings. For future studies
the sample could be expanded to other educational programs and student populations to eval-
uate the generalizability of our findings beyond the scope of elementary teacher education.
Furthermore, a longitudinal study over several semesters could provide insight into the long-
term effects of automated formative feedback on students’ academic growth and skill retention.

Third, FALB is a recently developed computer-based learning environment. Therefore, it
has not yet been evaluated in terms of learning and feedback experience, and usability. Re-
search has shown that satisfaction (Doménech-Betoret et al., 2017), feedback acceptance
(Seifried et al., 2016), and technology acceptance (Hanham et al., 2021) are highly associated
with learning success in computer-based learning environments. Thus, future studies should
consider these moderating variables and how they affect feedback engagement and learning
outcomes.

Fourth, this study lacks control variables like prior knowledge, language capability, and
time on task. Research has shown that prior knowledge influences the creation of mental mod-
els (K. Kim et al., 2019; van Dijk & Kintsch, 1983), limited language capability may increase
mental load, reduce reading comprehension, and shift attention (J. Li, 2014; McCutchen, 2011),
and time on task is a strong predictor of text quality (J. A. Butler & Britt, 2010). Therefore, in
future studies, such variables should be controlled to further explain interindividual differences
in working with FALB.
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9. Conclusion

Overall, this study provides valuable insight into the use of automated formative feedback
through latent semantic analysis to teach effective summarizing skills to German university
students. Furthermore, it highlights the necessity of imparting summarizing as an effective
learning strategy and teaching effective summarizing strategies to students. We aimed to ex-
tend the evidence on automated summary evaluators through a new language, sample, and de-
sign. The findings demonstrated the potential of FALB to support the development of more
sophisticated summarizing skills in German undergraduate elementary education students.
They indicated that FALB particularly encouraged short summaries without copied words, with
the formative nature of the feedback contributing to improved text quality. Yet, redundancy
avoidance was promoted only to a limited extent, potentially attributable to the insufficient
emphasis on the planning phase within the computer-based learning environment. Future re-
search could advance these insights by investigating the efficacy of additional prompts during
the planning phase in fostering enhanced redundancy avoidance and the adoption of effective
summarizing strategies. Notably, the research by van den Boom et al. (2004, 2007) insinuates
a complementary effect of prompting and feedback that remains unexplored in computer-based
learning environments with automated formative feedback on summarizing. Taken together,
the insights gained from this study on the support mechanisms of F4LB are valuable and con-
tribute to enhancing the design of intelligent feedback systems for university applications.
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Appendices

Appendix A: Additional Information on FALB

Table A1
List of Text Material

Time Text material Word count

LIX

TO  Kleickmann, T.; Hardy, I.; Moéller, K.; Pollmeier, J.; Trobst, 637
S. & Beinbrech, C. (2010). Die Modellierung naturwissen-
schaftlicher Kompetenz im Grundschulalter: Theoretische
Konzeption und Testkonstruktion. Zeitschrift fiir Didaktik
der Naturwissenschaften, 16; 268 — 269.

Tl Giest, H. (2015). Methodisches ErschlieBen. In: Kahlert, J.; 445
Folling-Albers, M.; Gotz, M.; Hartinger, A.; Miller, S.; Witt-
kowske, S. (Hrsg.). Handbuch Didaktik des Sachunterrichts.

Bad Heilbrunn: Verlag Julius Klinkhardt.

T2  Sodian B., Mayer D. (2013) Entwicklung des wissenschaftli- 531
chen Denkens im Vor- und Grundschulalter. In: Stamm M.,
Edelmann D. (eds) Handbuch friihkindliche Bildungsfor-
schung. Springer VS, Wiesbaden.

T3 Leuchter, M. & Saalbach, H. (2014). Verbale Unterstiit- 649
zungsmafnahmen im Rahmen eines naturwissenschaftlichen
Lernangebots in Kindergarten und Grundschule. Un-
terrichtswissenschaft, 42(2), 117-131.

T4 Klieme, E.; Biirgermeister, A; Harks, B.; Blum, W.; LeiB. D 618
& Rakoczy, K. (2010). Leistungsbeurteilung und Kompe-
tenzmodellierung im Mathematikunterricht. Projekt Co2CA.
Zeitschrift fir Pddagogik, Beiheft; 56. Weinheim; Basel:

Beltz.

T5  Moller, K., Steffensky, M. (2010). Naturwissenschaftliches 638
Lernen im Unterricht mit 4- bis 8-jdhrigen Kindern. Kompe-
tenzbereiche frithen naturwissenschaftlichen Lernens. In M.
Leuchter (Ed.), Didaktik fiir die ersten Bildungsjahre. Un-
terricht mit 4- bis 8-jdhrigen Kindern. Seelze: Friedrich Ver-
lag.

73,9

80,2

66,0

67,2

74,6

71,7
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Table A2
Curriculum of the Experimental Group's Online Tutorial
Week Assignment
1+2 Summarize Text 1 in FALB
3+4 Summarize Text 2 and interact with FALB
5+6 Summarize Text 3 and interact with FALB
7+8 Summarize Text 4 and interact with FALB
9+10 Summarize Text 5 and interact with FALB
11+12 Summarize Text 6 in FALB
Table A3
Curriculum of the Control Group s Online Tutorial
Week Assignment
1 Summarize Text 1
2 Summarize Text 2
3 Summarize Text 3
4 Summarize Text 4
5 Summarize Text 5
6 Summarize Text 6
7 Recognizing persuasive arguments
8 Identifying persuasive argument structures
9 Write an argumentative essay in the field of pedagogy
10 Write an argumentative essay in the field of sustainability
11 Argumentation based on the Toulmin model

12 Recognizing and formulating persuasive arguments
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Table B2

Model comparisons for Content
Model Test of deviance
No time — fixed time > =24.29,df =1, p=.000
Fixed time — fixed time? > =21.67,df=1,p=.000
Fixed time? — fixed time? 2= 0.97,df=1,p=.324
Fixed time® — random time -

Table B3

Model Comparisons for Length
Model Test of deviance
No time — fixed time > =93.66,df =1, p=.000
Fixed time — fixed time? v = 7.88,df=1,p=.005
Fixed time? — fixed time? ¥ =36.68,df =1, p=.000
Fixed time? — random time > =35.68,df =1, p=.000
Fixed time? — random time? -

Table B4

Model Comparisons for Avoidance of Copied Words
Model Test of deviance
No time — fixed time > =37.73,df =1, p=.000
Fixed time — fixed time? v*=14.31,df=1, p=.000
Fixed time? — fixed time? v =26.42,df=1,p=.000
Fixed time? — random time v*=19.18,df =1, p =.000
Fixed time? — random time? -

Table BS

Model Comparisons for Redundancy Avoidance
Model Test of deviance
No time — fixed time = 0.00,df=1,p=.960
No time — fixed time? ¥ =61.97,df =1, p=.000
Fixed time? — fixed time? 2 =75.00,df =1, p=.000

Fixed time® — random time -




Manuscript 1 137

Table B6

Multilevel Model of Change in Content

Fixed effects Estimates SE p
Intercept (control) 94.61 2.43 .000
Time (control) -3.17 1.99 12
Time? (control) 0.45 0.38 245
Intercept AFB 2.68 3.06 382
Time AFB -6.42 2.51 011
Time? AFB 1.04 0.48 .032

Random Effects Var SD
Person 72.95 8.54
Level-1 residual 278.72 16.70

Table B7

Multilevel Model of Change in Length

Fixed effects Estimates SE p
Intercept (control) 29.78 1.64 .000
Time (control) -2.28 2.08 272
Time? (control) 2.34 1.03 .023
Time? (control) -0.39 0.13 .004
Intercept AFB 11.12 2.07 .000
Time AFB -14.87 2.62 .000
Time? AFB 3.78 1.30 .004
Time® AFB -0.30 0.17 .083

Random Effects Var SD
Person 79.77 8.93
Time 2.37 1.54

Level-1 residual 60.20 7.76
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Table B8

Multilevel Model of Change in Avoidance of Copied Words

Fixed effects Estimates SE p
Intercept (control) 78.82 2.09 .000
Time (control) 1.95 2.37 410
Time? (control) -1.68 1.17 152
Time? (control) 0.29 0.15 064
Intercept AFB 4.01 2.63 127
Time AFB 14.85 2.99 .000
Time? AFB -4.58 1.48 .002
Time® AFB 0.40 0.19 .039

Random Effects Var SD
Person 147.01 12.13
Time 3.34 1.83

Level-1 residual 78.15 8.84
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Table B9
Multilevel Model of Change in Redundancy Avoidance
Fixed Effects Estimates SE p
Intercept (control) 43.71 3.45 .000
Time (control) 34.82 6.04 .000
Time? (control) -15.95 3.00 .000
Time? (control) 1.85 0.39 .000
Intercept AFB -4.56 4.41 302
Time AFB 12.37 7.60 .104
Time? AFB -4.30 3.78 255
Time® AFB 0.45 0.50 364
Random Effects Var SD
Person 132.37 11.51
Level-1 residual 512.60 22.64
Appendix C: Additional Information on RQ 3
Table C10
Means, Standard Deviations, and Correlations of Summary Result and Iteration
Variable M SD 1 2 3 4 5 6 7
l.tq 1 60.47  9.56
2.tq 2 65.31 13.68 .46**
3.tq 3 5733 1148 24% .10
4.1q 4 62.33  12.29 23% .14 26%
5. iteration_1 2.39 1.77 25% .16 23%  28%*
6. iteration_2 2.53 2.08 .19 18 21 .05 .55%*
7. iteration 3 2.71 2.31 23% A1 26% 24%  A40**  43%*
8. iteration 4 247 210 24%  33%* .20 21 A48%*k 43k 3Pk

Note. * indicates p < .05. ** indicates p < .01.
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Table C11

Multilevel Model of Change in Summary Result with Feedback Group only and Iteration as
Independent Variable

Fixed effects Estimates SE p
Time 72.08 14.33 .000
Time? -32.67 6.33 .000
Time? 4.37 0.84 .000
Iteration 0.98 0.32 .000

Random Effects Var SD
Person 23.62 4.86

Level-1 residual 110.61 10.52
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THE IMPACT OF COGNITIVE AND MOTIVATIONAL RESOURCES ON

ENGAGEMENT WITH AUTOMATED FORMATIVE FEEDBACK

Veronika Barkela, Lukas Schmitt, & Miriam Leuchter

Abstract

The effectiveness of automated formative feedback highly depends on student feedback en-
gagement that is largely determined by learners’ cognitive and motivational resources. Yet,
most studies have only investigated either cognitive resources (e.g., mental effort), or motiva-
tional resources (e.g., expectancy-value-cost variables). The purpose of this study is to exam-
ine the development (indicated by time) and relationship of 1) cognitive, 2) affective, and 3)
behavioral feedback engagement as a function of cognitive and motivational resources in a
computer-based learning environment with automated formative feedback. Data was col-
lected from N =330 German B.Ed. Elementary Education students who worked four consec-
utive sessions on summarizing texts. Previously invested mental effort (t-1) affected situa-
tional expectancy and cost but not situational value. 1) Cognitive feedback engagement was
positively associated with previous performance but neither associated with cognitive nor
motivational resources. 2) Affective feedback engagement was positively associated with in-
trinsic value and negatively associated with situational expectancies, invested mental effort
and previous performance. 3) Behavioral feedback engagement was positively associated
with situational expectancies and invested mental effort. This study contributes to the under-
standing of student’s cognitive and motivational structures when engaging with automated
formative feedback.

Keywords: feedback engagement, expectancy-value theory, mental effort, automated

formative feedback, summarization, pre-service teacher students
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1. Introduction

In higher education, summarizing skills are important to quickly extract and process
relevant information from scientific texts (Kiirschner et al., 2006). However, undergraduates
struggle to grasp scientific texts in depth, distinguish important information from unimportant
information, and link information to their prior knowledge (Kintsch, 1990). Consequently,
they experience difficulties in summarizing scientific texts precisely and in their own words
(Kim & McCarthy, 2021). One way to promote summarizing skills is to provide automated
formative feedback which assesses linguistic features related to the properties of a summary
at word, sentence, and document level using natural language processing (Kim & McCarthy,
2021; Wade-Stein & Kintsch, 2004). In the present study, for example, the system informs
about content coverage, copied words, redundancies, irrelevant information, and adequate
length, accessible in multiple iterations (Authors, in revision).

However, the effectiveness of such feedback highly depends on the individual en-
gagement with feedback (Handley et al., 2011; Price et al., 2011). Especially in computer-
based learning environments, it is the learners' responsibility to use feedback in a way that
supports their learning processes (Ali et al., 2018; Winstone et al., 2017). Kinsey (2022)
showed that individual engagement is largely determined by learners’ cognitive and motiva-
tional resources.

Although a growing body of research has investigated associations between cognitive
resources and learning engagement (Dong et al., 2020; Y. Liu & Sun, 2021) or motivational
resources and learning engagement (Putwain et al., 2019; Sun & Rueda, 2012), research
about the relationship between cognitive and motivational resources and feedback engage-
ment is scarce (Han, 2017). For researching cognitive and motivational influences on feed-
back engagement we used two theoretical perspectives. 1) The amount of invested mental ef-

fort as a cognitive resource and, 2) expectancy-value theory (EVT) as a framework for
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motivational resources might explain decisions to engage with feedback. In addition, we con-
sider time, as the invested mental effort and EVT variables vary across learning situations
(Eccles & Wigfield, 2020; Paas et al., 2005). Therefore, the purpose of this study is to exam-
ine the relationships between mental effort and EVT variables with feedback engagement
over multiple time points in computer-based learning environments with automated formative
feedback on summarizing texts. Information about which resources influence feedback en-
gagement may indicate ways to promote student feedback engagement.

1.1 Student Engagement with Automated Formative Feedback

The formative feedback process is a communicative act formed by feedback provider
and recipient (Price et al., 2011). In computer-based learning environments, feedback is often
computed by algorithms, hence on the part of the provider, the communicative act is limited.
Therefore, the quality of the feedback communication processes depends highly on the recipi-
ents and their use of the feedback to its full potential (Handley et al., 2011; Van der Kleij &
Lipnevich, 2021; Winstone et al., 2017). Following, the feedback recipients’ individual levels
of engagement determine if the feedback processes will be successful and support the
achievement of the learning goals (Al et al., 2018; Hyland & Zhang, 2018). Engagement is a
multi-dimensional construct which encompasses cognitive, affective, and behavioral aspects
(Ellis, 2010; Handley et al., 2011).

Cognitive feedback engagement describes the willingness to process and apply feed-
back to improve the outcome (Handley et al., 2011). Zhang and Hyland (2022) analyzed stu-
dents processes of text revisions to examine cognitive engagement. They argue that cognitive
engagement results in identifying errors and weaknesses and setting goals for improvement.
These operations translate into improvement in text quality (Butler & Britt, 2010). Therefore,
in this study, we chose the change in text quality from the initial summary to the finally sub-

mitted summary as an indicator of cognitive feedback engagement.
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Affective feedback engagement relates to the perceived valence of the feedback
(Mayordomo et al., 2022). Students’ perception of the valence of the feedback determines the
successful use of feedback and influence its effectiveness on learning (Seifried et al., 2016;
Van der Kleij & Lipnevich, 2021). However, students often are discontent with the feedback
they received (Adams et al., 2020; Zhang & Hyland, 2022). Especially when receiving auto-
mated feedback, students raise concerns about its accuracy and helpfulness (Lipnevich &
Smith, 2009). Studies have shown that students who assumed they were receiving automated
feedback accepted it to a lesser extent than students who assumed they were receiving feed-
back from a human, regardless of whether the feedback came from a human or was auto-
mated (Seifried et al., 2016). Therefore, in this study, we chose feedback acceptance as an in-
dicator of affective feedback engagement.

Behavioral feedback engagement refers to the activity initiated by the recipient after
having received feedback (Handley et al., 2011; Price et al., 2011). In the context of summa-
rizing, this means that students with a high behavioral feedback engagement revise a text
more often and process more feedback than students with low behavioral feedback engage-
ment (M. Liu et al., 2017). Thus, in a computer-based learning environment that provides au-
tomated feedback, students with high behavioral feedback engagement tend to request newly
calculated feedback more often (Van der Kleij & Lipnevich, 2021; Zhang & Hyland, 2022).
Therefore, in this study, we chose the number of feedback iterations (the number of submis-
sions of revised summaries and associated calculated feedback in one session) as an indicator
of behavioral feedback engagement.

1.2 Cognitive Resources

Successfully engaging in complex tasks such as summarizing requires cognitive re-

sources to process new information and integrate it into the individual’s knowledge network

(Sweller, 2020). Humans perceive mental effort as costly and tend to minimize its
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expenditure (Kool et al., 2017; Shenhav et al., 2017; Yee & Braver, 2018). Kool et al. (2010)
showed that people tend to repeatedly choose actions that are associated with fewer cognitive
demands. This is confirmed by Gieseler et al. (2020) who found that people choose less ef-
fortful task alternatives when exerting mental effort on an initial task. However, the prospect
of reward and the expected efficacy of task performance may positively influence the willing-
ness to invest mental effort (Fromer et al., 2021). Automated feedback and support in com-
posing a summary might serve as such reward and affect efficacy judgements.

1.3 Motivational Resources

Building on EVT, expectancies, task values, and costs are key factors that influence
decisions to engage in learning processes and to pursue activities that benefit learning (Eccles
& Wigtfield, 2020; Rosenzweig et al., 2019). Thus, in our case, we assume that students’ ex-
pectancies, values, and costs influence their decision to engage with automated formative
feedback in order to succeed in the task.

Expectancies. Expectancies for success refer to future performances through the antic-
ipation of how well one will perform on an upcoming task. Expectancies thus express a situa-
tion-specific interpretation of one’s own competence beliefs about the task (Eccles &
Wigfield, 2020). Individuals’ competence beliefs are derived from past performances. They
are broad and stable subjective perceptions of respective current abilities (Marsh et al., 2012).

Task values. Task values describe subjective perceptions of the valence of a task and
comprise the dimensions intrinsic value, utility value, attainment value, and costs. Subjective
task values impact individual choices to engage with a learning activity (Rosenzweig et al.,
2019). Intrinsic value comprises interest and enjoyment as well as willingness to engage in a
task. Wigfield and Eccles (2020) link intrinsic value to the concepts of situational interest
(Ryan & Deci, 2020) and intrinsic motivation (Hidi & Renninger, 2006) emphasizing the var-

iability depending on task and time. Utility value denotes that the task is perceived as useful



148 Appendix

for goal achievement. According to Eccles and Wigfield (2020), utility value can be closely
related to the concept of extrinsic motivation (Ryan & Deci, 2020). Attainment value refers
to the personal value a student attributes to the task (Wigfield et al., 1997). Cost is conceptu-
alized as perceived negative consequences of engaging with a task such as emotional distress
and fear of missing opportunities. Eccles and Wigfield (2020) emphasize that every learning
activity has costs, which are related to the benefits resulting in a cost to benefit ratio.

In EVT, the total value of a task is conceptualized as the sum of intrinsic value, utility
value, attainment value, and cost (Eccles & Wigfield, 2020). Therefore, in many studies the
value components were aggregated to a composite value scale (Alipio, 2020; Perez et al.,
2014; Viljaranta et al., 2009; Wang & Eccles, 2013). In recent years, however, researchers
suggested to exclude cost due to its negative valence (Barron & Hulleman, 2015; Flake et al.,
2015; Jiang et al., 2018).

1.4 The Joint Impact of Cognitive and Motivational Resources on Feedback Engage-
ment in the Perspective of Time

Feedback engagement might be related to the level of mental effort students invest in
a summarizing task. Students with low engagement might expend few mental effort and pro-
cess text and feedback superficially, resulting in little cognitive feedback engagement, in our
case improvement of the summary, less affective feedback engagement, such as acceptance
of feedback, and less behavioral feedback engagement, such as feedback iteration (Miller,
2015). The opposite applies to high engaged students. However, the willingness to allocate
mental effort might also depend on students’ motivational resources (Dunn et al., 2019;
Feldon et al., 2019). For example, Putwain et al. (2019), Fan and Williams (2010), and Wang
and Eccles (2013) showed in samples of primary and secondary school students that expec-
tancies, values, and their interactions predict different manifestations of student engagement.

Furthermore, Guo et al. (2016) investigated in a series of factor analyses the unique
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contributions of self-concept and the four value components of EVT. Their findings indicate
that the value components, particularly intrinsic value and low cost, are important predictors
of student-reported effort and teacher-reported engagement. Moreover, Goldstein (2006) con-
ducted interviews with students about their decision to engage in feedback in an ESL writing
course and found that motivation was an important factor in their decision to engage with
feedback. Thus, in our study, different associations between the aspects of cognitive and mo-
tivational resources may lead to differences in cognitive (change in text quality), affective
(feedback acceptance), and behavioral feedback engagement (feedback iteration).

In the perspective of time, research has shown that students” motivational states fluc-
tuate from one learning situation to another (Dietrich et al., 2019; Eccles & Wigfield, 2020).
According to the model of interest development (Hidi & Renninger, 2006), external influ-
ences, in our study e.g., the opportunity to learn about summarizing intensively, can create
situational interest which can then be maintained for a longer period. However, several stud-
ies have shown that intrinsic value can decline over time during a university course (Darby et
al., 2013; Seifried et al., 2016). Focusing on the reciprocal relationship between motivation
and effort, Marsh et al. (2016) identified that prior effort had a negative effect on subsequent
self-concept and prior self-concept had a positive effect on subsequent effort. Furthermore,
Han (2017) found that learner beliefs, such as self-concept and success expectation, can
change depending on the context, and that there is a mutually reinforcing relationship be-
tween learner beliefs and feedback engagement. Dietrich et al. (2017) showed that students
invested more effort in situations where they had previously expected to be successful or val-
ued the task highly. Yet, they also had higher expectancies and intrinsic value when they had
invested more effort in the previous situation. A subsequent profile analysis showed that ex-

perienced costs remained fairly stable (Dietrich et al., 2019). This contradicts the findings of
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Perez et al. (2019), which suggest less stability of the cost construct over time compared to
the other task value constructs.

2. Rationale of OQur Study

Based on the literature, motivational resources can be expected to influence cognitive, affec-
tive, and behavioral feedback engagement both directly and moderated by the invested men-
tal effort (Paas et al., 2005; Shenhav et al., 2021). Yet, previously invested mental effort can
also affect situational motivational resources which impact feedback engagement (Dietrich et
al., 2017; Gieseler et al., 2020). Since previous performance has been found to be related to
EVT variables and mental effort, it also ought to be considered as a control variable (Paas et
al., 2005; Trautwein et al., 2009). From these theoretical considerations, a cross-lagged
model can be assumed which describes the reciprocal relationship between cognitive and mo-
tivational resources and cognitive, affective, and behavioral engagement (Figure 1). To the
best of our knowledge, there has been no previous research on the joint influence of cognitive
and motivational resources on feedback engagement in a computer-based learning environ-

ment with automated feedback for summarizing.
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3. Research Question and Hypotheses
With this study, we want to assess the explanatory power of the theoretical model in
relation to our empirical data. Therefore, we specified the following research question and
five hypotheses:
RQ: How do cognitive and motivational resources and previous performance affect
feedback engagement over time?
We expect direct effects:
H1: Feedback engagement (cognitive, affective, behavioral) is positively affected by
e learner beliefs (self-concept, attainment/utility value, expectancy for success,
intrinsic value),
e invested mental effort,
and negatively affected by
e cost.
Furthermore, we expect indirect paths:
H2: Invested mental effort is positively affected by
e learner beliefs (self-concept, attainment/utility value, expectancy for success,
intrinsic value, cost).
Moreover, we expect lagged effects:

H3: Feedback engagement is positively affected by previous

o feedback engagement,
e performance.

H4: Learner beliefs (expectancy for success, intrinsic value, cost) are positively af-
fected by previous
e feedback engagement,

e invested mental effort,
e performance.
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H5: Invested mental effort is positively affected by previous
e feedback engagement,
e invested mental effort,
e performance.
4. Methods
4.1 Participants

In total, N =330 German B.Ed. Elementary Education students participated in the
study (274 female, 56 male). They were on average M = 23.09 (SD = 2.89) years old and at
least in their fifth bachelor semester. In Germany, B.Ed. Elementary Education students take
domain specific subjects in the first four semesters of their program and specialize in a partic-
ular type of school, in this case elementary school, in the last two semesters of their bachelor
studies. 278 participants had not yet taken a course on teacher-student interaction which was
the topic of the texts to be summarized. Data collection took place between April 2021 and
December 2021.

The study was approved by the institutional review board according to faculty regula-
tions. The students provided informed consent for the use of their data. Confidentiality and
personal data protection were guaranteed in accordance with relevant data privacy laws.

4.2 Computer-based Learning Environment and Procedure

The computer-based learning environment is composed of a client side and a server
side (see supplement, Figure A.1). The client side consists of a) the text to be summarized
(Figure A.2), b) prompts encouraging the use of cognitive strategies for summarizing (Figure
A.3), and c) stimuli for self-assessment presented once before students first access the feed-
back interface (Figure A.4). The feedback interface displays semantic feedback and score
feedback. Semantic feedback provides information about copied words, redundancies, irrele-
vant sentences, and unknown words, which are marked in different colors in the text box

(Figure A.5). Score feedback provides information about the summaries’ length, how well the
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source text is covered, and how well copied words and repeating information are avoided
(Figure A.6). The scores are saved as single scores and a composed score that is text quality.
Semantic and score feedback can be obtained up to ten times.

The server’s main task is to evaluate the summaries and to provide semantic feedback
and score feedback. For this purpose, the source texts, expert summaries, and a semantic
space were implemented on the server for calculation with latent semantic analysis. A more
detailed description of the learning environment can be found in Authors (in revision).

Procedure. The intervention for summarizing was implemented in an online seminar
about academic writing and lasted four weeks. Students had one week to complete each as-
signment within 90 minutes. Before the first session, students received video lectures on the
required aspects of text quality and information about how to decode the automated feedback.
In each session, students’ task was summarizing a text. After receiving stimuli for self-assess-
ment, they could revise the first draft, upload the revision, and receive automated formative
feedback up to ten times. Before starting the intervention, the students were asked to com-
plete a questionnaire about demographics, self-concept of summarizing, attainment value,
and utility value. At each session, the students were asked about their expectancies for suc-
cess, intrinsic value, and costs before starting the task and their invested mental effort and
feedback acceptance after having finished the task.

4.3 Measures

The following variables were assessed once. Self-concept of summarizing focused on
students’ ability to summarize texts (Marsh et al., 2012). It was measured with five items on a
four-point Likert-scale, e.g., ‘Summarizing is one of my strengths’ (Cronbach’s a = .85).
Summarizing utility value measured the perceived utility of writing summaries in relation to
studying successfully. The construct consisted of three items, e.g., ‘I find summarizing very

useful for my studies’ (Cronbach’s o = .76). Summarizing attainment value was
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conceptualized as students’ perceived value of summarizing to their studies. It was measured
with five items, e.g., ‘I find that summarizing is an important learning strategy’ (Cronbach’s
a =.78). In our study design, we incorporated findings from the literature, indicating that stu-
dent teachers do not find theoretical knowledge (acquired through summarizing) that im-
portant (Briten & Ferguson, 2015). Thus, we assumed that attainment and utility value would
remain stable throughout the weeks and assessed them once before the course started.

The following variables were assessed in each session. Cognitive feedback engage-
ment (change in text quality per session) is calculated by the difference of the last submitted
summary and the first draft within the session. The range could theoretically span from -100
to +100. Affective feedback engagement (feedback acceptance) was measured with eight
questions taken from Seifried et al. (2016), e.g., ‘The feedback was fair’. It was measured on
a four-point Likert-scale (1 = strongly disagree, 4 = strongly agree; Cronbach’s a1 = .94, o
=.95, a3z = .96, and o4 = .97). Behavioral feedback engagement (feedback iteration) is the
number of how often the summary was resubmitted and feedback was requested. Invested
mental effort was measured with three items based on Naismith et al. (2015) and Paas (1992),
e.g., ‘Today I had to concentrate very hard to understand the text” (Cronbach’s o1 = .72, o =
79, a3 = .71, au = .70). Expectancy for success was assessed with one question about the
students’ belief how well their summary will score on a dimension with ten percent intervals
(Doménech-Betoret et al., 2017).

Values about summarizing were assessed in line with conceptualizations by Wigfield et al.
(1997) on a four-point Likert-scale (1 = strongly disagree, 4 = strongly agree). Intrinsic value
of summarizing was constructed as the commitment on learning about summarizing, and
comprised four items e.g., ‘Today I like to summarize a text’ (Cronbach’s aq = .78, an = .83,
ai = .84, and o = .85). Perceived cost of working with the learning environment was con-

ceptualized as perceived emotional distress and fear of missing out on other opportunities
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when working with the learning environment (Eccles & Wigfield, 2020). It was measured
with four items, e.g., “To write a good summary today, I must give up something I would
have preferred to do right now’ (Cronbach’s aq = .72, ap = .80, oz = .81, and o = .79). Ac-
cording to the literature (Hidi & Renninger, 2006), we assumed that intrinsic value and cost
vary depending on task and time. We therefore assessed them before every session. Previous
performance was measured as the summary’s final text quality score of the previous session.
All self-report items are provided in the supplement B.
4.4 Data Analysis

We used the statistics program R, version 4.2.1, (R Core Team, 2022) for data anal-
yses. An a priori power analysis was conducted using ,,semPower* (Moshagen & Erdfelder,
2016) to determine the minimum sample size required to test the study hypotheses. Results
indicated the required sample size to achieve 90% power for detecting a medium effect, at a
significance criterion of a = .05, was N = 218 for structural equation modelling. Thus, the ob-
tained sample size of N =330 is a little overpowered but still adequate to test the study hy-
potheses.

Data processing and preparation was done using the R-package “psych” (Revelle,
2022). Confirmatory factor analyses and estimation of model fits were carried out using
“lavaan” (Rosseel, 2012). The data were organized in a long format to represent one time
point per subject in each row. Thus, the unit of analysis was each measurement occasion for
each student to model the change in the variables over time. To create lagged variables, the
variables’ values were shifted by one measurement point. This was done for the cognitive, af-
fective, and behavioral feedback engagement and the invested mental effort variables.
S. Results

The main interest of this study was to examine the development and relationship of

cognitive, affective, and behavioral feedback engagement as a function of cognitive and
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motivational resources, for which structural equation modeling is most appropriate. Descrip-
tive statistics and correlational analysis are reported in supplement C. Informed by the litera-
ture (Eccles & Wigfield, 2020; Jiang et al., 2018; Viljaranta et al., 2009), and given the
strong correlation in our study between summarizing utility and attainment value (» = .65; Ta-
ble C.3), we created a composite value score with a high internal consistency (Cronbach’s o
= .85). Intrinsic value was measured at a situation-specific level and thus considered sepa-
rately in the model.

5.1. Structural Equation Modeling

Following the theoretical assumptions, we specified and tested a cross-lagged model
(Figure 2). CFI, RMSEA, and SRMR fell above or below the cut-offs (Hu & Bentler, 1999)
and thus, indicated a good fit (CFI = .98 > .95; TLI = .96 > .95; RMSEA = .03 <.10; SRMR
= .02 < .08). The chi-square/df-ratio did not exceed the cut-off factor 2 (¥*(36) = 69.58; ¥*/df
= 1.93; Kyriazos, 2018).

5.2 Hypothesis Testing

We used structural equation modeling with the maximum likelihood estimator (ML)
to test direct, indirect, and lagged relationships (Figure 2). All reported associations were sig-
nificant at a p = .05 level (see also supplement D).

Direct Paths on feedback engagement (HI). Neither learner beliefs nor invested men-
tal effort had a direct significant association with cognitive feedback engagement (change in
text quality). Affective feedback engagement (feedback acceptance) had a negative associa-
tion with expectancy for success (f = -.11) and a positive association with intrinsic value (f =
.18). Furthermore, affective feedback engagement was negatively associated with invested
mental effort (f = -.13). Behavioral feedback engagement (feedback iteration) was positively
associated with expectancy for success (f = .14) and invested mental effort (f = .13). Cost

had no direct effect on cognitive, affective, or behavioral feedback engagement.
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Indirect Paths on feedback engagement (H2). We found positive associations between
invested mental effort and intrinsic value (f = .11) and cost (f = .26). Furthermore, invested
mental effort was negatively associated with self-concept (f = -.18). Besides, we found posi-
tive associations between self-concept and expectancy for success (f = .15) and attain-
ment/utility value and intrinsic value (f = .31). Furthermore, attainment/utility value had a
negative effect on cost (f =-.21).

Lagged Associations. Concerning H3, only previous performance (f = .11) had a positive ef-
fect on cognitive feedback engagement. Affective feedback engagement was negatively asso-
ciated with previous performance (f = -.12) and positively associated with previous affective
feedback engagement (5 = .47). Behavioral feedback engagement was positively associated
with previous behavioral feedback engagement (f = .39). Regarding H4, we found significant
associations between expectancy for success and previous behavioral feedback engagement
(B = .12), previously invested mental effort (= -.14), and previous performance (f = .15).
Furthermore, intrinsic value was positively associated with previous affective feedback en-
gagement (f = .19) and cost was positively associated with previously invested mental effort
(B = .23). Lastly, for H5, we found a positive association between invested mental effort and
previous affective feedback engagement (5 = .13). Besides, previously invested mental effort
was significantly associated with previous cognitive feedback engagement (f = .13) and pre-
vious performance (f = -.17).

6. Discussion

This study investigated the joint impact of cognitive and motivational resources on
the development of cognitive, affective, and behavioral feedback engagement in one model to
draw conclusions on how to optimize a computer-based learning environment about summa-
rizing and how to foster students’ feedback engagement. Since studies have shown that in-

vested mental effort is related to engagement (Dong et al., 2020; Y. Liu & Sun, 2021), and
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motivational variables can balance the costs to exert mental effort (Feldon et al., 2019; Yee &
Braver, 2018), as well as reciprocal relationships between mental effort, motivational varia-
bles, and (feedback) engagement (Dietrich et al., 2017; Han, 2017; Marsh et al., 2016), we
specified and tested a model with direct, indirect and lagged effects. Absolute model compar-
isons suggested a good fit implying that in this computer-based learning environment, stu-
dents’ feedback engagement is affected by motivational variables and invested mental effort.
Moreover, situational motivational variables and invested mental effort are affected by previ-
ous feedback engagement and previous invested mental effort.

An integration of the three outcome variables in one model allows to account for the
three dimensions of the engagement construct and their relation. Cognitive feedback engage-
ment (change in text quality) correlates slightly positive with affective feedback engagement
(feedback acceptance), suggesting that students who achieve higher change tend to better ac-
cept the feedback. Additionally, cognitive feedback engagement is moderately correlated
with behavioral feedback engagement (feedback iteration), indicating that students revising
their paper and receiving feedback more often are more likely to achieve higher change in
text quality. Moreover, affective feedback engagement is negatively correlated with behav-
ioral feedback engagement on a medium level, suggesting that students who accept their
feedback tend to request less feedback. In the following, we will discuss the interplay of the
cognitive and motivational resources with the three outcome variables.

Associations of T0 on T In line with the theory, the positive relationship between
self-concept and expectancy for success implies that students who think that they are good at
summarizing expect high scores (Eccles & Wigtfield, 2020). Self-concept influences nega-
tively the invested mental effort, which is in line with previous research suggesting that stu-
dents who believe to be capable of succeeding in a task experience less mental load than stu-

dents who believe that they would not succeed in this task (K. M. Xu et al., 2021). Redifer et



Manuscript 2 159

al. (2021) assume two causes for this relation. Students with high self-concept may a) shift
attentional resources away from the demands of the task, thereby reducing their own cogni-
tive load which results in less mental effort or b) experience a confidence booster and thus
perceive the task as less difficult. Utility/attainment value is positively associated with intrin-
sic value and negatively associated with cost. This indicates that students who think that sum-
marizing is important also experience high situational enthusiasm about writing a good sum-
mary and experience less emotional and opportunity costs (Perez et al., 2019). Unlike other
studies (Guo et al., 2016; Meyer et al., 2019) utility/attainment value and self-concept are
only slightly correlated, which may be attributable to the course topic (cf. Braten & Ferguson,
2015).

Associations at T: Contrary to our hypothesis, expectancy for success is negatively
associated with affective feedback engagement, indicating that students who expect lower
summary scores are more likely to accept their feedback and are willing to improve their
summaries according to the feedback. Students who expect higher summary scores might be
disappointed by the feedback and therefore are less willing to accept it. Such behavior is
known from research on self-efficacy and feedback acceptance. Within this framework, indi-
viduals tend to protect their self-efficacy beliefs when they receive feedback that is incon-
sistent with their efficacy judgments. They might question the accuracy of the feedback or at-
tributing unsuccessful performance to bad luck (Nease et al., 1999; Silver et al., 1995). Fur-
thermore, expectancy for success positively affects behavioral feedback engagement imply-
ing that students who expect to write a good summary tend to take more iterations (cf. Eccles
& Wigtfield, 2020; Putwain et al., 2019; Wu & Kang, 2021). However, there is a possibility
that students who have high expectations but receive low scores do not engage thoroughly

with the feedback but rather test the adaptivity of the automated feedback thus iterating more.
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Moreover, the positive impact of intrinsic value on affective feedback engagement in
the same learning situation illustrates that students who are more dedicated to writing a good
summary attribute a high valence to their feedback. Additionally, intrinsic value is positively
associated with the invested mental effort, indicating that students who are motivated to
achieve higher scores also invest more mental effort. Cost is not directly associated with af-
fective feedback engagement. However, cost is moderately associated with the invested men-
tal effort. Thus, students might understand the investment of more mental effort as costs
(Feldon et al., 2019). Invested mental effort positively impacts behavioral feedback engage-
ment, indicating that students who allocated more cognitive resources requested feedback
more often (Zhang & Hyland, 2022). On the contrary, invested mental effort is negatively as-
sociated with affective feedback engagement. Accordingly, students who experience higher
mental effort are less likely to accept feedback. Thus, when having invested a high level of
cognitive resources but not received the intended reward (good feedback), students may be
disappointed and devalue the feedback, accepting it less (cf. Fromer et al., 2021).

Associations at T-1: Cognitive feedback engagement positively affects invested men-
tal effort indicating that students who strongly improved their drafts invested more mental ef-
fort (cf. Sweller, 2020). Furthermore, performance negatively affects the invested mental ef-
fort (cf. Marsh et al., 2016).

Associations of T-1 on T: Previously invested mental effort is negatively associated
with subsequent expectancy for success and positively associated with subsequent cost. This
indicates that students who had allocated more cognitive resources earlier predicted a lower
text quality in the subsequent learning situation. Effort is often considered a "double-edged
sword" in previous research because it can affect students' self-perceptions, as having to in-
vest more mental effort can imply less ability (Dietrich et al., 2017; Marsh et al., 2016). Fur-

thermore, students who invested more mental effort in one learning situation experienced
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higher costs in the following session. This is in line with other studies which have shown that
exerting cognitive control is effortful and therefore costly (Kool et al., 2017; Shenhav et al.,
2021). The increase in students’ costs depending on previous mental effort might be related
to the finding that after having completed a high demanding task, people tend to choose less
demanding tasks (Gieseler et al., 2020). In this study, however, the task difficulty remained
comparably the same at each session and might thus have increased students’ costs.

Previous performance positively affects expectancy for success. This finding is in line
with EVT which states that expectancies for success build on experiences from past learning
situations (Eccles & Wigfield, 2020). Furthermore, it positively impacts cognitive feedback
engagement, indicating that students with a better summary are more likely to improve their
summary in a subsequent learning situation (cf. Putwain et al., 2019). Moreover, students
who wrote a good summary in a previous learning situation are less affectively engaged in
the subsequent learning situation, indicating that they perceive the feedback as less informa-
tive or helpful. This can denote that students with high quality previous summaries might
have more difficulty identifying areas for improvement than students with low previous sum-
maries (J. Xu & Zhang, 2022). This might be reinforced by our tool. Students with high qual-
ity previous summaries received high score feedback and might not have seen much value in
applying the feedback further. At last, previous affective feedback engagement highly affects
subsequent affective feedback engagement. This indicates that once students appreciate the
automated feedback to be fair and representative of their summary, they continue to do so
throughout the course, employing more motivational and cognitive resources. This is in line
with studies that show that the way students perceive the valence of feedback is a determin-
ing factor in the successful utilization of feedback (Van der Kleij & Lipnevich, 2021).

Likewise, previous behavioral feedback engagement highly affected subsequent behavioral
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feedback engagement indicating that students who tend to iterate more often in one session
maintain this behavior throughout the course (M. Liu et al., 2017).
6.1 Limitations

This study was conducted with an online computer-based learning environment im-
plemented in a university course about scientific writing. Students had to work weekly as-
signments to pass the course. However, they were free to decide when and where to work on
the assignments. Thus, we had little control whether the students followed the instructions
and worked properly with the program. However, this shortage contributes to the ecological
validity of this study, as online courses have become a common practice at universities. Yet,
students might not have taken the tasks and feedback as seriously as they would have in a
higher-stakes situation.

With our data, we were unable to significantly relate cognitive feedback engagement
to cognitive or motivational resources, which may have been due to the supportive potential
of the feedback algorithm. The automated feedback is calculated based on predefined criteria
about content, copied words, redundancies, and length. It seems that students with poor previ-
ous performance could use this information to substantially improve their drafts and are thus
stimulated in their zone of proximal development (Vygotsky, 1978). However, students who
already wrote good summaries could not use the information they received from the feedback
to further improve their summaries. The feedback algorithm was not able to develop higher-
order criteria and therefore could not feed back more sophisticated information about summa-
rizing. Hence, we were not able to support the higher achieving students in their zone of
proximal development. For further research, the algorithm should be extended to include
higher-order information, which could be adaptive in the way that only high-scoring students

are shown this information. Thus, our study indicates that the development of a more
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intelligent algorithm that also detects errors in the structure and ideation of a summary itself
may be worthwhile.

6.2 Conclusion

Automated formative feedback helps to overcome the dilemma between individual student
support and limited resources in large university courses. However, learning successfully in
such learning environments depends on the individual feedback engagement. We showed that
motivation reduces cost as well as invested mental effort and thus increases behavioral feed-
back engagement. In addition, we showed that students who have high behavioral feedback
engagement tend to have high cognitive feedback engagement. Consequently, when design-
ing learning environments with automated formative feedback, the willingness to allocate
more mental resources and to request feedback more often needs to be addressed to motivate
students to engage more deeply in their learning processes. However, our study allowed for
insights into the interplay between feedback engagement and cognitive and motivational as-
pects. These might be useful for further studies that consider e.g., students’ beliefs about

learning and transfer the findings to other computer-based learning environments.
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Figure 1
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Fig. 1. Theoretical model describing reciprocal associations between invested mental effort, perfor-
mance, motivational resources, and feedback engagement.
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The Interplay of Instructional Prompts and Automated Formative Feedback in
Enhancing Summarizing Skills

Running title: Interplay of Prompts and Feedback

Veronika Barkela & Miriam Leuchter

Abstract
Background. Summarizing has been shown to be an effective learning strategy as
it enhances cognitive skills, communication abilities, and information processing.
Therefore, effective summarizing skills are an asset for university students. Yet,
undergraduates struggle to employ effective summarizing strategies, thus needing
support.
Objective. We aim at investigating the effectiveness of instructional prompts
based on reciprocal teaching versus automated formative feedback in improving
summarizing skills. We also explore if combining both prompts and feedback of-
fers any additional benefits in enhancing these skills.
Methods. N = 254 elementary education students were asked to summarize six
scientific texts, with one group (N = 75) receiving instructional prompts based on
reciprocal teaching, one group (N = 87) receiving automated formative feedback,

and one group (N = 92) receiving a combination of both.
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Results and Conclusion. Instructional prompts based on reciprocal teaching
alone support the development of summarizing skills, albeit to a lesser extent
than automated formative feedback. Combining the two did not have a significant
additional effect. At first sight, this may suggest a ceiling effect, indicating that
learning potential is maximized with automated formative feedback. However,
Students in the combination group requested slightly less formative feedback,
which indicates a possible substitution effect of automated formative feedback
and instructional prompts based on reciprocal teaching.

Lay summary:

Automated feedback supports students to enhance their summarizing skills.
Prompts support the enhancement of summarizing skills to a lesser extent.
Combining the two is similarly effective to automated feedback alone.
Keywords: formative feedback, instructional prompts, reciprocal teaching, auto-
mated summary evaluator, summary writing, technology-enhanced learning envi-

ronments, pre-service teacher students

1 Introduction

Summarizing has been shown to be an effective learning strategy as it enhances cog-
nitive abilities, communication skills, and information processing (Dunlosky et al., 2013;
Leopold et al., 2019; Stevens et al., 2019). Therefore, effective summarizing skills are a valu-
able asset for university students. However, undergraduate students often face challenges in
understanding scientific texts in depth, discerning important information from less important
details, and relating the information to their existing knowledge (Duke & Pearson, 2009;

Friend, 2001; Green & Holman, 2021). Consequently, they struggle to write concise
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summaries using their own words (M. K. Kim & McCarthy, 2021). Therefore, learning sup-
port on text comprehension and summarizing skills is needed (Perin, 2019; Shanahan, 2019).

To foster reading and writing skills as means for summarizing, research has empha-
sized the important role of individualized formative feedback (Graham, 2018; Schunk &
Rice, 1991). In large classes, however, such feedback is often neglected due to limited re-
sources. Therefore, computer-based learning environments with automated formative feed-
back have been developed to support students’ text comprehension and summarizing skills
(Chew et al., 2019; M. K. Kim & McCarthy, 2021; Sung et al., 2016; Wade-Stein & Kintsch,
2004). In a previous study, we showed that students who practiced summarizing and received
automated formative feedback improved their summarizing skills compared to a non-treat-
ment control group that did not improve at all (Author, 2024). Furthermore, our results
showed that students achieving higher text quality tended to engage in more feedback loops
per session. The formative feedback focused on the writing phase, with students receiving
feedback as they wrote. However, we did not encourage students to reflect on their own text
comprehension, including strategies like assessing their understanding of key aspects of the
texts or integrating new information with their existing knowledge before they started their
writing process. Yet, prompting these strategies could enhance students’ proficiency in text
comprehension (Leopold et al., 2019), guiding them to employ more effective summarizing
strategies and reducing reliance on automated formative feedback.

Prompts can be effective means in computer-based learning environments to support
students in their learning (Hattie et al., 1996; Zheng, 2016), writing (Proske et al., 2012;
Zellermayer et al., 1991) and summarizing (Ahn, 2022; Green & Holman, 2021). However,
the prompts generally vary considerably, ranging from promoting students’ self-regulation
and metacognition (Engelmann & Bannert, 2021; Lim et al., 2023; Teng, 2022), stimulating

reflection on the learning process and learning outcomes (Bannert, 2006; Krause & Stark,
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2010), to guiding strategy use during the task processing (Lehmann et al., 2019; Proske et al.,
2012). In this study, we developed a series of instructional prompts which explicitly stimulate
reflection on text comprehension before starting to summarize, designed to guide the cogni-
tive processes involved in summarizing and applying strategies accordingly.

Research by van den Boom (2004, 2007) indicates that the combination of instruc-
tional prompts and formative feedback supports learning more effectively than instructional
prompts alone. However, in their study, prompts and feedback were provided by peers or hu-
man tutors. To the best of our knowledge, it has not yet been investigated whether these find-
ings also apply to instructional prompts and formative feedback provided in a computer-
based learning environment. Furthermore, it remains unclear whether the combination of in-
structional prompts and automated formative feedback supports the learning activities more
effectively than automated formative feedback alone. Therefore, our study aims to investigate
the interplay between instructional prompts and automated formative feedback and their ef-
fects on students’ summarizing skills. To this end, we will investigate whether the instruc-
tional prompts we developed can support students’ improvement in their summarizing skills
compared to a pre-test. Additionally, we will compare this improvement to a feedback group
receiving automated formative feedback. We also aim to determine whether the combination
of prompts and automated formative feedback provides additional benefits to the learning
process compared to receiving prompts alone or feedback alone. Finally, we will investigate
whether the request for formative feedback can be manipulated by providing additional
prompts.

1.1 Cognitive Processes in Summarizing

A summary is an abbreviated, concise version of a text that retains the most important

aspects and necessary information from the original text while eliminating irrelevant and re-

dundant parts (Dunlosky et al., 2013; Kirkland & Saunders, 1991; McAnulty, 1981). The
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quality of a summary is related to a person’s mental model of the original text (M. K. Kim &
McCarthy, 2021; Schnotz, 2006). Mental models are representations of a text and include not
only explicitly stated information from the text but also inferences drawn from the text (van
Dijk & Kintsch, 1983).

Summarizing entails multiple cognitive processes including activating prior
knowledge, determining the relevance of information for inclusion in the summary, aligning
the information given by the text with one’s own prior knowledge, integrating new infor-
mation into one’s cognitive schema, constructing a mental model of the text, and translating
this mental model into written text using one’s own words (Becker-Mrotzek et al., 2014; Hidi
& Anderson, 1986; Kellogg & Raulerson, 2007; Perin et al., 2017; Wade-Stein & Kintsch,
2004; Westby et al., 2010). People are better able to build comprehensive mental models and
write good summaries when they have more corresponding prior knowledge and better coor-
dination of these cognitive processes (Hathorn & Rawson, 2012; K. Kim et al., 2019). Be-
cause of this complex interplay of cognitive efforts, summarizing fosters text comprehension
(Kintsch et al., 2000; Lenhard et al., 2012) as well as text composition (Graham, 2006; Hill,
1991; Kintsch, 1990). For assimilating information from scientific texts and summarizing ap-
propriately, university students thus need advanced competencies that enable them to inten-
tionally plan, monitor, and evaluate their writing processes (Zimmerman & Kitsantas, 2007).
However, they differ in their prior knowledge and their skills to coordinate the processes and
therefore might benefit from a learning environment that implements support to foster these
competencies and teaches effective summarizing strategies.

1.2 Instructional Prompts for Fostering Effective Summarizing Strategies

For students with lower competencies, prompts can activate the use of effective sum-

marizing strategies thus compensating for the lack of ability. Prompts are guidelines or ques-

tions directing students to intentionally use more sophisticated strategies which in turn foster
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their learning (Bannert, 2006). For example, Lehmann et al. (2019) reported positive effects
for prompts that encouraged identifying a text’s key elements and synthesizing ideas from
various texts, which improved writing task performance. Engelmann et al. (2021) showed
that prompts stimulated students to devote more time to relevant texts, which resulted in bet-
ter learning compared to a control group. Moreover, they revealed that those students who in-
terpreted the prompts as a request to reflect on their metacognitive learning activities per-
formed better in a transfer test than those students who used the prompts as a call to action
without deeper reflection on learning activities.

Being guided by the cognitive processes of summarizing, prompts should address the
activation of prior knowledge, the assimilation of new information into the cognitive schema,
and the integration of text content into the broader field. To this aim, the framework of recip-
rocal teaching that encompasses the three key strategies questioning, clarifying, and predict-
ing (Brown et al., 1984) can provide parameters for formulating prompts to foster summariz-
ing skills. Reciprocal teaching was developed to foster text comprehension in elementary and
middle school but has been widely used and adapted in literacy education for all ages (Tolosa
et al., 2015; Topping et al., 2013). Questioning involves formulating queries about the text to
capture key aspects and information. With the aim of producing a coherent summary, ques-
tioning provides a context for text exploration and activation of prior knowledge which en-
sures comprehensive understanding. Clarifying comprises recognizing and elucidating un-
clear, challenging, or unfamiliar elements within a text. These aspects may involve awkward
sentence structures, unknown vocabulary, unclear references, or complex concepts. For writ-
ing a clear summary, clarifying supports building a mental model of a text by engaging in ac-
tivities such as re-reading, contextualizing the information in the text, and reflecting of the
relationship between the theoretical aspects in the text and related practice (Fiorella & Mayer,

2016; Hmelo-Silver & Eberbach, 2012). Predicting entails the formulation of hypotheses
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about the text’s direction and the author’s purpose. For writing a comprehensive summary,
these actions support the integration of new information in the reader’s prior knowledge and
promotes the understanding of the text’s structure. Besides, predicting establishes a motive
for reading, aiming to validate or challenge the hypotheses generated by the reader (Doolittle
et al., 2006).

To the best of our knowledge, the potential of these strategies to effectively elicit
summarizing strategies within a personalized computer-based learning environment for uni-
versity students remains unexplored. Therefore, one aim of this study is to examine the sup-
port potential of instructional prompts following the reciprocal teaching framework. We are
also interested in the interplay between these instructional prompts and automated formative
feedback.

1.3 Automated Formative Feedback for Summarizing

External formative feedback involves aligning internal representations and an external
standard of a good summary with the help of a feedback provider (cf. Black & Wiliam, 2009;
Narciss, 2017). Key principles contributing to effective feedback include immediacy, elabo-
ration, and individualization (Hattie & Timperley, 2007; Nixon et al., 2016; Shute, 2008).
However, the challenge of delivering personalized support to students in large university
classes, often constrained by limited resources, is a significant concern for educators (Allen et
al., 2016). Automated formative feedback addresses this by enabling immediate and frequent
assessment of students while adhering to feedback principles (Deeva et al., 2021; Strobl et
al., 2019). It can tailor feedback to individual student work, mark problematic aspects, and
offer suggestions for improvement. Furthermore, computer-based learning environments with
automated feedback can save information, assessments, and completed assignments, provid-
ing convenient access for students to assignment objectives, criteria, previous work, and feed-

back. Additionally, they consistently evaluate texts using predefined criteria, ensuring



186 Appendix

reliability, with studies supporting their comparable validity to human feedback (Seifried et
al., 2012; Sung et al., 2016).

Research has shown that providing automated formative feedback fosters students’
summarizing and writing. Kim & McCarthy (2021) identified positive effects of automated
feedback on university students’ summaries, contributing to the development of a more ro-
bust and cohesive knowledge structure. Sung et al. (2016) observed beneficial outcomes in
sixth graders’ summarizing skills through the formative provision of concept maps and se-
mantic feedback. Similarly, Chew et al. (2019) introduced a computer-assisted learning envi-
ronment for summarizing, incorporating concept mapping, worked examples, and automated
feedback on summarizing strategies, demonstrating its efficacy among university students.
Zhu et al. (2020) highlighted that context-dependent automated formative feedback yielded a
more substantial impact on learning compared to context-independent feedback. Authors
(Author, 2024) demonstrated the effectiveness of a computer-based learning environment
with semantic formative feedback on summarizing. Students in their study improved their
summaries, and more feedback loops were associated with higher text quality.

To support the alignment of an internal reference standard with an external standard,
setting specific text quality criteria that are consistent with the automated feedback plays a
pivotal role in fostering deep text processing and summarizing skills (cf. Hill, 1991; Wade-
Stein & Kintsch, 2004). Underlining the importance of including all essential aspects of the
original text in a summary promotes a comprehensive reproduction of the text. Emphasizing
the significance of avoiding copied words encourages students to express their thoughts inde-
pendently. Stressing redundancy avoidance as an important aspect of text quality contributes
to the creation of brief and concise summaries that capture the essence of the content. Finally,
limiting the length of a summary serves to condense content to key messages.

2 The Present Research
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Research has shown that providing students with instructional prompts support sum-
marizing (Ahn, 2022; Green & Holman, 2021). Automated formative feedback helps to im-
prove students’ summarizing skills as well (Author, 2024; Lenhard et al., 2012; Wade-Stein
& Kintsch, 2004). However, since the interplay of instructional prompts based on reciprocal
teaching and automated formative feedback is still unclear, we aim to investigate differences
between them as well as their relationship. As there may be additional benefits to combining
prompts and feedback, we consider it worthwhile to explore them. Acknowledging the estab-
lished role of time on task as a robust predictor of engagement and learning gains, particu-
larly in multimedia learning settings, time on task should be considered as a control variable
(Butler & Britt, 2010; Lee, 2018; Manwaring et al., 2017; Zhang & Hyland, 2022). Given
that writing good summaries relies on both reading comprehension and language use (S.-A.
Kim, 2001; Perin et al., 2017), language proficiency ought to be included as a control varia-
ble. Additionally, controlling for text difficulty accounts for variations in texts being summa-
rized. Based on these theoretical considerations, a pre-post-test study was conducted with
four intervention points. The following research questions were investigated:

1) Does a combination of instructional prompts and automated formative feedback en-
hance the learning of summarizing skills compared to a prompts-only and a feed-
back-only group?

2) Can the provision of instructional prompts engage students in maintaining a higher
rate of feedback loops throughout the intervention compared to a feedback-only
group?

3 Methods
3.1 Participants
A total of 254 Elementary Education students participated in the study (210 female,

44 male). They were M = 23.09 (SD = 2.64) years old and at least in their fifth bachelor
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semester. The B.Ed. Elementary Education students take domain specific subjects in the first
four semesters of their program and specialize in a particular type of school, in this case ele-
mentary school, in the last two semesters of their bachelor studies. 79.5% of the participants
had not yet taken a course on teacher-student interaction which was the topic of the texts to
be summarized. Language proficiency was M = 3.49 (SD = 0.80; min. = 1, max. =5).

The study was approved by the institutional review board according to faculty regula-
tions. The students provided informed consent for the use of their data. Confidentiality and
personal data protection were guaranteed in accordance with legally valid data privacy laws.
3.2 Learning Environment and Procedure

The computer-based learning environment FALB is designed to provide opportunities
for improving effective summarizing skills. It allows to implement instructional prompts and
/ or automated formative feedback and is composed of two main components, front end and
server. The server incorporates source texts, expert summaries, and a semantic space for
computation using Latent Semantic Analysis (Landauer, T. K. et al., 1998). It allows for an
automated scoring of students’ texts according to predefined standards of content, avoidance
of copied words, redundancy avoidance, relevance, and length as well as measuring time on
task. A more detailed description of the theoretical and technical aspects of the learning envi-
ronment can be found in Authors (Author, 2024).

The front end is defined as the platform which the user sees and interacts with. After
starting with a page presenting the text to be summarized, a text editor is introduced that al-
lows users to compose and revise the summary. While composing the summary, students ac-
cess unlimited re-reading of the original text via a button. In the following, the differences
between the prompts and feedback condition are described.

Prompts condition. In the prompts condition, a series of instructional prompts are pre-

sented to encourage the reflection and use of summarizing strategies after the presentation of
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the text to be summarized and before being presented with the text editor to write down and
revise the summary. These prompts were developed based on reciprocal teaching theory

(Brown et al., 1984; Table 1).

Table 1

Series of Instructional Prompts
Prompt Strategy
The title of the text is “xxx”. Have you ever acquired Questioning

knowledge on this topic?
In what context?

What content can you still remember?

Find up to three questions that are answered in the
text.

Can you comprehend the line of thought in the text? Clarifying
Is there an aspect that is unclear to you?

If yes, read the relevant passage again. Has the aspect
now been clarified?

Can you illustrate the content of the text with up to
three examples of your own?

What further questions do you have on this topic? Predicting

Feedback condition. In the feedback condition, the feedback interface based on ‘con-
Text’” (Lenhard et al., 2013) and ‘summary street’ (Wade-Stein & Kintsch, 2004) is presented
via a button after the submission of the texts. It displays semantic and score feedback (Figure
1). Semantic feedback highlights copied words, redundancies, irrelevant sentences, and un-
known words using various colours in the text box. Score feedback assesses summary length,
content coverage of the original text, relevance, as well as avoidance of copied words and re-

peated information.
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Figure 1
Example of Semantic and Score Feedback

Procedure. The study was conducted in an online tutorial during one semester with
three experimental groups. The prompt group received a series of instructional prompts (Ta-
ble 1) encouraging the use of summarizing strategies before being presented with the text edi-
tor to write down and revise the summary as many times as they wanted. The feedback group
received semantic and score feedback after writing their first draft (Figure 1). The combi
group received both treatments. The feedback group and the combi group were given infor-
mation about how to decode the automated feedback and could ask for feedback and thus re-
vise their first draft up to ten times.

Students were given two weeks to complete each assignment, which took approxi-
mately 90 minutes. At TO and T5, the students submitted their summary but did not receive
treatment. At T1 and T2, they received video lectures on the required aspects of text quality

before summarizing.
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Table 2
Treatment
TO T1 T2 T3 T4 T5
Demographic  Video lecture: re- Video lecture: Post-test
data quired aspects of  required aspects
text quality of text quality
Language
proficiency Treatment ac- Treatment ac- Treatment ac- Treatment
cording to experi- cording to ex- cording to according to
Pre-test mental condition  perimental con-  experimental  experimental
dition condition condition

3.3 Measures

Text quality was measured with a composed summary score consisting of five indi-
vidual scores (content, plagiarism avoidance, redundancy avoidance, relevance, and length,
i.e. Author, 2024). The range could theoretically span from 0 to 100. Time on task was meas-
ured in minutes from the time students were first able to read the text to the moment they
submitted their final drafts. Language proficiency was assessed by self-reporting the grade
received in the German class taken in the last year of high school. Text difficulty of the texts
to be summarized was determined by a readability index for German texts (LIX; Lenhard &
Lenhard, 2014). The LIX determines text difficulty by the sum of the average sentence length
of a text and the percentage of long words (more than six letters).
3.4 Data Analysis

Analysis was conducted using R (R Core Team, 2022), version 4.3.2. Cases with less
than 10% content or more than 90% text quality at TO were removed from the analysis be-
cause it either indicates that the pre-test was not summarized properly, or students already
possessed skills to write high quality summaries. To investigate the change in text quality as
well as group differences between the experimental groups depending on text difficulty, lan-
guage proficiency, and time on task, we specified multilevel models of change with person

on level-2 and time of measurement on level-1. To do so, the data were organized in a long
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format to represent one time point per subject in each row. Thus, the unit of analysis was
each measurement occasion for each student to model the change in the variables over time.
4 Results

Descriptive statistics for text quality and the correlational analysis are shown in Table
2 & 3. The main interest of this study was to analyse students’ improvement in summarizing
across six time points when receiving either automated formative feedback, instructional

prompts, or a combination of both, according to the treatment condition.
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First, we tested for a multilevel structure in the data by calculating the intraclass cor-
relation. The results indicated that 8.9% of the variance in text quality over time could be at-
tributed to individual differences, justifying a second level. Consequently, we employed mul-
tilevel modelling of change with measurement points nested in students to account for both
interindividual and intraindividual change (Singer & Willett, 2003). To determine the optimal
model, we tested various models incorporating different functions of time as fixed and ran-
dom effects, utilizing the deviance statistic (Table 4). When time is treated as a fixed effect,
the change in the dependent variable is set equal for all individuals, estimating differences
only for individuals’ intercepts (e.g., text quality at TO), but not for the rate of change. Con-
versely, when time is regarded as a random effect, both intercepts and the change in the de-

pendent variable can vary between individuals.

Table 4

Model Comparisons
Model Test of deviance
No time — Fixed time x’=101.11,df=1, p<.001
Fixed time — fixed time? x’=281.60,df=1,p<.001
Fixed time? — Fixed time? x?=80.21,df=1,p<.001
Fixed time® — Random time x’=1591,df=2,p<.001
Random time — Random time? x’=11.95,df=3,p=.008

Random time? — Random time? —

Note. Time” = quadratic change in time. Time® = cubic change in time.

Tests of deviances showed that text quality followed a cubic change (time?) and the
effects of time differed between individuals. The model with a cubic slope as a random effect
(time?) did not converge, so the random time? model was chosen the best and more parsimo-
nious model. Next, we included group, language proficiency, and text difficulty as level-1
fixed effects, and time on task as a level-1 random effect to analyse different rates of change

between the feedback, prompt, and combi groups (Figure 3).
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f’:fge;;;té”d Values of Text Quality (v-axis) depending on Time (x-axis) for Feedback (solid),
Combi (dashed), and Prompt (dotted) Groups

Text quality at TO differed significantly between the prompt and the feedback groups
(YA prompt - feedback = 6.66, p = .003) but not between the feedback and the combi groups (ya comsi
— feedback = 2.01, p = .350). When controlled for text difficulty, the feedback group’s text qual-
ity increased substantially from TO to T2 (ysime = 23.96, p <.001), decreased from T2 to T4
(Viime*time = -8.95, p < .001), and then increased again slightly from T4 to TS (Yime*ime*time =

0.99, p <.001), thus following a cubic rate of change. The combi group exhibited a similar

profile, with no significant differences observed in the slope (yasime = -1.08, p = .757; Yatime*time



Manuscript 3 197

=1.07, p = .525; Yatime*time*time = -0.18, p = .422). The prompt group demonstrated a change
profile comparable to that of the feedback and combi groups, albeit with only half the in-
crease from TO to T2 (yasime = -16.02, p <.000), a slower decrease from T2 to T4 (Yasime*time =
5.39, p =.005), and a less pronounced increase from T4 to TS5 (Yacime*ime*time = -0.53, p
=.031). Thus, the prompt group benefitted from the series of instructional prompts and wrote
significantly better summaries compared to the pre-test. However, when compared to the
feedback and combi groups, the prompt group exhibited a comparatively lower level of im-
provement in their summaries throughout the intervention. Neither language proficiency (yian-
quage proficiency = =0.11, p = .842) nor time on task (Viime on rask = 0.00, p = .870) had a significant
impact on text quality.

Finally, we analysed the feedback and combination groups separately to assess the
impact of providing additional prompts on students’ engagement in feedback loops within the
combi group. As a first step, we evaluated the relationship between feedback loops and text
quality and found a positive association (y = 1.05, p = .001) but no group differences (ya feed-
back —combi = 1.77, p = .420). Next, we employed a mixed-effects model for feedback loops
with person (level-2), group, language proficiency, text difficulty (all level-1 fixed effects),
and time on task (level-1 random effect) as predictor variables (Table 5). The model showed
that the number of feedback loops was not dependent on language proficiency, text difficulty,
or time on task. However, the combi group consistently requested a slightly lower amount of

feedback per session.
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Table 5
Fixed Effects of Feedback Loops on Group, Language Proficiency, Text Difficulty, and Time
on Task

Fixed effects y SE p
A Combi -0.48 0.21 .022
Language proficiency -0.04 0.12 72
Text difficulty -0.01 0.01 368
Time on task 0.01 0.01 027

R%total 44

S Discussion

The present study was conducted to compare the interplay of different learning sup-
ports (instructional prompts and automated formative feedback) in promoting summarizing
skills in an online tutorial for 254 undergraduate elementary education students. In detail, we
analysed if prompts based on reciprocal teaching and automated formative feedback had a
comparable impact on students’ summarizing skills. Furthermore, we examined whether the
combination of prompts and feedback holds additional advantages in promoting summarizing
skills and if the combination has an impact on the requested amount of formative feedback.
To this end, we implemented a pre-post-test design with 4 intervention points and three ex-
perimental groups. The prompt group was provided with instructional prompts for summariz-
ing before using a text editor to write and revise summaries as often as they wanted to. The
feedback group received semantic and score feedback during the writing process and could
revise their first draft up to ten times. The combi group underwent both treatments.

Comparing the three experimental groups, we found that all groups improved text
quality over the six sessions, yet to varying degrees. In the prompt condition, we examined

the effectiveness of employing instructional prompts rooted in reciprocal teaching to support
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summarizing skills (Doolittle et al., 2006; Palinscar & Brown, 1984). These prompts aimed to
activate prior knowledge, stimulate the assimilation of new information, and motivate the in-
tegration of text content into a broader context, thus fostering thoughtful reflection on texts
and the construction of comprehensive mental models (Becker-Mrotzek et al., 2014; Hmelo-
Silver & Eberbach, 2012; Perin et al., 2017). After having received these prompts, the stu-
dents demonstrated improvement in their summaries throughout the intervention, maintaining
elevated text quality in the post-test when not prompted, as compared to the pre-test. Conse-
quently, our findings lead to the conclusion that the series of instructional prompts based on
reciprocal teaching can enhance undergraduate university students’ summarizing skills.

However, controlled for the performance in the pre-test, the learning gains of the
prompt group were comparably low. Prompt group students were stimulated to intensively
reflect on the content of the text and construct comprehensive mental models before starting
to summarize. They could only evaluate their drafts through internal feedback relying on
their individual reference standard. Consequently, these students may have lacked a detailed
representation of an effective summary and may thus have faced challenges in revising suffi-
ciently (i.e. Narciss, 2017). Moreover, they might have used the prompts merely as calls to
action without deeper reflection (i.e. Engelmann et al., 2021). While the prompts explicitly
addressed processes for knowledge construction, which should be reflected in a well-crafted
summary (M. K. Kim & McCarthy, 2021; Schnotz, 2006), students may not have fully
grasped their purpose in relation to summarizing, thus processing the task superficially, re-
sulting in lower text quality compared to the groups that received feedback (de Silva &
Graham, 2015).

The learning gains in the feedback and the combi group might be traced back to the
automated feedback, that effectively pinpointed weaknesses in students’ drafts and forma-

tively confirmed their alignment with summary criteria. This might have led to a substantial
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increase in text quality from TO to T1 which persisted throughout the intervention to the post-
test. We conceive that the automated formative feedback prompted students to consistently
evaluate their drafts against external standards, fostering an understanding of criteria that de-
fine a reference standard for good summaries.

The text quality of the combi group did not surpass that of the feedback group. This
might imply a ceiling effect, suggesting that the use of automated formative feedback maxim-
izes learning potential. The automated formative feedback given to the feedback and combi
groups might have encouraged them to maintain a consistently high standard in their work
(Author, 2024; Black & Wiliam, 2009). The immediate availability of a new feedback score
after revision may have served as a direct incentive, encouraging careful draft revisions and
the attainment of high text quality (Liu et al., 2017; Roscoe et al., 2015). This aligns with ex-
isting research indicating that seeking formative evaluation and interacting with automated
formative feedback proves beneficial for students (Ali et al., 2018; Hyland & Zhang, 2018).

Yet, the introduction of supplementary prompts in the combi group resulted in a slight
reduction in the number of feedback loops per session, indicating a potential substitution ef-
fect between the prompts and the feedback. In the combi group, where students were
prompted to reflect on text content and construct a mental model, the use of summarizing
strategies (e.g., selecting key aspects of a text) may have led to more sophisticated initial
drafts. In contrast, students in the feedback group might not have intentionally employed
summarizing strategies, resulting in comparatively less refined initial drafts. However, during
the revision phase, feedback group students may have been able to elevate their drafts to a
similar text quality as the combi group by engaging in more feedback loops. Conversely,
combi group students may not have perceived the need for as many feedback loops as those

in the feedback group to attain their desired feedback scores. They might have perceived the
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feedback more as a conclusive evaluation following the writing process rather than as forma-
tive assistance during the writing, as the feedback group may have interpreted it.

However, the level of engagement with feedback varies and is influenced by multiple
factors, including task difficulty and the time invested in the activity (Manwaring et al., 2017;
Zhang & Hyland, 2022). Yet, our study revealed that students’ decision on the number of
feedback loops did neither depend on the difficulty of the text to be summarized nor the time
dedicated to the task.

5.1 Limitations

First, the four-session treatment period might have been insufficient to facilitate the
adoption of effective summarizing strategies, thus the impact of our intervention could de-
cline over time. Research has emphasized the significance of continuous training for acquir-
ing summarizing strategies and skills (Friend, 2001; Kellogg, & Raulerson, 2007). Therefore,
the treatment duration in this study may have been too brief, and the two-week processing
time might have been too extended to fully realize the potential of the instructional prompts
and automated formative feedback.

Second, the instructional prompts demonstrated a lower impact on the improvement
of text quality than the automated feedback. This observation may, in part, be attributed to
the wording of the prompts. We applied a content-oriented approach by adapting reciprocal
teaching theory (Palinscar & Brown, 1984) to support the students’ reading comprehension
and mental modelling of the text. However, the inclusion of prompts such as asking for three
examples to illustrate the text might have inadvertently misdirected the students. The algo-
rithm which calculated the automated feedback prioritized the alignment of students’ sum-
maries with an expert summary of the original text rather than evaluating illustrated exam-
ples. Therefore, for future implementation, it is advisable to revise the prompts, placing a

stronger emphasis prompting the alignment with the text quality standards of the tool.
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Nonetheless, this study underscores that prompts designed from reciprocal teaching theory
can promote summarizing, albeit to a lesser extent than automated formative feedback. In ed-
ucational settings without access to a computer-based learning environment with such feed-
back, providing these prompts can serve as a viable alternative.

Third, this research applied a computer-based learning environment within an online
tutorial on summarizing. Students were required to complete assignments within a two-week
timeframe to meet course requirements. With students’ freedom to choose when and where to
work on the tasks, we faced limited control over ensuring strict adherence to instructions and
proper engagement with the program. This constraint, however, enhances the ecological va-
lidity of the study, considering the prevalent use of online courses in universities. Neverthe-
less, we recognize that students may not have approached the prompts and feedback with the
same level of seriousness as they might have in a more supervised setting.

5.2 Conclusion

The significance of possessing effective summarizing strategies for university stu-
dents cannot be overstated, as summarizing enhances cognitive skills, communication abili-
ties, and information processing. Given the prevalent absence of effective summarizing strat-
egies among undergraduates, this research has shown how automated formative feedback and
technology-enhanced learning environments can be deployed sensibly to provide more valua-
ble learning opportunities for students. Furthermore, our study has effectively linked the en-
hancement of summarizing skills with instructional prompts and automated formative feed-
back and highlighted the complementary effect of instructional prompts and automated form-
ative feedback within a computer-based learning environment. While the combined use of
prompts and feedback may not directly lead to a greater improvement in students’ summariz-
ing proficiency compared to feedback alone, we understand that offering diverse access to

promote summarizing strategies can create a more enriching experience in the computer-
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based learning environment. This approach may accommodate varied learning needs, foster-
ing active engagement with text, and ultimately improving summarizing skills among stu-
dents.
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Appendix A: Multilevel Models of Change

Rzmarginal/ conditional

0.184/0.367

Table A1

Multilevel Model of Change in Text Quality

Fixed effects Estimates SE p
Intercept (FB) 29.49 6.48 .000
Time (FB) 23.96 2.50 .000
Time? (FB) -8.95 1.21 .000
Time* (FB) 0.99 0.16 .000
Intercept APT 6.66 2.27 .003
Time APT -16.02 4.03 .000
Time? APT 5.39 1.90 .005
Time* APT -0.53 0.24 .031
Intercept ACombi 2.01 2.15 .350
Time ACombi -1.08 3.49 157
Time? ACombi 1.07 1.68 525
Time? ACombi -0.18 0.22 422
Time on task 0.00 0.03 .870
Language proficiency -0.11 0.54 .842
Text difficulty 0.20 0.08 011

Random Effects Var SD
Person 70.11 8.01
Time 19.62 4.43
Time? 0.94 0.97
Level-1 residual 139.89 11.83
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Table A2
Multilevel Model of Change in Feedback Loops

Fixed effects Estimates

SE

p

Intercept (FB) 2.94 0.80 .000

ACombi -0.48 0.21 .022

Time on task 0.01 0.01 .027

Language proficiency -0.04 0.12 172

Text difficulty -0.01 0.01 368
Random Effects Var SD

Person 1.44 1.20

Level-1 residual 1.96 1.40

0.022/0.437

Rzmarginal/ conditional

Note: The marginal R? describes the proportion of variance explained by the fixed factor(s)

alone. The conditional R? describes the proportion of variance explained by both the fixed

and random factors.
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