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ABSTRACT

Background: Artificial intelligence, particularly natural language processing (NLP), enables automating the formative assess-
ment of written task solutions to provide adaptive feedback automatically. A laboratory study found that, compared with static
feedback (an expert solution), adaptive feedback automated through artificial neural networks enhanced preservice teachers’
diagnostic reasoning in a digital case-based simulation. However, the effectiveness of the simulation with the different feedback
types and the generalizability to field settings remained unclear.

Objectives: We tested the generalizability of the previous findings and the effectiveness of a single simulation session with either
feedback type in an experimental field study.

Methods: In regular online courses, 332 preservice teachers at five German universities participated in one of three randomly
assigned groups: (1) a simulation group with NLP-based adaptive feedback, (2) a simulation group with static feedback and (3)
a no-simulation control group. We analysed the effect of the simulation with the two feedback types on participants' judgement
accuracy and justification quality.

Results and Conclusions: Compared with static feedback, adaptive feedback significantly enhanced justification quality but
not judgement accuracy. Only the simulation with adaptive feedback significantly benefited learners’ justification quality over
the no-simulation control group, while no significant differences in judgement accuracy were found.

Our field experiment replicated the findings of the laboratory study. Only a simulation session with adaptive feedback, unlike
static feedback, seems to enhance learners' justification quality but not judgement accuracy. Under field conditions, learners
require adaptive support in simulations and can benefit from NLP-based adaptive feedback using artificial neural networks.

1 | Introduction large language models and artificial neural networks for au-
tomatic text analysis—offer new capacities and opportunities
Advances in artificial intelligence (AI)—especially in the con- for education (Dai and Ke 2022; Kasneci et al. 2023; Ninaus

text of natural language processing (NLP), as illustrated by = and Sailer 2022). Among these opportunities is the automation

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is
properly cited.

© 2025 The Author(s). Journal of Computer Assisted Learning published by John Wiley & Sons Ltd.

Journal of Computer Assisted Learning, 2025; 41:¢13123 1 of 20
https://doi.org/10.1111/jcal.13123


https://doi.org/10.1111/jcal.13123
https://doi.org/10.1111/jcal.13123
mailto:elisabeth.bauer@uni-a.de
https://orcid.org/0000-0003-4078-0999
https://orcid.org/0000-0001-8241-8723
mailto:elisabeth.bauer@uni-a.de
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fjcal.13123&domain=pdf&date_stamp=2025-01-15

Summary

« What is currently known about this topic?

o In laboratory settings, simulation-based learning
with adaptive feedback can yield significant bene-
fits for learning complex reasoning skills, such as
preservice teachers’ diagnostic reasoning, compared
with simulation-based learning with static feedback.
Compared with static feedback, adaptive feedback
enhances diagnostic justification skills but not diag-
nostic judgement skills in a digital simulation.

o As a basis for adaptive feedback, NLP, using artifi-
cial intelligence, facilitates the automation of real-
time learning analytics for the formative assessment
of learners' written reasoning.

« What does this paper add?

o Under the field conditions of online courses, we rep-

licated the finding that simulation-based learning
with automatic adaptive feedback, compared with
static feedback, facilitates preservice teachers' diag-
nostic justification quality but not their diagnostic
judgement accuracy.
Compared with a no-simulation control group,
simulation-based learning showed positive effects
on learners' justification quality only in combination
with adaptive feedback and not with static feedback.
The effectiveness of single simulation sessions with
adaptive feedback may depend on the type of tar-
geted learning outcome, with effects potentially
increasing through repeated simulation-based
learning.

o

o

o

« Implications for practice/or policy

o When learning with complex simulated cases, adap-
tive support seems to play a crucial role in learners
achieving relevant learning goals.

o In higher education courses, artificial intelligence,
particularly NLP, enables the implementation of
real-time learning analytics to automate formative
assessments and adaptive feedback.

of the formative assessment of written responses as a basis for
providing adaptive feedback, for example, in simulation-based
learning to facilitate diagnostic skill development in teacher
education (Sailer et al. 2023). As an essential prerequisite for
providing students with effective instruction, adequate learn-
ing support and equal opportunities, diagnostic reasoning
is considered a core practice of teaching (Grossman 2021).
Simulation-based learning has proven to offer opportunities
for acquiring skills (Chernikova et al. 2020) and approxi-
mating practice situations in teacher higher education pro-
grammes (Grossman et al. 2009); however, preservice teachers
might need elaborated feedback adapted to their individual
learner characteristics (e.g., their current state of knowledge
and skills, as indicated by their reasoning performance) to
benefit optimally from simulation-based learning.

In a recent laboratory study, Sailer et al. (2023) found that,
compared with a simulation with static feedback (i.e., an ex-
pert solution), a simulation with adaptive feedback—auto-
mated through artificial neural networks—had some positive
effects on preservice teachers’ diagnostic reasoning. However,

the replicability of these effects in uncontrolled field settings
and the effectiveness of simulation-based learning with either
type of feedback compared with no simulation-based learning
remained unclear. Therefore, we conducted a field experiment
in online teacher education courses at five German univer-
sities to assess (a) whether the findings of Sailer et al. (2023)
were replicable under field conditions and (b) whether a sin-
gle session of simulation-based learning with static feedback
or with adaptive feedback had positive effects on learners’
reasoning performance, compared with no simulation-based
learning.

1.1 | Teachers' Diagnostic Reasoning

Diagnostic reasoning about students’ thinking and develop-
ment is considered a core professional practice in teaching
and teacher education (Grossman 2021). Teachers' diagnostic
reasoning is broadly defined as the goal-oriented collection
and integration of information to reduce uncertainty when
making educational decisions (Heitzmann et al. 2019). As
such, diagnostic reasoning overlaps considerably with con-
cepts such as professional vision, which focuses on teachers’
perception and interpretation processes in the classroom
(Kramer et al. 2021; Lachner, Jarodzka, and Niickles 2016),
and teachers’ assessment, which aims to determine a student's
current learning state and further directions for learning and
development (Black and Wiliam 2009; Herppich et al. 2018).
Teachers require diagnostic reasoning in various contexts,
such as identifying students’ subject-specific understanding
(Kron et al. 2021), interpreting students’ learning processes in
different classroom situations (Kramer et al. 2021) and iden-
tifying students with varying motivational-affective and cog-
nitive learning prerequisites (Kosel, Wolter, and Seidel 2021).
Among the learning prerequisites most crucial for providing
equal opportunities are students' specific learning difficul-
ties, such as a reading disorder, which must be identified at an
early stage to avoid disadvantaging affected students through-
out their educational careers (Colenbrander, Ricketts, and
Breadmore 2018).

Teachers' diagnostic reasoning is conceptualised and re-
searched primarily with regard to diagnostic judgement
accuracy—the adequacy of the assessment of student char-
acteristics, such as learning prerequisites, processes and
outcomes—because diagnostic judgement accuracy is key
to providing students with effective instruction, adequate
learning support and equal learning opportunities (Artelt and
Rausch 2014; Machts et al. 2016; Urhahne and Wijnia 2021). For
example, a primary teacher may be confronted with a student
that has significant reading problems, requiring a judgement
about the severity and causes of the problems, such as whether
the student simply lacks exercise or whether the problems may
be due to clinical reasons, such as a reading disorder. In many
countries, finalising a diagnostic judgement in the area of read-
ing or spelling disorders is the responsibility of a psychologist
or a specialised educational psychologist rather than a teacher
(e.g., Colenbrander, Ricketts, and Breadmore 2018); however,
teachers are on the front line and therefore play a key role in
identifying the early symptoms of a students' specific learn-
ing difficulties. Teachers sometimes hold misconceptions and
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feel insecure about their knowledge of reading and spelling
disorders, which is predicted by the amount of relevant prior
education (Peltier et al. 2022). Research on diagnostic reason-
ing in teacher education and other fields suggests that diag-
nostic judgement accuracy relies on case-specific diagnostic
knowledge stored in well-organised and accessible knowl-
edge structures that are flexible and applicable to reasoning
about familiar and unfamiliar cases (Boshuizen, Gruber, and
Strasser 2020; Kolovou et al. 2021; Norman et al. 2017). This
knowledge includes possible diagnostic activities (e.g., evalu-
ating evidence and drawing conclusions) and evidence that in-
dicates and differentiates between possible diagnoses (Bauer,
Sailer, Kiesewetter, Fischer, and Fischer 2022).

Especially in circumstances when teachers need to collabo-
rate, for example, with a specialised educational psychologist,
teachers' diagnostic justification quality—that is, whether they
can explain an initial diagnostic judgement by providing rele-
vant supportive evidence—is another important dimension of
their diagnostic reasoning (Sailer et al. 2023). For example, if
a teacher assumes that a student may be affected by a reading
disorder, the teacher needs to justify their judgement by explain-
ing relevant evidence related to symptoms, such as the student’s
low reading accuracy, poor reading comprehension and possibly
severe spelling difficulties. In addition to the case-specific di-
agnostic knowledge required when reasoning about a student
case, diagnostic justification quality may be enhanced by knowl-
edge of how to adequately organise and present the reasoning.
The role of this second type of knowledge is supported by prior
research indicating that preservice teachers who make an ac-
curate diagnostic judgement do not necessarily perform well
when asked to justify this judgement with relevant supportive
evidence (Bauer, Sailer, Kiesewetter, Fischer, and Fischer 2022).
Therefore, to facilitate the development of preservice teachers'
diagnostic reasoning skills regarding students’ specific learning
difficulties, we consider diagnostic judgement accuracy and jus-
tification quality as two critical dimensions of diagnostic rea-
soning development in teacher education.

1.2 | Simulation-Based Learning With Feedback
for Facilitating Diagnostic Reasoning

Approximating practice through relevant practice represen-
tation is a key method for enhancing reasoning skills, such
as diagnostic reasoning, in the context of teacher higher edu-
cation programmes (Grossman et al. 2009; Helleve, Eide, and
Ulvik 2023). Processing a variety of practice representations
can help preservice teachers structure their knowledge in an
accessible way, thereby increasing knowledge applicability and
reasoning flexibility (Boshuizen, Gruber, and Strasser 2020;
Jossberger, Breckwoldt, and Gruber 2022). Empirical studies
and a meta-analysis suggest that simulation-based learning
can be an effective learning approach for achieving these ends
(Chernikova et al. 2020).

Simulations are simplified yet valid representations of profes-
sional practice situations that include features that learners can
manipulate (F. Fischer et al. 2022; Sauvé et al. 2007). Simulations
provide opportunities for authentic learning in higher education
(Codreanu et al. 2020; Jossberger, Breckwoldt, and Gruber 2022;

Nachtigall, Shaffer, and Rummel 2022), yet avoid the potential
risks and costs of placing novice learners in actual practice set-
tings (De et al. 2019; Kaufman and Ireland 2016). In a simula-
tion environment, preservice teachers may experience similar
reasoning difficulties as in real professional situations; however,
within simulations, preservice teachers’ impasses and mistakes
become opportunities for reflection and learning instead of caus-
ing harm to students (Dieker et al. 2014; Heitzmann et al. 2023).
In higher education, digital simulations have gained particular
attention (Bradley and Kendall 2014; Gegenfurtner, Quesada-
Pallares, and Knogler 2014; Thompson et al. 2019) because they
facilitate the standardisation of individual simulated situations,
offer to present a variety of relevant simulated situations and
provide opportunities to practice repeatedly with large numbers
of learners (Kaufman and Ireland 2016). However, despite var-
ious options for adjusting the demands of the learning task in
simulations (e.g., focusing on a few core activities), simulation-
based learning can still be challenging for learners because they
must apply their knowledge and skills to complex professional
situations and tasks (F. Fischer et al. 2022; Frerejean et al. 2023;
Machts et al. 2024). By doing so, learner characteristics, such
as learners' prior task-relevant knowledge and skills (Hetmanek
et al. 2018; Kolovou et al. 2021), self-regulation (van der Graaf
et al. 2022) and task-related interest and motivation (Kron
et al. 2022; Nickl et al. 2022), influence learners' task percep-
tions, task performance and learning outcomes in simulations
(Heitzmann et al. 2019).

Due to the complexity of simulations, instructional support, such
as feedback, is considered an integral part of effective simulation
design (Issenberg et al. 2005). Feedback can be defined as infor-
mation communicated to a learner that is intended to modify his
or her thinking or behaviour to improve learning (Shute 2008).
Meta-analytic results have supported the role of feedback in the
effectiveness of simulation-based learning (Hatala et al. 2014).
Especially learners with low prior knowledge do not seem to
benefit from simulation-based learning without instructional
support; the lack of feedback information paired with a lack
of sufficient knowledge and skills to self-assess their own task
processing can result in cognitive exhaustion without achieving
significant learning gains (Kiesewetter et al. 2020). However,
although feedback is generally considered effective for support-
ing learning, the effectiveness can vary based on the detail of
feedback information, the degree of learner guidance and the
demands of the learning task. Elaborated feedback types that
present high degrees of information for supporting task process-
ing are considered to be most effective for many learning tasks
(Hattie and Timperley 2007; Narciss et al. 2014). The positive ef-
fect of such elaborated feedback, compared with less elaborated
or no feedback, was supported by several meta-analyses, espe-
cially with regard to cognitive learning outcomes and demand-
ing learning tasks (Hattie and Timperley 2007; Wisniewski,
Zierer, and Hattie 2020). Therefore, we assume that elaborated
feedback is needed to support the learning of diagnostic reason-
ing (i.e., a cognitive learning outcome) using simulations (i.e., a
demanding learning task). However, despite the evidence sug-
gesting the need for elaborated feedback in simulation-based
learning, further research on optimal feedback design may help
to exploit its effectiveness and to understand how much guid-
ance feedback needs to provide to ensure effective learning with
simulations.
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1.3 | Feedback Adaptivity and Formative
Assessment in Simulation-Based Learning

Feedback in digital learning environments often varies in its
degree of adaptivity and personalisation, that is, whether and
how feedback information is tailored to guide learners accord-
ing to their needs, based on automatically recorded learner data
(Bernacki, Greene, and Lobczowski 2021; Kucirkova, Gerard,
and Linn 2021; Plass and Pawar 2020; Tetzlaff, Schmiedek, and
Brod 2021; Van et al. 2023).

Specifically, technological advancements, especially in the areas
of AI and automatic data analysis, have increased interest in
adaptive feedback at a micro-level. Micro-adaptive feedback in-
volves adjustments based on a fine-grained automatic analysis
of a learner's performance shown in individual learning tasks
(Plass and Pawar 2020; Tetzlaff, Schmiedek, and Brod 2021).
Supporting learners micro-adaptively during simulation-based
learning therefore requires a detailed formative assessment that
compares their current performance to a desired learning or per-
formance goal and identifies options for reducing discrepancies
between current and goal states. Accordingly, feedback derived
from formative assessment involves a comparison of current
performance (feed back) with the target performance or learn-
ing goal (feed up), and suggests further steps for improvement
(feed forward; Hattie and Timperley 2007). For example, micro-
adaptive feedback can address preservice teachers' reasoning
difficulties in simulated cases by targeting specific knowledge
gaps, such as identifying the most relevant evidence to indicate
and differentiate possible diagnoses in a particular case (Sailer
et al. 2023).

Nevertheless, digital learning environments designed to en-
hance complex reasoning often rely on static feedback, such
as expert solutions, rather than adaptive feedback. While ex-
pert static feedback provides elaborated information about
optimal task processing (Narciss et al. 2014; Shute 2008), it
poses learners the challenge of comparing current and tar-
get performance and identifying options for improvement,
which requires them to engage in formative self-assessment
(Black and Wiliam 2009). Such self-assessment demands a
learner's substantial active engagement and self-regulation,
the effectiveness of which varies depending on the diffi-
culty of the learning task and the learners’ cognitive, meta-
cognitive and motivational-affective prerequisites (Black
and Wiliam 2009; Hattie and Timperley 2007; Ifenthaler,
Schumacher, and Kuzilek 2023; Nicol 2021). For learners with
favourable prerequisites (relative to task difficulty), formative
self-assessment—prompted, for example, by expert static feed-
back—might promote additional reflection and learning; how-
ever, learners with less advantageous learning prerequisites
might struggle to engage in effective self-assessment (Hattie
and Timperley 2007; Narciss et al. 2022; Nicol 2021; Panadero,
Brown, and Strijbos 2016).

Compared with static feedback, adaptive feedback, grounded
in formative assessment, personalises information to increase
feedback specificity and accessibility (Bimba et al. 2017;
Shute 2008). Adaptivity may amplify cognitive, metacognitive
and motivational-affective benefits of elaborated feedback,
such as enhancing knowledge and skill acquisition (Mertens,

Finn, and Lindner 2022; Wisniewski, Zierer, and Hattie 2020),
reducing the risk of cognitive resource depletion (Chen
et al. 2018; Fyfe, DeCaro, and Rittle-Johnson 2015), facilitat-
ing self-regulation and metacognitive strategy use (Kuklick,
Greiff, and Lindner 2023; Lim et al. 2021) and having favour-
able effects on motivation and affect (Wisniewski, Zierer, and
Hattie 2020; L. Zheng, Zhong, and Niu 2021), at least if learn-
ers sufficiently understand and agree to the feedback (Harks
et al. 2014; Nicol 2021). By accommodating learners with dif-
ferent learning prerequisites (i.e., high and low manifestations
of different learning prerequisites), these advantages likely
make adaptive feedback favourable for a broad range of learn-
ers. Studies have supported the idea that automatic adaptive
feedback has positive effects, for example, on the essay writ-
ing performance of secondary school students in a pre-post
comparison (Butterfuss et al. 2022); on secondary-school stu-
dents' scientific argumentation writing, especially when task-
specific information is included (Zhu, Liu, and Lee 2020); on
exam performance and self-regulated learning behaviour in
undergraduate biological sciences learning compared with no
feedback (Lim et al. 2021); on perceived helpfulness and re-
flection during essay writing in a psychology undergraduate
course when combined with tutor feedback compared with
tutor feedback alone (Gombert et al. 2024); and on outcomes,
behaviours and emotions during collaborative learning (L.
Zheng, Zhong, and Niu 2021). In their study of undergradu-
ate programming learning, Ahmed et al. (2020) found that
automatic adaptive feedback, compared with tutor feedback,
increased learners' efficiency in resolving their errors, but the
performance benefit seen in the learning phase disappeared
in the delayed post-test where no feedback was provided.
However, it is crucial that the benefits of adaptive feedback
extend beyond a learning phase by not only optimising be-
haviour during learning but also maintaining performance
benefits in unsupported settings, ranging from post-test sce-
narios to approximating real-life practice (Butler, Godbole,
and Marsh 2013; Grossman et al. 2009).

1.4 | NLP for Automating Adaptive Feedback on
Diagnostic Reasoning

Automating adaptive feedback for learning and reasoning pro-
cesses can require sophisticated real-time learning analytics
methods, such as NLP (Cavalcanti et al. 2021; Dai and Ke 2022).
In particular, NLP which employs deep learning techniques
has the potential to automate feedback on reasoning tasks at
the level of micro-adaptivity (Kasneci et al. 2023; Ninaus and
Sailer 2022).

Recently, transformer-based models—a specific type of artificial
neural network, such as bidirectional encoder representations
from transformers (BERT) and generative pretrained trans-
formers (GPT)—introduced a new era of NLP capacities for ex-
tracting linguistic patterns and contextual nuances, especially
through extensive pretraining on large corpora (i.e., large lan-
guage models). These models stand out for their ability to parse
complex textual inputs, such as learners’ reasoning; however,
to ensure feedback quality, these capacities must be thoroughly
researched and harnessed before being used for educational
feedback (Jansen et al. 2024). This requirement is particularly
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pronounced in higher education, where learning is linked in-
trinsically to specialised knowledge in specific professional
fields and situations.

Examples of well-established and tested algorithms for ana-
lysing written reasoning data are conditional random fields
(CRFs) and artificial neural networks, specifically recurrent
neural networks (RNNs). CRFs have been used to classify seg-
ments of preservice teachers' reasoning into diagnostic activi-
ties, but they rely heavily on input feature quality (Daxenberger
et al. 2018). RNNs, including long short-term memory (LSTM)
networks and bidirectional RNNs (Bi-RNNs), can process the
sequential nature of reasoning and argumentation. LSTMs
efficiently manage long-term dependencies in one direction,
whereas Bi-RNNs provide context in both sequence directions.
For example, Habernal and Gurevych (2016) used a combina-
tion of LSTMs and Bi-RNNs for argument mining in text data
from online debate portals. Such ensemble models combine the
strengths of each component to achieve superior performance.
Similarly, Schulz, Meyer, and Gurevych (2019) combined a bi-
directional LSTM network with a CRF output layer (BiLSTM-
CRF) to automatically segment and classify diagnostic activities
in preservice teachers’ written diagnostic reasoning. Compared
with Daxenberger et al.'s (2018) CREF, this ensemble model sig-
nificantly improved analytic performance and offers a robust
framework for automatically analysing preservice teachers’
written reasoning in real-time. Pretrained models can then auto-
mate standardised, high-quality feedback by analysing learners’
reasoning input and adaptively combining predefined feedback
paragraphs (Pfeiffer et al. 2019).

A recent laboratory study tested the ability of a feedback sys-
tem employing the BILSTM-CRF introduced by Schulz, Meyer,
and Gurevych (2019) to provide automatic adaptive feedback
on written task solutions during simulation-based learning to
facilitate preservice teachers' diagnostic reasoning about stu-
dents’ specific learning difficulties and behavioural problems
(Sailer et al. 2023). Regarding the accuracy of preservice teach-
ers' diagnostic judgements, the results indicated that compared
with a simulation with static feedback (i.e., an expert solution),
a simulation with adaptive feedback facilitated the judgement
accuracy of collaborative dyads of learners. Collaborative learn-
ers performed worse in the static feedback condition while
collaborative learners who received adaptive feedback in the
simulation did not differ from individual learners, who achieved
similar judgement accuracy in the adaptive or static feedback
condition during the learning phase and in a post-test. Based on
the findings, it remains unclear whether the simulation using
either feedback type effectively improved preservice teachers'
judgement accuracy or whether neither intervention was able
to enhance judgement accuracy within a single simulation
session. Since diagnostic judgement is a compiled outcome of
fine-grained reasoning processes, the simulation might have
positive effects in combination with both feedback types; how-
ever, a single simulation session that includes only a few cases
may not sufficiently broaden learners’ case-specific diagnostic
knowledge to enhance judgement accuracy effectively across
different cases (Boshuizen, Gruber, and Strasser 2020; Kolovou
et al. 2021; Norman et al. 2017). Consequently, the laboratory
study does not identify whether a single simulation session can
significantly benefit preservice teachers' diagnostic judgement

accuracy. Further research is needed to determine the effective-
ness of a brief simulation-intervention with either type of feed-
back compared with no simulation-based learning.

Nevertheless, the laboratory study, in contrast to the findings on
judgement accuracy, found that adaptive feedback had a large
positive effect on the quality of preservice teachers' diagnostic
justification during both the learning phase and the post-test.
Similarly, the initial results of a parallel field study in medical
education indicated that in a post-test, automatic adaptive feed-
back in simulations had positive effects on medical students’
justification quality (Sarbu-Rothsching et al. 2022). Unlike the
compiled reasoning outcome of judgement accuracy, learners'
justifications may more closely reflect initial improvements in
learners’ reasoning skills as they give more insights into the
learners' reasoning processes. Additionally, knowledge of how
to adequately organise and present the reasoning—suggested as
a factor that facilitates justification quality—may be less specific
to each case and more transferable across different simulated
cases (Bauer, Sailer, Kiesewetter, Fischer, and Fischer, 2022;
Hetmanek et al. 2018). Nevertheless, it is uncertain whether or
not static feedback provided sufficient guidance to enhance pre-
service teachers' diagnostic justifications in simulation-based
learning. To assess the effectiveness of simulation-based learn-
ing with static feedback for enhancing preservice teachers' di-
agnostic justifications, a comparison with no simulation-based
learning is needed.

Collectively, these findings indicate that simulations with NLP-
based adaptive feedback, which communicates an automated
formative assessment, can enhance complex reasoning out-
comes, such as the quality of preservice teachers' diagnostic
justifications, at least in comparison to a simulation with static
feedback and in a well-controlled laboratory setting. It remains
unclear to what extent this effect is transferable to an uncon-
trolled field setting, such as online courses in teacher education
programmes, during which students are unobserved and might
process the learning tasks differently than they would in a con-
trolled laboratory setting. Whether a single simulation session
with either type of feedback can significantly benefit preservice
teachers' diagnostic judgement accuracy and whether a single
simulation session with static feedback can enhance preser-
vice teachers' diagnostic justification quality compared with no
simulation-based learning also remains unknown.

1.5 | The Present Field Study

Considering the need for field studies and replication research
on the effects of educational interventions (e.g., Makel and
Plucker 2014), the first aim of the present study was to conduct
an experimental replication study that investigated whether the
pattern of results indicating the superiority of automatic adap-
tive over static feedback in simulation-based learning found in
the previous laboratory study (Sailer et al. 2023) would replicate
under field conditions. Specifically, the present study focuses
on online courses in teacher education programmes at five
German universities to investigate the effects of simulation-
based learning combined with automatic adaptive or static feed-
back in an individual learning setting. To determine whether
the assumed benefits of adaptive feedback in the simulation
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enhance performance not only during the learning phase when
feedback is provided, but also in unsupported settings, we in-
vestigated judgement accuracy and justification quality at two
measurement points: (a) during the learning phase, when learn-
ers processed simulated cases and received feedback, and (b)
in an unsupported post-test case, where learners received no
feedback.

RQ1. The first research question is whether automatic adap-
tive feedback is more effective than static feedback in enhanc-
ing learners' judgement accuracy in simulation-based learning
(RQ1la during the learning phase; RQ1b in the post-test). We as-
sumed that adaptive feedback has the potential to enhance the
diagnostic knowledge needed to improve learners’ judgement
accuracy. However, because the evidence of our prior study does
not support this assumption, we did not formulate a hypothesis
for the first research question but instead explored it as an open
question.

RQ2. Thesecond research question is whether automatic adap-
tive feedback is more effective than static feedback in enhanc-
ing learners' justification quality in simulation-based learning
(RQ2a during the learning phase; RQ2b in the post-test). We as-
sumed that, compared with static feedback, adaptive feedback
might offer more potential benefits in the cognitive, metacog-
nitive and motivational-affective dimensions, thus accommo-
dating a broader range of learners with varying characteristics;
this might be particularly relevant to enhancing complex rea-
soning outcomes, such as providing a high-quality justification
in a simulation. The findings of our previous research supported
this assumption (Sailer et al. 2023); thus, we hypothesised that
automatic adaptive feedback would be more effective than
static feedback in enhancing learners' justification quality in
simulation-based learning.

In addition to partially replicating the previous laboratory study
under field conditions, the second aim of the present field study
was to further explore the question of whether exposure to a
single simulation session with either adaptive or static feedback
would provide a significant advantage for preservice teachers'
diagnostic reasoning over a control group that did not involve
in simulation-based learning. The effectiveness of simulations
may depend on the degree of guidance provided within the feed-
back, with static feedback providing less specific guidance than
adaptive feedback, but potentially sufficient support for effective
simulation-based learning. To justify their use in higher educa-
tion, the effectiveness of simulation sessions with either type of
feedback compared with no simulation-based learning needs to
be established, ideally under field conditions to ensure ecologi-
cal validity.

RQ3. Therefore, the third research question is whether, com-
pared with a no-simulation control group, a simulation session
with automatic adaptive feedback or with static feedback had a
positive effect on learners’ judgement accuracy (RQ3a for simu-
lation with adaptive feedback; RQ3b for simulation with static
feedback). Following our previous laboratory study, whether
preservice teachers’ diagnostic judgement accuracy can be in-
creased significantly in a single simulation session with either
type of feedback remains unknown. However, this question
is of great practical relevance for higher education settings. In

general, simulations are considered well suited to training pro-
fessional skills, such as diagnostic reasoning, if combined with
additional support, such as feedback, which provides further
information about optimal task processing. Therefore, we hy-
pothesised that compared with the no-simulation control group,
the simulation with either feedback type would show a positive
effect on learners' judgement accuracy in the post-test.

RQ4. The fourth research question is whether, compared with
the no-simulation control group, a simulation session with auto-
matic adaptive feedback or with static feedback had a positive ef-
fect on learners' justification quality (RQ4a for simulation with
adaptive feedback; RQ4b for simulation with static feedback).
From the previous laboratory study, it remains unclear whether
simulation-based learning with static feedback effectively en-
hances preservice teachers' justification quality or whether
static feedback does not provide sufficient guidance for effec-
tive simulation-based learning, which is relevant to determine
for employing simulations with feedback in higher education.
For the same reasons outlined above, we hypothesised that com-
pared with the no-simulation control group, the simulation with
either feedback type would have a positive effect on learners’ jus-
tification quality in the post-test.

2 | Materials and Methods
2.1 | Sample and Design

The initial sample of our field study included N=395 preser-
vice primary and secondary school teachers. The study was
conducted in regular online courses in teacher education pro-
grammes at five German universities. We used a three-group,
between-subjects experimental design. Participants were ran-
domly assigned to one of three groups: (1) simulation-based
learning with automatic adaptive feedback, (2) simulation-
based learning with static feedback or (3) a no-simulation con-
trol group. We had to exclude n=63 participants because they
discontinued data collection and did not provide data for one or
more of the measurement points (see Procedure section). The
final sample included N =332 preservice teachers, with n=118
receiving adaptive feedback, n=112 receiving static feed-
back and n=102 in the control group. Among them, 281 (85%)
were women, 48 (15%) were men and three participants did
not indicate their gender. The average age was M =22.66years
(SD=3.86, min=18, max=45, n=1 missing answer) and the av-
erage study semester was M =4.46 (SD=1.87, min=1, max=12,
n =9 missing answers).

2.2 | Learning Environment, Materials and Tasks

In our study, we used CASUS (https://www.instruct.eu/casus/),
a computer-based learning environment designed specifically
for case-based learning formats, including simulated cases (M.
R. Fischer 1999). Preservice teachers received access to simu-
lated cases describing students with reading and writing diffi-
culties (e.g., due to a reading disorder or impaired vision). The
two intervention groups processed three consecutive student
cases with feedback as an intervention, followed by an addi-
tional post-test case without feedback that was answered by
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all three experimental groups. In the learning phase, the par-
ticipants in the intervention groups received either adaptive or
static feedback after submitting their answer for a case. Based on
the prior study (Sailer et al. 2023), we estimated an approximate
processing time of up to 20 min per simulated case, including fa-
miliarisation with the case materials, completing two tasks per
case and receiving feedback (except in the post-test, which was
therefore estimated to take 15 min). Compared with the previous
laboratory study, which involved six simulated learning cases
on learning difficulties and behavioural problems, we short-
ened the learning phase in the current field experiment to three
learning cases to account for limited course session durations of
around 90 min.

At the beginning of the learning phase, learners received a brief-
ing that introduced them to the simulation environment; in a
fiction contract, the learners agreed to take on the teacher role
and actively familiarised themselves with the simulated cases
(see Fink et al. 2021; Jossberger, Breckwoldt, and Gruber 2022).
Before engaging with the simulated case, the study participants
watched a 10-min input video about teachers' diagnostic respon-
sibilities and processes, as well as diagnostic reasoning con-
cerning students’ specific learning difficulties. The purpose of
the input video was to activate existing prior knowledge and to
compensate for possible differences in prior knowledge among
the participants.

We used a document-based digital simulation (Heitzmann
et al. 2019) that offered learners access to various materials and
information about simulated students' behaviour and learning
achievements. Each case began with an introductory statement
highlighting the student’s most prominent problem, followed by
an exploration of multiple information sources: observations of
the student's social behaviour and their learning and working
behaviour, examples of written exercises, the one or two most

recent annual reports, transcripts of conversations with the stu-
dent, teacher colleagues and the student's parents (see Figure 1).

The simulated cases were designed to suggest a single diagnosis
based on the available information, but somewhat ambiguous
overall evidence was included to prompt participants to consider
alternative explanations. Accurate diagnoses varied between
cases and included a reading and spelling disorder, isolated
reading disorder, impaired vision and isolated spelling disorder.
For a description of a sample case, see Appendix A; all case ma-
terials are publicly available in an online repository at https://
osf.io/hn7wm/. More information about the design process is
provided by Bauer, Sailer, Kiesewetter, Schulz, et al. (2022) and
Fink et al. (2021).

Once the participants engaged with a simulated case, they
were free to choose the number and sequence of informational
sources they consulted. They were then tasked with providing
a diagnostic judgement by selecting one diagnosis from a list of
30 options that included both clinical (e.g., reading and spelling
disorder, isolated spelling disorder or attention-deficit disorder)
and nonclinical diagnoses (e.g., problematic home environment,
insufficient schooling). Participants were also required to pro-
vide a written explanation justifying their diagnostic judgement.

2.3 | Experimental Groups

2.3.1 | Simulation-Based Learning With
Adaptive Feedback

In the first intervention group, the participants received auto-
matic adaptive feedback on their explanations submitted for
each simulated case. We used the NLP-based feedback system
implemented and investigated in our prior laboratory study. The
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Navigation+

menu at any time before submitting your final diagnosis.

Please choose, which of the following information you want to access next.

Please note that you can freely choose to access the following informational sources in any sequence. You can return to this
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FIGURE1 | Examples of simulated student case materials used in the learning phase. Translated from German for publication. See Appendix A

for a description of this case.
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algorithm used for the feedback system's automatic text analy-
sis was a BILSTM-CREF, an ensemble model that combines the
strengths of Bi-RNNs, LSTMs and CRFs (a more detailed de-
scription of the technical feedback implementation is provided
by Pfeiffer et al. 2019; details about the algorithm's training
and performance have been reported by Pfeiffer et al. 2019 and
Schulz, Meyer, and Gurevych 2019). The algorithm's training
was based on explanations from N =118 preservice teachers who
processed the same cases in an earlier study (Bauer et al. 2020).
The training data were labelled manually to identify diagnostic
entities (e.g., relevant diagnoses and evidence relevant to their
justification, such as reading accuracy, reading comprehen-
sion and spelling difficulties; labelling was done by two raters,
achieving inter-rater reliabilities ranging from Krippendorff's
a=0.73 to a=1.00 across the categories) and diagnostic activ-
ities (e.g., generating hypotheses, generating evidence, evalu-
ating evidence and drawing conclusions; labelling was done by
four raters, achieving inter-rater reliability of Krippendorff's
a=0.65; see Schulz, Meyer, and Gurevych 2019). Accordingly,
the algorithm analysed newly written explanations of diagnostic
entities and diagnostic activities in real-time.

Based on this analysis, a subset of ~40 predefined and case-
specific feedback paragraphs was adaptively activated. One part
of the feedback paragraphs addressed the diagnostic activities
(i.e., whether the diagnostic activities were identified or miss-
ing). The other part of the feedback paragraphs addressed the
diagnostic entities (i.e., whether the accurate diagnosis and rel-
evant evidence were correctly explained or missing and, if fur-
ther diagnoses were mentioned, why these should be rejected).
Thereby, the adaptive feedback targeted both the learners' diag-
nostic judgement and their diagnostic justification in terms of re-
lated evidence and diagnostic activities. The adaptively activated

feedback paragraphs were sent back to the CASUS learning envi-
ronment and presented to the learner as an adaptive feedback re-
sponse (see Figure 2). Analysing learners’ submitted explanations
and activating the corresponding feedback paragraphs took only
a few seconds, so learners received immediate adaptive feedback
after submitting an explanation for a learning case. The CASUS
interface then showed the adaptive feedback to the learners and
additionally allowed learners to click on individual feedback para-
graphs that addressed the identified diagnostic activities or enti-
ties in the learner's explanation. By clicking on the paragraphs,
the identified instances of diagnostic activities or diagnostic en-
tities were highlighted in the learner's submitted explanation to
help the learner interpret the feedback (see Figure 2).

2.3.2 | Simulation-Based Learning With
Static Feedback

Participants in the second intervention group received a case-
specific expert solution as static feedback immediately after
submitting their diagnostic explanation of a learning case. The
static feedback (i.e., expert solutions) and the adaptive feedback
were similar in their degree of elaboration and did not differ
significantly in terms of content and detail (see Table 1). The
static feedback explained relevant diagnostic entities (e.g., rel-
evant diagnoses and related evidence about symptoms, such
as reading accuracy, reading comprehension and spelling dif-
ficulties) and exemplified diagnostic activities (e.g., generating
hypotheses, generating and evaluating evidence and drawing
conclusions; see Figure 3). By discussing the accurate diagnosis
and related evidence and exemplifying suitable diagnostic activ-
ities, the static feedback covered both the diagnostic judgement
and diagnostic justification for each case. When receiving static

Automatically detected
diagnostic entity in the

( @ Your submitted response

learner’s explanation,
which was highlighted

\4

Feedback on
diagnostic
activities

Feedback on
diagnostic
entities

Learners’ explanation

\Automatic adaptive feedbackv

Anton does well in all subjects except German. He has significant difficulties with reading and spelling. Luckily, his environment
is conducive to his development. His mother helps him with his homework and supports him in other ways. | wouldn't consider
Anton's language skills to be a definitive indicator of a disorder at this point, as he is only in first grade and may still be catching
up in his development. However, | think it is possible that he is developing or has a reading and spelling disorder.

by clicking on the
corresponding
feedback paragraph.

Thank you for your answer!
Please click on the 4 feedback to see which identified text passages in your answer are being referred to!

™ Feedback on the ar tati

£OYou could have additionally reported which ideas you already had about possible explanations before your final diagnosis
and, if applicable, why you rejected them. Such hypotheses facilitate a targeted collection and selection of information.

A Itis good that you have described your (possibly future) process for generating information. This increases the
transparency and comprehensibility when communicating findings and possible further steps needed to generate information

“ You have presented and evaluated the results of your information search that you considered important. This is a useful
and effective step in reaching a substantiated conclusion and then being able to communicate the underlying reasoning.

A Well done, you have integrated the collected information to draw a diagnostic conclusion.

Feedback on the findings:
~

1 Very good, you have noticed that Anton may have a reading and spelling disorder. However, it is not common to diagnose
a reading and spelling disorder at the end of first grade due to differences in children's individual learning development. It is
advisable to continue observing the student at the beginning of the second grade and, if the problems persist, to consult a
school psychologist about standardized testing: Ultimately, only standardized tests can provide a clear indication of reading
and spelling problems. The deciding criterion for an official diagnosis is the percentage rank within a representative sample
determined through testing.

The student does indeed have specific performance difficulties in reading

Clickable feedback parag

raph

on a diagnostic entity, which
was detected in the learner’s

£OYou could have further specified that Anton has problems with reading speed and reading accuracy. He has particular
difficulty reading unfamiliar words. The reading protocol also reflects that Anton omits words when reading aloud and is often
unable to make words from reading the letters. His parents confirm that these difficulties are also observable at home during
homework.

£You could have elaborated further that Anton also has difficulties with reading comprehension. For example, his answers in

Feedback paragraph on
a diagnostic entity,
which was missing in
the learner’s
explanation

explanation. the reading test do not match the questions - it seems that Anton did not understand what he was reading.
L O ..
FIGURE2 | Automatic adaptive feedback. Translated from German for publication (adapted from Sailer et al. 2023).
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TABLE1 | Comparison of adaptive and static feedback characteristics in the present study.

Feedback characteristics

Adaptive feedback

Static feedback

Feedback timing
Feedback content

Feedback delivery method

Directly addresses whether diagnostic entities
were correct, incorrect or missing and whether
diagnostic activities were identified or missing

Shown immediately after learners’ submission of their explanation for a learning case

Includes diagnostic entities and diagnostic activities

Provides an expert solution that
explains relevant diagnostic entities
and exemplifies diagnostic activities

f@ Your submitted response

Anton does well in all subjects except German. He has significant difficulties with reading and spelling. Luckily, his environment
is conducive to his development. His mother helps him with his homework and supports him in other ways. | wouldn't consider
Anton's language skills to be a definitive indicator of a disorder at this point, as he is only in first grade and may still be catching

Learners’ explanation

up in his development. However, | think it is possible that he is developing or has a reading and spelling disorder. / \

Concerning the content of

This question is for self-assessment purposes.

Response Commentary:

Static feedback

exemplified but did not
explain the diagnostic
activities, which were
explicitly addressed in the
adaptive feedback.

“To generate further
evidence concerning the
identified problems, the
students’ written exercises

Please read the following expert response as feedback on your diagnosis:

The 7-year-old first-grader Anton has major problems in the subject German. An analysis of his learning and working
behaviour reveals that he has difficulties in both reading and writing: He exhibits low reading speed and accuracy as well as
difficulties in reading comprehension. He has particular difficulties reading unfamiliar words and he cannot divide words into
their letters or syllables. His spelling problems are reflected by the fact that he is not yet able to write using a phonetic table,
his handwriting and speed deteriorate over time within assignments, and he forgets, twists, changes, or rearranges letters. He
frequently vocalizes words when writing. He also does not use capitalization correctly. He cannot apply spelling rules that he
already learned. When writing both simple and difficult words, his spelling errors vary.

__ To generate further evidence concerning the identified problems, the students’ written exercises may be analysed: The
reading protocol reflects that Anton omits words when reading aloud and is unable to form words from letters. His answers if
. the reading test do not match the questions - it seems that Anton did not understand the meaning from the text. There are
( The static feedback many spelling errors in the dictation and in the assignment with the phonetic table.

The problems listed do not necessarily indicate a reading and spelling disorder. However, it is reported that the student's
performance problems occur particularly in the subject German and that he performs well in the other subjects. This speaks
against differential diagnoses, such as an impaired vision, a mixed disorder of scholastic skills, a mental retardation, or ADD. A
non-clinical problem with attentiveness, for example due to emotional problems, seems also unlikely.

In order to rule out the latter option, Anton's social behaviour can be observed, in which he does not display any anomalies. To
confirm this impression, a conversation with the student gives further insights. During the conversation, Anton appears to be
an emotionally balanced and socially well-integrated student. Only his reading and writing problems seem to bother him. A
performance deficit due to emotional or social problems is therefore provisionally rejected.

both feedback types, the
static feedback included the
same information on
diagnostic entities as the
adaptive feedback:

“His answers in the reading
test do not match the
questions - it seems that
Anton did not understand

the meaning from the text”.

may be analysed...”

FIGURE3 | Static feedback. Translated from German for publication (adapted from Sailer et al. 2023).

feedback, the participants were prompted to compare their own
solutions to the expert solutions.

2.3.3 | No-Simulation Control Group

Participants in the control group directly processed the post-test, a
single simulated student case without feedback. Because this stu-
dent case was not supported through feedback, we did not expect
any significant training effects through this post-test case. As com-
pensation, they subsequently obtained access to the learning phase
including the three simulated student cases with adaptive feedback.

2.4 | Procedure

At five German universities, we collaborated with teacher educa-
tors who agreed to dedicate one of their online course sessions to
the simulation tasks and assessments of the present field study.
The selected online courses were related to diagnostic reason-
ing. Before the course sessions, each teacher educator informed
the preservice teachers that the session involved processing sim-
ulated cases as part of an experimental field study. Participants

provided consent for their names and university email addresses
to be shared with our research team. Individual user logins for the
CASUS learning environment were randomly assigned to the con-
senting participants, and each login was linked to an experimental
variant of the online course. In each course, the user logins were
equally distributed across the three experimental groups. One
week before the course session, participants received emails that
introduced the research team and explained the study's scope and
procedure, in addition to providing them with the assigned user
logins. A reminder email was sent 1 day before the session.

The participants processed the materials simultaneously, starting
at the prescheduled time that their online course session began.
The number of participants per session ranged from 10 to 35 pre-
service teachers, depending on the number of students enrolled in
each online course. Participants logged in from various locations
and used their own computers without researcher supervision;
however, before and during the session, the participants were able
to contact the research team via an online chat for assistance with
technical issues and questions related to the study procedure.

At the beginning of their course session, the participants logged
into the CASUS learning environment, gave informed consent
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and completed a demographics questionnaire. Then the inter-
vention groups engaged with the three simulated learning cases
and received either adaptive or static feedback (see Learning
Environment, Materials and Tasks section). Participants’ judge-
ments and justifications in the first case were considered a pre-test
measurement because learners gave their answers before receiving
any feedback, so the feedback intervention did not influence this
measurement. The second and third cases were considered as the
learning phase since the participants had already received feed-
back at this point. After the learning phase, the two intervention
groups processed the post-test consisting of one simulated case
without receiving feedback. The control group first completed the
post-test without feedback and then, as compensation, gained ac-
cess to the learning phase with adaptive feedback (see Figure 4).

After completing the learning phase and post-test, the partici-
pants were informed of the different experimental conditions of
the study. Regardless of the initial experimental group to which
they were assigned, all participants were offered access to three
additional simulated cases (students with behavioural problems)
with adaptive feedback. These additional cases were used in a
previous laboratory study. The students were given access to the
additional cases and were able to process them voluntarily for
4weeks following the session.

2.5 | Data Sources and Measurements
2.5.1 | Accuracy of Diagnostic Judgements

We evaluated the participants’ diagnostic judgement accuracy
using data from the first task in each learning case and the post-
test, in which they chose one diagnosis from a list of 30 options.
Correct diagnoses were assigned 1 point and incorrect ones re-
ceived 0 points. We assessed learners’ judgement accuracy using
three measurements.

Pre-test judgement accuracy measured the participants' judge-
ment accuracy in the first learning case, which was unaffected
by the feedback intervention (0 or 1 point).

Judgement accuracy during the learning process was assessed
as a mean score of the second and third learning cases (0, 0.5 or

1 point). The two learning process judgements showed a signifi-
cant correlation (Spearman r=0.16, p=0.018).

Post-test judgement accuracy measured the judgement accuracy
of the simulated case in the post-test without subsequent feed-
back (0 or 1 point).

Data on judgement accuracy in the pre-test and the learning
process were available for the two intervention groups (n =230),
while the control group processed the learning phase only as
compensation following the post-test. Post-test data were col-
lected for all three experimental groups (n=332).

2.5.2 | Quality of Diagnostic Justifications

We used the second task in each simulated case during the
learning phase and the post-test to assess the participants' jus-
tification quality. Using the coding scheme developed for our
previous study (see Sailer et al. 2023; the coding scheme for the
above example case is shown in Appendix B), we assigned 1
point for each of the six primary supporting pieces of evidence
for the respective accurate diagnosis. We considered an expla-
nation containing all six pieces of evidence to be an indicator
of high justification quality. Two trained raters independently
coded 10% of the post-test explanations with high inter-rater re-
liability (Cohen's ¥ =0.92). One rater then coded the remaining
post-test explanations. The second rater and a third rater inde-
pendently coded 10% of the written explanations of the learn-
ing phase, again achieving high inter-rater reliability (Cohen's
x=0.91). The second rater coded the remaining explanations of
the learning phase. For further analyses, we differentiated be-
tween three measurements of justification quality.

Pre-test justification quality was based on each participant's first
learning case before receiving feedback. For each participant,
we calculated a mean score of the points achieved for pre-test
justification quality; thus, the score ranged from 0 to 1 point.
The measurement's internal consistency was relatively low
(McDonald's w=0.50).

Justification quality during the learning process was measured
by calculating the mean of the points achieved for the second

Experimental Pretest Learning phase Posttest Compensation

groups r l \ T . T . 1T a 1
Adaptive

e A8 = [

Static

feedback ¢ 2 &

o [ 8 Mg
Estimated : — ) — ) — )t — ¢ — ! — i — d
time 20 min 20 min 20 min 15 min 20 min 20 min 20 min

Legend r— Simulated Adaptive D Static
- case feedback feedback

FIGURE4 | Study procedure.
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and third simulated cases in the learning phase. The score thus
ranged from 0 to 1 point. The measurement's internal consis-
tency was acceptable (McDonald's w=0.73).

The post-test justification quality measured participants’ per-
formance in the post-test case without feedback. Again, we
calculated the mean score of the points achieved for post-test
justification quality, resulting in a score ranging from 0 to 1
point. The measurement's internal consistency was acceptable
(McDonald's w =0.61).

Data regarding pre-test justification quality and justification
quality during the learning process were available for the two
intervention groups (n=230 preservice teachers), while post-
test justification quality was analysed for all three experimental
groups (n =332 preservice teachers).

2.6 | Statistical Analyses

To investigate RQla and RQ1lb, we conducted a MANCOVA
using feedback type as the independent variable, pre-test judge-
ment accuracy as a covariate, and (1a) judgement accuracy in the
learning process and (1b) post-test judgement accuracy as depen-
dent variables. Similarly, for RQ2a and RQ2b, we performed a
MANCOVA with feedback type as the independent variable, pre-
test justification quality as a covariate, and (2a) justification qual-
ity in the learning process and (2b) post-test justification quality
as dependent variables. For RQ3a and RQ3b, we used a univari-
ate ANOVA with planned contrasts to compare the control group
to simulation-based learning with (3a) adaptive feedback and
with (3b) static feedback, using post-test judgement accuracy as
the dependent variable. Likewise, for RQ4a and RQ4b, we con-
ducted a univariate ANOVA with planned contrasts to compare
the control group to simulation-based learning with (4a) adap-
tive feedback and with (4b) static feedback, using post-test jus-
tification quality as the dependent variable. IBM SPSS Statistics
28 was used to perform all analyses, and the alpha level was set
to a=0.05.

3 | Results

3.1 | Randomisation Check
for the Intervention Groups

We compared learners’ performance on the first learning case
to obtain an indicator of their prior knowledge and skills. The
feedback intervention did not influence this measurement be-
cause the learners submitted their answers before receiving any
feedback. Table 2 presents the descriptive results of the learners'
judgement accuracy and justification quality for the first learning
case. Judgement accuracy was significantly higher in the static
feedback group than in the adaptive feedback group, with a small
effect size (#(204.04)=2.13, p=0.034, Cohen's d =0.278). No sig-
nificant difference in justification quality was found between
the two intervention groups (#228)=0.49, p=0.626, Cohen's
d=0.064). These results indicate that learners’ prior skills and
knowledge were not entirely equal; therefore, we used their per-
formance (judgement accuracy and justification quality) in the
first learning case as a covariate for subsequent analyses that
compared the effects of adaptive and static feedback on learn-
ers' judgement accuracy and justification quality, both during the
learning process and in the post-test.

3.2 | Effects of Feedback Type in Simulation-Based
Learning

3.2.1 | Diagnostic Judgement Accuracy

To explore RQ1, we calculated a MANCOVA with learners'
judgement accuracy in the first learning case as a covariate
(judgement accuracy in the learning process, F(1,228)=2.21,
p=0.139, np2=0.010; judgement accuracy in the post-test,
F(1,228)=7.95, p=0.005, npz =0.034). Descriptive statistics for
learners’ judgement accuracy in the learning process and in the
post-test are shown in Table 3. There were no significant differ-
ences between the judgement accuracy of learners who received
adaptive feedback and learners who received static feedback in

TABLE 2 | Learners' judgement accuracy and justification quality in the first learning case before the feedback intervention.

Adaptive feedback Static feedback
Dependent variable M (SD) M (SD)
Judgement accuracy in the first learning case 0.86 (0.34) 0.95(0.23)
Justification quality in the first learning case 0.39(0.24) 0.40 (0.22)

TABLE 3 | Learners judgement accuracy and justification quality in the learning process and post-test (without controlling for the pre-test).

Adaptive feedback Static feedback Control group
Dependent variable M (SD) M (SD) M (SD)
Judgement accuracy in the learning process 0.65(0.37) 0.72 (0.31) —
Judgement accuracy in the post-test 0.85(0.36) 0.91 (0.29) 0.83(0.37)
Justification quality in the learning process 0.46 (0.42) 0.41 (0.24) —
Justification quality in the post-test 0.55(0.25) 0.48 (0.23) 0.47 (0.27)
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the simulation, either in the learning process (F(1,228)=1.42,
p=0.234, 1 2=0.006) or in the post-test (F(1,228)=1.12,
p=0.290, 7, =0.005). Thus, the effect of adaptive and static
feedback on enhancing learners’ judgement accuracy did not
differ (RQ1a/1b).

3.2.2 | Diagnostic Justification Quality

To investigate RQ2, we again calculated a MANCOVA with
the learners' justification quality in the first learning case
as a covariate (justification quality in the learning process,
F(1,227)=115.15, p<0.001, np2=0.339; justification qual-
ity in the post-test, F(1,227)=42.62, p<0.001, nP2=0.159).
Descriptive statistics for learners’ justification quality in the
learning process and in the post-test are shown in Table 3.
Compared with learners who received static feedback, the jus-
tification quality of learners who received adaptive feedback
in the simulation was significantly higher in the learning pro-
cess (F(1,227)=4.01, p=0.047, np2=0.017) and the post-test
(F(1,227)=6.78, p=0.010, 7,2=0.029), with both showing
small effect sizes. These results support our hypothesis that
adaptive feedback is more effective than static feedback in
enhancing learners' justification quality in simulation-based
learning (RQ2a/2b).

3.3 | Comparison With the No-Simulation
Control Group

3.3.1 | Diagnostic Judgement Accuracy

To investigate RQ3, we calculated an ANOVA with planned con-
trasts. Descriptive statistics for judgement accuracy in the post-
test are shown in Table 3. Overall, learners’ judgement accuracy
did not differ significantly between the three experimental
groups (F(2,329)=1.59, p=0.205, 7 pz =0.010). Planned contrasts
showed no significant difference between the no-simulation
control group and the group that processed the simulation with
static feedback (F(1,329)=2.73, p=0.099, npz =0.008); there
was also no significant difference between the no-simulation
control group and the group that processed the simulation with
adaptive feedback (F(1,329)=0.09, p=0.760, 77P2 <0.001). These
results do not support the hypothesis that, compared with the
no-simulation control group, a single simulation session with
either feedback type has a positive effect on learners' judgement
accuracy (RQ3a/3b).

3.3.2 | Diagnostic Justification Quality

We also calculated an ANOVA with planned contrasts to inves-
tigate RQ4. Descriptive statistics for justification quality in the
post-test are shown in Table 3. Learners' justification quality
significantly differed between the three experimental groups
(F(2,327)=3.37, p=0.036, np2= 0.020). Planned contrasts
showed no significant difference between the no-simulation
control group and the group that processed the simulation
with static feedback (F(1,327)=0.04, p=0.838, 77p2 <0.001);
however, there was a significant difference between the no-
simulation control group and the group that processed the

simulation with adaptive feedback (F(1,327)=5.32, p=0.022,
np2=0.016). These results do not support the hypothesis that
compared with the no-simulation control group, a simulation
session with static feedback has a positive effect on learners'
justification quality in the post-test (RQ4b); however, the re-
sults do support the hypothesis that compared with the no-
simulation control group, a single simulation session with
adaptive feedback has a positive effect on learners' justifica-
tion quality (RQ4a).

4 | Discussion

In this study, we investigated the effects of digital case-based
simulations with NLP-based adaptive feedback on the diagnos-
tic reasoning of preservice teachers enrolled in online courses at
five German universities. During the learning phase and in an
unsupported post-test, automatic adaptive and static feedback
did not show different effects on preservice teachers’ judgement
accuracy, but adaptive feedback does appear to be more effective
than static feedback regarding the quality of diagnostic justifica-
tion. These findings replicate previous result patterns, includ-
ing the patterns observed in a previous laboratory study (Sailer
et al. 2023) and in a parallel field study about automatic adaptive
feedback in medical education simulations (Sarbu-Rothsching
et al. 2022).

In addition to replicating a comparison of the two feedback
types used within the simulation, we compared two interven-
tion groups (simulation with adaptive feedback and simulation
with static feedback) against a no-simulation (and no feedback)
control group to assess whether a single simulation session with
either feedback type significantly benefits preservice teach-
ers’ diagnostic reasoning. This comparison aimed to investi-
gate whether simulations are effective and suitable for use in
higher education field settings regardless of the feedback type
or if the simulation’s effectiveness depends on the specific type
of feedback provided. Contrary to our hypothesis (RQ3a/3b), a
comparison of the intervention groups to the no-simulation con-
trol group revealed no significant benefits associated with the
simulation session—regardless of feedback type—on learners'
judgement accuracy in the post-test. Regarding justification
quality, the simulation with adaptive feedback demonstrated a
significant positive effect compared with the no-simulation con-
trol group, while the simulation with static feedback did not. We
conclude that adaptive feedback is essential for the effectiveness
of simulation sessions in higher education field settings, whereas
static feedback seems insufficient for effective simulation-based
learning.

4.1 | Enhancing Diagnostic Reasoning Through
Simulations With Adaptive Feedback

Our findings indicate that simulation-based learning with auto-
matic adaptive feedback enhances learners' justification quality
but does not increase their judgement accuracy. The automatic
adaptive feedback micro-adaptively adjusted to relevant learner
characteristics, especially current diagnostic knowledge and
reasoning skills as indicated by their diagnostic reasoning out-
comes in each simulated case (Plass and Pawar 2020; Tetzlaff,
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Schmiedek, and Brod 2021). The adaptive feedback clearly iden-
tified whether relevant diagnostic entities (i.e., the indicated
diagnoses and supporting pieces of evidence) were correct, in-
correct or missing; it also pointed out whether appropriate diag-
nostic activities (e.g., generating evidence, evaluating evidence,
drawing conclusions) were included in the learners' written
responses. In all instances, the adaptively selected feedback
paragraphs explained how the targeted diagnostic entities and
activities were relevant to the task in general or the simulated
case in particular. Moreover, to increase the specificity, transpar-
ency and interpretability of the automatic analysis (Chaudhry,
Cukurova, and Luckin 2022; Shute 2008), the adaptive feedback
highlighted the identified relevant parts of the learners’ submit-
ted explanations to facilitate feedback interpretation.

In doing so, the adaptive feedback communicated a formative
assessment of the learners’ current level of diagnostic reason-
ing performance in the simulated cases and identified specific
options for future improvements (Bimba et al. 2017; Black and
Wiliam 2009; Hattie and Timperley 2007). As effects on justi-
fication quality persist beyond the learning phase, in which
learners received feedback, to an unsupported post-test case, in
which no feedback was given, we conclude that the positive ef-
fect is not limited to optimised behaviour during learning but
may include more sustainable cognitive and metacognitive ben-
efits. Compared with static feedback, adaptive feedback, which
provides specific information on learners' individual perfor-
mance, may be more beneficial for knowledge and skill acqui-
sition (Mertens, Finn, and Lindner 2022; Wisniewski, Zierer,
and Hattie 2020), less likely to cognitively overwhelm learners
(e.g., by comparing their current with a goal performance; Chen
et al. 2018; Fyfe, DeCaro, and Rittle-Johnson 2015; Shute 2008)
and favourable in terms of learners' self-regulation and meta-
cognitive strategy use (Kuklick, Greiff, and Lindner 2023; Lim
et al. 2021). However, the potential roles that these mecha-
nisms and learner agreement with the received feedback (Harks
et al. 2014; Nicol 2021) play in simulation-based learning for pro-
fessional reasoning tasks require further investigation.

In contrast, learners who received static rather than adaptive feed-
back in the simulation had to engage in formative self-assessment
of their current state of performance (compared with an expert
solution) and their options for improvements. This formative
self-assessment, stimulated through static feedback, can place
higher demands on learners’ understanding, cognitive resources,
active engagement and self-regulation (Black and Wiliam 2009;
Ifenthaler, Schumacher, and Kuzilek 2023; Nicol 2021). While this
process may offer benefits through additional reflection for learn-
ers with favourable prerequisites relative to the general demands
of a learning task, learners with less advantageous learning pre-
requisites might struggle to engage in effective self-assessment
(Hattie and Timperley 2007; Nicol 2021; Panadero, Brown, and
Strijbos 2016). Especially in simulation-based learning, the de-
mands associated with formative self-assessment exacerbate the
demands of applying knowledge and skills to simulated cases (F.
Fischer et al. 2022; Frerejean et al. 2023), which may be a chal-
lenging combination for many learners. In this study, learners
who received static feedback during simulation-based learning
showed no evidence of significant benefits to their justification
quality compared with the no-simulation control group, whereas
the adaptive feedback group showed evidence of a significantly

higher justification quality compared with both other groups.
Considering the general demands of simulation-based learn-
ing itself, adaptive feedback may be considered favourable for a
broader range of learners, as it accommodates learners with more
and less favourable learning prerequisites by providing more spe-
cific guidance. Thus, adaptive support, which spares learners'
cognitive and metacognitive learning resources by providing and
highlighting personalised feedback information, seems crucial
for achieving relevant learning goals in simulations, such as in-
creasing justification quality in the context of diagnostic reason-
ing. Accordingly, for higher education field settings in teacher
education, a single simulation session that may rather be chal-
lenging to students, relative to their prior knowledge, only seems
to be recommended with adaptive feedback, not with static feed-
back, as compared with no simulation-based learning. While the
effect on justification quality observed in the present field study
was small, the previous laboratory study reported a large effect
(Sailer et al. 2023). Given the less controlled nature of the field
setting, this discrepancy was expected. Participants completed the
study unsupervised and from various locations using their own
computers. This uncontrolled and unsupervised environment
may have included environmental factors such as distractions.
However, these conditions authentically reflect typical online
university courses (Hollis and Was 2016). Therefore, compared
with laboratory settings, the study's authentic setting enhances
the ecological validity and generalizability of our findings. The
study suggests that while static feedback provides insufficient
guidance for simulation-based learning in higher education field
settings, adaptive feedback is crucial for single simulation ses-
sions to effectively enhance reasoning skills in university online
courses, at least when the simulation is likely to be challenging
relative to learners’ prior knowledge.

4.2 | Effects of Simulation Sessions on Different
Types of Reasoning Outcomes

The effectiveness of single simulation sessions seems to depend
not only on combining simulations with adaptive feedback but
also on the type of reasoning outcome. We found that the simu-
lation session (with either feedback type) had no effect on preser-
vice teachers’ judgement accuracy. This result might be explained
by judgement accuracy's high reliance on case-specific diagnos-
tic knowledge; that is, the knowledge that helps to make an accu-
rate judgement for one specific student case may not be directly
transferable to other student cases (e.g., Kolovou et al. 2021;
Stadler, Sailer, and Fischer 2021). The accurate diagnoses for
the simulated cases were not identical, and the case informa-
tion (e.g., relevant evidence and distractor information) varied
considerably. The simulated cases in the learning phase and the
post-test might have been so specific that the new insights from
one simulated case were not necessarily directly transferable to
the other simulated cases (Hetmanek et al. 2018). Additionally,
judgement accuracy—conceptualised in the present study as
being either an adequate or an inadequate assessment of the
students’ learning difficulties—represents a consolidation of
finer-grained reasoning processes and activities (i.e., evaluating
various hypotheses based on distinct evidence and drawing over-
all conclusions; Heitzmann et al. 2019). While a single simula-
tion session might have some effect on these reasoning processes,
this effect may not be sufficient to significantly change compiled
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reasoning outcomes, such as preservice teachers' judgement ac-
curacy. Therefore, we conclude that the benefits of single simu-
lation sessions might be limited in terms of enhancing compiled
reasoning outcomes that rely highly on specific knowledge.

Compared with judgement accuracy, the single simulation ses-
sion—at least with adaptive feedback—achieved a significant
positive effect on preservice teachers' justification quality com-
pared with the no-simulation control group. Formulating high-
quality justifications requires case-specific diagnostic knowledge
to identify and select relevant supporting evidence (Bauer, Sailer,
Kiesewetter, Fischer, and Fischer, 2022). As high justification qual-
ity in this study is defined as explaining the evidence most relevant
for supporting the accurate diagnostic judgement, the outcome of
justification quality may even give a good insight into fine-grained
reasoning processes. Thus, compared with judgement accuracy,
justification quality might be an outcome relatively proximal to
reasoning processes and, thus, a comparably sensitive indicator of
initial changes in learners’ reasoning achieved in a single simu-
lation session. Moreover, preservice teachers' justification quality
may not rely exclusively on case-specific diagnostic knowledge.
Recent research suggests that preservice teachers' diagnostic
justification might also rely on knowledge about how to organ-
ise and present relevant evidence and arguments (Bauer, Sailer,
Kiesewetter, Fischer, and Fischer, 2022). This knowledge is likely
less specific to each case and thus easier to transfer across differ-
ent simulated cases (Hetmanek et al. 2018). Accordingly, single
simulation sessions with adaptive feedback show a positive effect
on outcomes that are relatively proximal to reasoning processes
or that, in addition to case-specific knowledge, rely on knowledge
and skills that are transferable across different cases.

Since high justification quality in this study is conceptualised
as an outcome proximal to reasoning processes, it may indicate
the deliberate processing of relevant case information during
learners' reasoning. Especially when practiced repeatedly, delib-
erate processing of relevant case information has a high poten-
tial for increasing learners' case-specific diagnostic knowledge
(Andriessen and Baker 2014) and, consequently, their judge-
ment accuracy in sufficiently similar cases. Facilitating pre-
service teachers' engagement with diverse student cases and
expanding their diagnostic knowledge may require repeated
practice across multiple simulated cases in several simulation
sessions. Repeated learning with authentic cases is considered
beneficial for expanding and reorganising knowledge into ac-
cessible knowledge structures, thereby extending the applicabil-
ity and flexibility of knowledge to reasoning about familiar and
unfamiliar cases (see Jossberger, Breckwoldt, and Gruber 2022;
Norman, Young, and Brooks 2007). Therefore, while a sin-
gle simulation session has some benefits for certain reasoning
outcomes, the full potential of simulation-based learning with
adaptive feedback may instead be realised when integrated into
opportunities for repeated and deliberate practice over longer
periods of study (e.g., over a full semester).

4.3 | NLP for Automating Micro-Adaptive
Learning Support

Our study suggests that micro-adaptive learning support is
crucial for the effectiveness of simulation-based learning in

complex reasoning tasks in higher education. Al, particularly
NLP, can provide this adaptive support by enabling the imple-
mentation of real-time learning analytics and automating the
formative assessment of written responses (Dai and Ke 2022;
Gardner, O'Leary, and Yuan 2021; Kasneci et al. 2023; Ninaus
and Sailer 2022). In our study, we used NLP algorithms that were
well-established and researched in the context of diagnostic rea-
soning in teacher education, specifically BILSTM-CRF (Schulz,
Meyer, and Gurevych 2019), to automatically analyse learners'
written diagnostic reasoning and adaptively activate and com-
bine predefined feedback paragraphs into an adaptive feedback
response. This approach offered three distinct advantages: first,
the algorithms were trained and tested on data pertaining to
preservice teachers' diagnostic reasoning about the simulated
cases used in this study; second, the feedback paragraphs were
formulated specifically for the simulated cases, which ensured
the quality of specialised learning domain content; third, prior
research conducted in a laboratory setting (Sailer et al. 2023)
identified the benefits of this approach before its application in
online teacher education courses at multiple universities, thus
ensuring a systematic and ethical implementation of AI before
its adoption in a higher education field setting.

Further enhancing the micro-adaptivity of automatic adaptive
feedback could yield additional benefits. The artificial neural
networks used in this study did not yet employ the latest ad-
vancements in NLP, which have significantly advanced the abil-
ity of artificial neural networks to perform various NLP tasks
(Kasneci et al. 2023). Transformer models used to build and train
large language models process text more efficiently than RNNs,
which are limited by sequential processing. By simultaneously
processing sequences and dynamically adjusting attention to
capture contextual relationships, transformer models may more
efficiently analyse preservice teachers' written reasoning, which
may facilitate more precise activation of predefined feedback
paragraphs. However, further research is needed to determine
whether large language models require additional fine-tuning
for specialised domains, such as preservice teachers’' diagnos-
tic reasoning, to fully realise their potential to provide micro-
adaptive learning support in professional learning scenarios.

Besides text analysis, large language models have also enhanced
NLP's capabilities in the realm of generative AI, particularly in
text generation (e.g., ChatGPT; OpenAlI 2023). Harnessing these
capabilities to generate uniquely tailored feedback messages in-
stead of adaptively providing predefined feedback paragraphs,
might increase the specificity and effectiveness of automatic
adaptive feedback. Effectively using these capabilities to auto-
matically generate high-quality adaptive feedback messages in
the context of learning with complex simulated cases remains
a challenge. Specifically, employing text generation to produce
feedback involves unlocking the learning potential within spe-
cialised domains and ensuring the pedagogical quality of forma-
tive assessment and high-information feedback.

4.4 | Limitations and Future Research
The generalizability of our results may be limited due to the

pre-test (i.e., the first learning case) and post-test measure-
ments consisting only of single simulated cases. A low number
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of measurements are often associated with mediocre measure-
ment reliability, which may explain the low internal consistency
of the pre-test justification quality, limiting the systematicity of
the measurement of this covariate. Moreover, a low number of
measurements potentially limits the observable variance, which
might challenge our interpretation that there were no differences
in preservice teachers' judgement accuracy. The approach to op-
erationalising judgement accuracy (i.e., letting learners choose
from a list of diagnoses as well as the dichotomous rating of the
accuracy) might have further limited the observable variance.
However, our interpretation of the comparison of adaptive and
static feedback regarding both justification quality and judge-
ment accuracy is supported by the consistent results pattern
found in the learning phase and the post-test as well as the con-
sistency with the results pattern found in the previous laboratory
study. As the study design only included a no-simulation con-
trol group, but not a simulation-without-feedback control group,
the design is limited as to whether the simulated cases may have
contributed to individual participants’ outcomes independently
of the feedback. However, the results suggest that even the static
feedback provided insufficient guidance for learners to achieve
significant effects in a single simulation session compared with
no simulation-based learning, supporting the assumption that
the simulation session would probably not have been effective
without any feedback. Furthermore, the generalizability of our
interpretation regarding the nonsignificant difference between
the control group and the intervention group receiving static
feedback in the simulation might be limited by the lack of a pre-
test measure for the no-simulation control group. Thus, we can-
notrule out that the task-related prior knowledge and skills of the
control group might have differed from those of the two interven-
tion groups. Moreover, for the post-test measurement, because
the no-simulation control group did not access the learning cases
before the post-test, they were less familiar with the simulation-
based learning environment than the two intervention groups,
potentially affecting the comparability of the control group to the
intervention groups. In addition, we cannot completely rule out
the possibility that individual participants in the control group
may have had a minor training effect by participating in the post-
test, which consisted of processing a case in the simulation envi-
ronment. This was, however, done to achieve high measurement
validity. Generally, the number of measurements in this study
was limited by the time required to process individual cases and
the time limits imposed by the scheduled course sessions. In fu-
ture research, the number of measurements might be increased
by investigating simulations with feedback over the course of
several course sessions. Such an extended study duration would
also allow us to further investigate the assumption that repeated
simulation-based learning with adaptive feedback has the poten-
tial to increase preservice teachers' judgement accuracy.

Considering that the artificial neural networks used for the NLP
tasks in our study did not yet incorporate transformer-based
models (Kasneci et al. 2023), future research might explore
whether these algorithms can improve the performance of au-
tomatic text analysis and, consequently, the effectiveness of our
automatic adaptive feedback system for learning diagnostic rea-
soning in a simulation. Additionally, investigating the use of text
generation in automatic adaptive feedback for simulation-based
learning of reasoning skills in specialised professional domains
is an important desideratum for future research.

Our current field experiment and previous laboratory experi-
ment focused on the effectiveness of simulation-based learning
with automatic adaptive feedback. Further laboratory research
might explore how automatic adaptive feedback influences pre-
service teachers' learning processes to better understand the
cognitive, metacognitive and motivational-affective mecha-
nisms that underlie the benefits offered by automatic adaptive
feedback in simulations. For this purpose, multimodal data—
including, for example, trace data, eye tracking, other physi-
ological measurements, questionnaire data and think-aloud
data—might provide rich information and detailed insights (see
Fan et al. 2023; Kalyuga and Plass 2018; Rakovi¢ et al. 2023).
These learning processes may depend on learners' understand-
ing and agreement with feedback content (Harks et al. 2014;
Nicol 2021), which might moderate the effects of feedback and
therefore deserve specific attention. Additionally, potential in-
teractions with learner characteristics might be of interest; for
example, learners with low prior task-relevant knowledge and
skills or low self-regulation skills might have a comparatively
high need for adaptive support and feedback in digital learning
environments. Identifying the most relevant learner characteris-
tics and learning processes when learning with case-based sim-
ulations and adaptive feedback, as well as identifying relevant
indicators of these characteristics and processes, might inform
the future design of automatic adaptive feedback systems in
terms of which additional data, other than text data, could be
involved in adjusting automatic adaptive feedback.

In addition to computer-based feedback, NLP might have addi-
tional applications in other types of automatic adaptive learning
support, such as supporting learners when providing peer as-
sessment and feedback in digital learning environments (Bauer
et al. 2023). Finally, future research might investigate adapting
the demands of the simulated task itself, for example, by ad-
justing the informational complexity of the simulated cases to
accommodate learner characteristics, such as learners’ prior
knowledge and skills (F. Fischer et al. 2022).

5 | Conclusion

In this study, we investigated and compared the effects of dig-
ital case-based simulations with NLP-based adaptive feedback
and static feedback on preservice teachers' diagnostic reason-
ing in online higher education courses. Based on the quality
of diagnostic justifications, we found that simulation-based
learning with automatic adaptive feedback can enhance preser-
vice teachers' diagnostic reasoning compared with simulation-
based learning with static feedback; these results replicate the
results pattern found in a previous laboratory study (Sailer
et al. 2023). Compared with the no-simulation control group,
only simulation-based learning with adaptive feedback, not
with static feedback, had positive effects on preservice teach-
ers' justification quality. These findings emphasise the degree to
which adaptivity is essential to providing effective feedback in
simulation-based learning (Bimba et al. 2017; Dai and Ke 2022;
Plass and Pawar 2020). The study indicates that, in higher ed-
ucation field settings, static feedback does not seem to offer
adequate guidance to learners in single simulation sessions,
whereas adaptive feedback provides critical support for single
simulation sessions to effectively enhance reasoning skills,
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particularly when the simulation may present a challenge rel-
ative to learners’ prior knowledge. Adaptive feedback on the
reasoning processes captured in written task solutions can be
automated by NLP, which employs AI combined with deep
learning techniques (Cavalcanti et al. 2021). Given the findings
of this study, integrating NLP-based adaptive feedback within
simulation-based learning shows great potential for enhancing
higher education, potentially redefining how educational tech-
nology supports the development of reasoning skills in future
generations of professionals.
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Appendix A

Description of one example case from the simulation environment (all
case materials are publicly available in an online repository accessible
at https://osf.io/hn7wm/):

At the beginning of the simulation, the participating preservice teachers
were asked to put themselves in the role of a teacher who is teaching a
class with a student who has noticeable performance-related problems,
which may potentially be clinically relevant (e.g., reading and writing
disorder). One example is the case of first-grader Anton.

The initial problem statement for the case describes Anton as a 1st-grade
primary school student, 7years old, who shows significant problems in
the school subject of German, although he does well in other subjects.

Socially, Anton is an outgoing boy with many friends and enjoys activ-
ities such as hide-and-seek, climbing and tagging. His academic chal-
lenges are most noticeable in his reading and writing. Although he is
familiar with the German language, he struggles to choose the correct
letters or forgets letters when writing. During dictation, his pace slows
over time, and his handwriting becomes less legible. He frequently
mixes up letters or fails to apply capitalisation and spelling rules con-
sistently, even with words he has previously spelled correctly. Reading
also poses a problem for Anton. He is slow and tends to skip parts of
words or entire words, particularly with unfamiliar vocabulary. After
reading, he cannot summarise or answer questions about the text. An
exercise involving syllable clapping further highlighted his difficulties
in identifying the number of syllables or letters in a word.

A discussion with the crafts teacher reveals no concerns about the crafts
subjects. However, a conversation with Anton himself shows a self-aware
yet struggling student. He acknowledges his difficulties in German, feel-
ing that others do well where he cannot, and is particularly self-conscious
about reading aloud. Anton's parents, in a meeting, expressed their con-
tentment with his overall positive experiences during the first school year
and spoke about his diligent homework habits. However, they also note
his struggles with German assignments, where he repeatedly makes the
same mistakes, despite understanding the corrections when reviewed
with his mother. His slow reading speed and an initial reluctance toward
the activity are confirmed by his parents as well.

From the observations, available materials (see Figure 1), and conversa-
tion protocols, while Anton appears to be an emotionally well-adjusted
and socially integrated student, his reading and writing issues are ev-
ident. Overall, the case information was designed in a way that the
diagnosis of a reading and writing disorder is the most likely clinical
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diagnosis. Yet, both adaptive and static feedback for this case caution
against making an official diagnosis of a reading and spelling disorder
at the end of the first grade due to the natural variances in learning
development at this stage. It is recommended to continue monitoring
Anton's progress into the second grade and, if problems persist, to in-
volve a school psychologist for standardised testing to make a definitive
assessment.

Appendix B

Coding scheme for rating the justification quality of participants’ expla-
nations addressing the example case described above:

The following coding categories (see Table B1) represent the six pri-
mary pieces of evidence for the diagnosis considered accurate for this
case (reading and writing disorder). For each of the following coding
categories, a maximum of one point is assigned per student response
(if included in the explanation) or no point is assigned (if not in the
explanation).

TABLE B1 | Coding scheme for rating the justification quality of
participants’ explanations addressing the simulated case ‘Anton’.

Evidence (coding
category)

Example information from the
case

1. Low reading speed

2. Low reading
comprehension

3. Low reading accuracy

4. Spelling difficulties

5. No significant
performance problems in
other subjects

He reads much slower than his
classmates.

He cannot understand the meaning
of the text.
He answers questions about the text
only based on general knowledge.

He reads ‘ie’ instead of ‘ei’.

He makes many spelling mistakes in
dictation exercises.
He frequently confuses letters.

He has no difficulties in math.
He has no noticeable problems in the
other subjects.

6. Problematic He has problems with identifying
phonological awareness syllables.
He did not like music lessons even in
preschool.

He has difficulties getting the rhythm
when clapping syllables.
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