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Abstract 

Reflective writing is a core component of teacher education, especially during practical 
internships. However, providing high-quality feedback on reflections is resource-inten-
sive. This study examines descriptively observable associations between an early dual-
feedback approach combining basic (automated) and elaborate (human-generated) feed-
back and structural features of preservice physics teachers’ reflective writing, prior to the 
widespread adoption of generative AI in education. Using an exploratory, non-equiva-
lent, non-concurrent cohort design, we analyzed participant-level aggregates of written 
reflections from a non-intervention cohort (N = 22) and an intervention cohort (N = 32), 
applying a validated reflection-supporting model to assess structural composition and 
discursive elements of reflective writing. In the intervention, basic feedback was gener-
ated by a previously validated BERT-based machine learning model focusing on struc-
tural reflection elements, while elaborate feedback addressed content-related and peda-
gogical depth. In this study, the automated model was employed as an analytic measure-
ment instrument drawing on validation work demonstrating its transferability across 
comparable reflection contexts. Quantitative analyses did not reveal systematic longitu-
dinal growth in indicators of reflective writing quality in either cohort. Across comparable 
measurement points, descriptively different structural reflection profiles were observed 
between cohorts, without permitting causal or developmental interpretations. Feedback 
acceptance was high overall, although structural AI feedback was perceived as less per-
sonalized and less useful. These findings highlight the descriptive value of early, non-
generative AI-based approaches for scalable structural diagnostics of reflective writing, 
while underscoring the continued importance of human-generated, content-focused feed-
back. The study establishes an empirical baseline for evaluating contemporary generative 
AI–based feedback systems in teacher education. 
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1. Introduction 
Developing reflective competence is widely regarded as a key goal in teacher educa-

tion, especially during practice-oriented internships (Brouwer & Korthagen, 2005; 
Gröschner et al., 2013; Schubarth et al., 2009). Reflection enables preservice teachers to 
connect theoretical knowledge with their classroom experiences and engage in continuous 
professional development (Schön, 1983; von Aufschnaiter, 2023). However, fostering 
high-quality reflection is challenging, particularly in large cohorts where personalized 
feedback on reflective writing is often constrained by limited instructional resources (Nar-
ciss, 2006; Poldner et al., 2014). 

Digital technologies offer new opportunities to scale support for reflective writing. 
Advances in natural language processing and machine learning (ML) have made it possi-
ble to generate real-time, structured feedback on student texts (Buckingham Shum et al., 
2017; Ullmann, 2019). While these technologies cannot replace human judgment in com-
plex pedagogical matters, they may assist by automating feedback on formal structure or 
prompting deeper reasoning. A combined approach—where ML tools support instructors 
by analyzing structural aspects of reflection and freeing them to focus on content-related 
feedback—could offer a pragmatic solution in teacher education. 

This study investigates such a dual-feedback approach using a non-equivalent, non-
concurrent observational comparison of two cohorts of preservice physics teachers. The 
design is exploratory and does not allow for causal inferences about the impact of the 
intervention. Nevertheless, it can highlight potentials of early AI methods – even before 
the release of the generative AI Chat GPT-3.5 in November 2022. This paper focuses on 
whether this structured feedback model (based on BERT, an early and less sophisticated 
AI model) is associated with differences in the quality of reflective writing over the course 
of an internship. Measuring text structure and the presence of higher-order reasoning this 
study aims to establish an empirical baseline for evaluating AI-based feedback approaches 
to reflective writing in science teacher education. 

2. Theory 
2.1. Pedagogical Reasoning and Reflection-on-Action 

Beyond inherent professional knowledge a teacher brings into a teaching situa-
tion, it is crucial to recognize the significance of professional perception regarding 
teaching elements and their theoretically grounded analysis. A teachers’ professional 
perception of a teaching situation is essential for acquiring or developing professional 
competencies (Gruber, 2021; van Es & Sherin, 2021). Reflection links the two elements 
of knowledge and perception and is said to therefore stimulate a sustainable intrinsic 
professionalization process (Roters, 2012). In terms of developing the professional 
teaching career, teachers’ reflective competencies can thus be identified as a prerequi-
site for continued professional development and learning (Combe & Kolbe, 2008). Re-
flection is emphasized as a central building block for the professional development of 
teachers (Christof et al., 2018; Korthagen & Kessels, 1999; Schön, 1983; Sorge et al., 
2019) and appears to be indispensable for the development of teachers’ teaching per-
sonality (Rothland, 2021). National and international teacher training standards fea-
ture reflection on a regular basis (e.g., KMK, 2004, 2019; NBPTS, 2016) as well as 
teacher education programs (Darling-Hammond, 2012). The promotion of the reflec-
tive ability thus establishes itself as a significant goal of teacher education (Browning 
& Korthagen, 2021), although empirical findings remain inconclusive regarding the 
extent to which reflection directly improves teaching performance (Collin et al., 2013; 
Häcker, 2019; Labott & Reintjes, 2022; Wyss, 2013). 
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On the one hand, reflection can be seen as a connection between teaching in class 
and new planning (Korthagen, 2001; Nordine et al., 2021), while on the other reflection 
is not intended to be separate from the classroom action (Alonzo et al., 2019). As a 
process, however, there is a risk of it becoming a mere analysis (von Aufschnaiter, 
2023). Although a detailed lesson analysis can demonstrate a deep understanding of 
the reflected situation, only a personal reference in a reflection (e.g., by deriving con-
sequences for improving the teaching or the lesson) is able to stimulate professional 
development (von Aufschnaiter et al., 2019). The content, goals, and methods for re-
flection are diverse (Christof et al., 2018) and can also depend on reflection-related 
prior knowledge (e.g., a reflection-supporting prompt or a stimulated recall). Suitable 
questions that structure the reflection process or appropriate prompts and methods 
(Wyss, 2018), may prove helpful for reflecting. 

During their professional development, teachers are envisioned as reflective 
practitioners, i.e., professionals who continuously and constantly monitor their per-
formance based on experience and feedback and adapt it to the situation (Abels, 2011; 
Altrichter, 2000; Schön, 1983). In the course of teaching internships, this can arise as a 
major aim of lecturers’ support. However, since a reflection of an experienced teaching 
situation is often preceded by a form of analysis (Meschede, 2014), supporting reflec-
tive reasoning using feedback ought to be helpful, as a teacher can be competent in 
analyzing teaching without having to be able to reflect competently (“analytical prac-
titioners” (von Aufschnaiter, 2023, p. 40)). Hence, it is necessary to operationalize re-
flection-related pedagogical reasoning. According to Nowak et al. (2019) and further 
Nowak (2023) following (among others) Korthagens’ (2001) ALACT-ModelError! Reference 

source not found., a beneficial reflection can be constructed in the following ways: using (1) 
Circumstances of the teaching situation and Descriptions of teachers’ and students’ 
acting and interactions in the specific situation to reflect on, (2) Evaluations of how a 
person (teacher her/himself or observer) perceives the teaching situation (and why), 
(3) Alternative actions for the activities observed, where the teacher should consider 
what they could have done differently to make the perceived experiences better, or (4) 
Consequences a teacher can draw for her/his professional development. In line with 
Alonzo et al. (2019), Korthagens’ Act-of-Trial (i.e., the performance in class) is concep-
tually separate from the reflective reasoning process itself in the reflection-supporting 
model of Nowak et al. (2019), so feedback allows to address either teachers’ theory-
based planning, classroom teaching, or the reflection-on-action itself. Following this 
operationalization, it becomes clear that pedagogical reasoning can be divided into 
descriptive elements (circumstances and descriptions) and discursive elements (eval-
uations, alternatives, consequences). In reference to Wyss (2018) written reflections 
with less descriptive elements indicate a reflection of higher quality or can represent 
teachers’ higher-order reasoning. 

2.2. Required Content for Feedback on Written Reflections 

Feedback on written reflections should address structural and content-related as-
pects (i.e., basic and elaborate feedback, see Narciss, 2006, 2018) to activate reflective 
competence during professional development (Poldner et al., 2014). Emphasizing 
structural aspects may be particularly important for novices in teacher training pro-
grams, as a structured approach is a necessary prerequisite for the development of 
expertise (Korthagen & Kessels, 1999) and serves as a basis for higher-quality reflec-
tion processes (Hatton & Smith, 1995). Integrating computer-based analyses ensures 
that preservice teachers receive personalized feedback promptly (Buckingham Shum 
et al., 2017). In addition, content-related feedback is essential, which explicitly assesses 
the identified occasions for reflection and thus includes theoretical knowledge 



Educ. Sci. 2026, 16, 301 4 of 19 
 

https://doi.org/10.3390/educsci16020301 

(Leonhard & Rihm, 2011), providing a basis for an in-depth examination of one’s 
knowledge. Following Hattie and Timperley (2007), effective feedback should encom-
pass inquiries about the purpose of the feedback (Feed Up), the implementation of the 
task or a status quo (Feed Back), and a concrete next step or an impulse for profes-
sional development (Feed Forward). 

However, it is still unclear how basic (on argumentation structure) and elaborate 
(more in depth) feedback in this manner can effectively and efficiently support the inte-
gration of experience and knowledge in teaching practice. In particular, feedback on pre-
service teachers’ reflections in teaching is often time-consuming, considering lecturers su-
pervise many teachers. In contrast, computers can provide instantaneous feedback, which 
might raise teachers’ acceptance of tasks such as reflective writing. For these reasons, we 
introduced an innovative approach by implementing structural feedback using computer-
based systems (Lai & Calandra, 2007). These early attempts were able to generate feedback 
using structural analyses of written reflections—even without generative AI. It allows lec-
turers to focus their full attention on the content-related aspects of the reflections to give 
elaborate feedback. But is this effort justified? 

2.3. Large Language Models and Generative AI 

The rise of large language models (LLMs) in natural language processing has 
been driven by a rapid evolution from encoder-based contextual models to large-scale 
generative systems. One of the foundational breakthroughs was BERT (Bidirectional 
Encoder Representations from Transformers), introduced by Devlin et al. (2018), 
which used bidirectional Transformer encoders and masked language modeling to 
generate deep contextual embeddings, but was not designed for text generation. Its 
architecture and pre-training approach strongly influenced subsequent work in Nat-
ural Language Processing (NLP). Following BERT, autoregressive Transformer mod-
els such as GPT-2 (OpenAI, 2019) demonstrated that scaling up transformer-based 
language models could yield impressive text generation capabilities. The next major 
step came with GPT-3 (Brown et al., 2020), which scaled to 175 billion parameters and 
exhibited few-shot and zero-shot learning capacities, far surpassing earlier models in 
flexibility and fluency. GPT-3 marked a turning point toward generative AI as a 
broadly useful tool. Finally, by late 2022, the public release of ChatGPT (OpenAI, 2022) 
made conversational generative AI widely accessible, catalyzing interest in AI-medi-
ated writing, dialogue, and feedback systems. This historical trajectory—from en-
coder-only contextual models to large-scale generative and conversational LLMs—
frames this study as an early exploration of automated feedback, predating the gener-
ative AI wave. This study predates generative AI for feedback reflective writing but 
provides a baseline for later work with LLMs. 

From a methodological perspective, it is important to distinguish between gener-
ative and analytic uses of large language models. While recent generative systems are 
designed to produce adaptive feedback texts, earlier encoder-based models such as 
BERT were developed primarily for representation learning and classification tasks 
(Wulff et al., 2022). Prior validation studies demonstrated that, among several deep 
learning architectures, the BERT-based approach achieved the most robust perfor-
mance for classifying reflective writing according to theory-driven category systems 
(Wulff et al., 2022). This advantage is commonly attributed to the transformer archi-
tecture underlying BERT, which enables models to attend to long-range dependencies 
between tokens within a text and to integrate contextual information across entire sen-
tences or paragraphs (Vaswani et al., 2017; Alammar, 2018). In addition, positional 
encodings allow the model to retain information about the sequential structure of the 
input, which is particularly relevant for modeling the progression of reflective 
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argumentation (Devlin et al., 2018). On this basis, pretrained models such as BERT can 
be empirically validated as analytical instruments for reflective writing, even across 
institutional contexts, provided that a stable theoretical framework underlies the clas-
sification (Sorge et al., 2025). In this sense, the present study does not conceptualize 
BERT as an intelligent tutor or feedback generator but as a structural measurement 
device that enables scalable, theory-based diagnostics of reflective writing. This ana-
lytic role is fundamentally different from generative feedback approaches and should 
therefore be evaluated according to criteria of classification validity and contextual 
transferability rather than adaptability to individual situations. The study thus aligns 
with recent calls to treat large language models in educational research as epistemic 
tools whose function and limits must be clearly specified (Sorge et al., 2025). 

2.4. Research Questions 

This study explores descriptively observable associations between early AI-sup-
ported feedback processes and structural features of preservice physics teachers’ reflective 
writing during internships. Specifically, the intervention was designed to provide rapid, 
individualized feedback on written reflections, combining both algorithm-generated and 
instructor-generated responses. This approach responds to preservice teachers’ stated 
need for timely, actionable feedback during field experiences. Rather than offering holistic 
assessments, the intervention disaggregates feedback into structural (basic) and content-
related (elaborate) components to promote more targeted reflection. 

While this approach is promising, empirical research on hybrid feedback systems in 
teacher education—especially those combining AI-based and human-generated inputs—
remains limited. This study contributes to closing that gap by comparing development in 
teachers’ reflection across cohorts and exploring user perceptions of feedback forms. 

RQ1: To what extent do descriptively observable differences in the structural composition 
of reflective writing coincide with participation in different internship feedback for-
mats? 

This question focuses on measurable changes in the reflective texts of preservice 
teachers who received structured feedback during the intervention versus those in a typ-
ical (business-as-usual) supervision model. The analysis examines both group-level dif-
ferences and within-group development over time. Given the inconsistent findings in pre-
vious literature—some showing growth in reflective depth (e.g., Fund et al., 2002; 
Klempin, 2021), others reporting no significant change (e.g., Meißner et al., 2020; Wyss, 
2013)—we descriptively document patterns of similarity and difference between cohorts 
without testing inferential hypotheses. 

RQ2: How do preservice teachers perceive the usefulness and personalization of AI-based 
basic versus human-generated elaborate feedback? 

In addition to textual outcomes, this study explores preservice teachers’ perceptions 
of the feedback they received. RQ1 focuses exclusively on objectively measurable textual 
outcomes in reflective writing. RQ2, in contrast, addresses participants’ subjective percep-
tions of the feedback they received. These two perspectives are analytically independent 
and are interpreted separately. Drawing on their evaluations, we examine whether the 
immediacy of basic AI-generated feedback compensates for its lack of nuance, and how it 
compares to the perceived value of more elaborate, human-generated input. We expect 
that teachers will favor feedback that is both rapid and personalized, but may view overly 
simplified feedback as less instructive. While direct equivalence between internship con-
texts is not assumed, the design includes descriptive comparisons of cohort characteristics 
and supervision settings. These contextual differences are addressed in the Section 3 to 
support interpretation of the intervention’s effects. 
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3. Methods 
3.1. Sample and Cohort 

This study used a non-equivalent, non-concurrent, exploratory observational cohort 
design comparing written reflections from two cohorts of preservice physics teachers at 
the University of Potsdam, Germany. The analysis is exploratory and descriptive, and be-
tween-cohort differences cannot be interpreted as causal effects of the feedback concept. 
Because the cohorts were embedded in different semesters and structural conditions (e.g., 
COVID-19 disruptions, varying seminar contact time), the comparison provides contex-
tualized descriptive insights rather than a controlled causal evaluation of the feedback 
approach. Written reflections from two cohorts of preservice physics teachers at the Uni-
versity of Potsdam were analyzed: 

• Non-intervention cohort: N = 22 (three semesters from 2017–2018) 
• Intervention cohort: N = 32 (five semesters from 2020–2023) 

The students of both cohorts usually participate in the teaching internship in their 
last year of university-based studies and studied physics and education since at least four 
years. The internship lasted 14 weeks in both groups and was accompanied by seminar 
sessions before, during, and after the school placement. While structural similarities ex-
isted between the groups, context factors such as COVID-19 and less seminar contact time 
in the intervention cohort limit direct comparability. Furthermore, students in the non-
intervention group wrote six written reflections during the internship, while students in 
the intervention cohort wrote only three reflections each, which limits longitudinal com-
parability because stability effects may partly result from fewer measurement occasions 
rather than genuine differences in reflective development. 

No systematic demographic or background data (e.g., age, gender, prior teaching ex-
perience, digital skills, initial writing competence) were collected for the cohorts. There-
fore, baseline comparability between cohorts cannot be established. The cohort compari-
son must consequently be interpreted as descriptive and exploratory rather than inferen-
tial. No additional background, demographic, or competence-related data exist beyond 
the written reflections and acceptance survey responses reported in this study. Conse-
quently, it is impossible to reconstruct baseline equivalence retrospectively, and no fur-
ther descriptive characterization of the cohorts can be provided. 

3.2. Intervention 

As an intervention the feedback concept “ReFeed” was implemented in a teaching 
internship at the University of Potsdam, whereby feedback was given on written reflec-
tions of the preservice physics teachers (Mientus et al., 2021). The intervention was con-
ceptually grounded in the feedback model of Hattie and Timperley (2007) to structure 
feedback on the elements and content of preservice teachers’ written reflections. In the 
preliminary seminar, the teachers received instructions on the reflection-supporting 
model of Nowak et al. (2019) to clarify how to reflect in a structured way (Feed Up). Dur-
ing the teaching practice, teachers submit written reflections on situations from their les-
sons three times. After each submission, teachers receive two documents of written feed-
back (see Figure 1). All documents are then stored in a secure drop box and shared be-
tween teachers and lecturers using pseudonyms. Examples of these documents can be 
viewed at the following link: lukasmientus.github.io/refeed/example-feedback.pdf. 
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Figure 1. Feedback Concept including Feed Up, Feed Back and Feed Forward. 

Teachers first receive a computer-generated feedback document (basic feedback) on 
implementing the structural elements of the reflection-supporting model within one day. 
For this, Wulff et al. (2020) trained an ML algorithm (based on BERT) to code the reflection 
elements of Nowak et al. (2019) (i.e., Circumstances, Descriptions, Evaluations, Alterna-
tives, Consequences) in written reflections sentence-wise. Using this automated classifica-
tion the basic feedback includes percentages, indicating to what extent each discourse el-
ement of the reflection-supporting model the teachers formulated in their written reflec-
tion (Feed Back). Furthermore, the computer-based algorithm provides specific sugges-
tions, i.e., to focus more intensely on alternatives or consequences for further reflection 
(Feed Forward). This scalable and cost-effective computer-based feedback may support 
teachers to learn how to implement the reflection-supporting model of Nowak et al. 
(2019). Thus, it offers a potentially valuable resource for engaging in higher-order reflec-
tion processes. 

Beyond basic feedback, lecturers provide significant support to teachers by giving a 
second feedback document (elaborate feedback) that addressed the substance of their re-
flections in a short time (after 14 days at the latest). Considering the structural analysis of 
the computer-based learning algorithm, lecturers identify critical discourses of teachers’ 
pedagogical reasoning in the written reflection. In the elaborate feedback, occasions for 
reflection are singled out based on a normative concept (e.g., basics of teaching quality, 
scientific experimentation cycle, learning goal orientation, or reference to teacher ideas) 
(Feed Back). This framework encourages teachers to deepen their reflection process in 
terms of content, for example, by questioning the extent to which a selected focus of an 
experimental situation is conducive to the learning objective (Feed Forward). For this elab-
orate feedback a simple guideline of keywords and the individual basic feedback was 
used by the lecturers who have teaching expertise of more than three years. 

The pedagogical approach aims to employ learning-effective, cost-efficient, and reli-
able feedback under authentic internship conditions. With our feedback concept we aimed 
to provide structured support for reflective writing during the internship. This explorative 
study compares the development with our concept and a second cohort that was not ac-
companied by the intervention. 
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3.3. Instruments 

3.3.1. Validity and Transferability of the BERT-Based Classification Model 

Wulff et al. (2020) investigated the use of machine learning (ML) in conjunction with 
natural language processing (NLP) to enable analytic, formative assessment of written re-
flections by physics (domain experts) and non-physics (domain novices) preservice teach-
ers on a standardized teaching vignette (free fall physics lesson). They reused a pretrained 
BERT-based language model originally trained on physics preservice teacher data to clas-
sify sentence segments into reflection-supporting model categories (Circumstances, De-
scription, Evaluation, Alternatives, Consequences) and compared performance before 
and after fine-tuning with non-physics context data. Their pretrained model (ML-base) 
applied to the non-physics test data achieved a macro F1 score of 0.52 and weighted F1 of 
0.67 with Cohen’s κ ≈ 0.53–0.59; after further fine-tuning (ML-finetuned), performance im-
proved to a macro F1 of 0.58 and weighted F1 of 0.74 with Cohen’s κ ≈ 0.63–0.64, indicating 
substantial human–machine agreement for filtering higher-level reasoning elements. Us-
ing the fine-tuned model to extract higher-level reasoning sentences, Wulff et al. (2020) 
applied BERT embeddings to identify qualitatively interpretable topics that differentiated 
physics-specific versus general content and found that longer texts included more phys-
ics-specific clusters, with topic distributions and coherence metrics reflecting expert-like 
writing. Further, human–machine agreement on text quality indicators (e.g., topic pres-
ence, text length) ranged from fair to poor depending on raters’ familiarity, underscoring 
challenges in manual evaluation relative to ML-based measures. 

Empirical work has demonstrated that transformer-based language models such as 
BERT can be employed as robust analytic instruments for reflective writing when 
grounded in a stable theoretical framework and applied to a consistent text genre. Sorge 
et al. (2025) evaluated the transferability and diagnostic validity of the BERT-based clas-
sifier of Wulff et al. (2021). Trained in the original context (Context A) and applied to an 
independent context (Context B) without additional fine-tuning, the model achieved sub-
stantial agreement with human coding (weighted F1 = 0.72). When training data from both 
contexts were combined, performance increased to a weighted F1 of 0.77, indicating that 
contextual fine-tuning yields incremental improvements but is not required for valid ap-
plication. The reliability of the human gold standard was high in both contexts (Cohen’s 
κ > 0.73 in Context A; κ > 0.95 in Context B), providing a strong benchmark for model 
evaluation. Beyond sentence-level classification accuracy, the model was successfully 
used to aggregate discourse proportions and trace longitudinal shifts in reflection struc-
ture, revealing measurable changes from descriptive to evaluative components across 
multiple writing tasks. 

All analytic instruments used in this study have been validated and documented ex-
tensively in prior publications, which include implementation details, performance 
benchmarks, and methodological transparency; therefore, no additional technical docu-
mentation is reproduced here. 

Together with prior validation results (Wulff et al., 2022), these findings support the 
use of a once-fine-tuned BERT model as a transferable measurement instrument for ana-
lyzing structural features of reflective writing. Accordingly, in the present study the clas-
sifier was employed as a validated analytic tool rather than a model under development, 
and no additional performance metrics (e.g., F1-scores) were computed for the current 
dataset (Wulff et al., 2022; Sorge et al., 2025). 

3.3.2. Analyzing Written Reflections (RQ1) 

Building on these architectural affordances, the classification algorithm of Wulff et 
al. (2022) assigns each sentence of a written reflection to one of the discourse elements of 
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the reflection-supporting framework (Nowak et al., 2019) on a sentence-by-sentence basis. 
In doing so, the model operationalizes reflective reasoning as a distribution of theoreti-
cally defined discourse elements rather than as a semantic interpretation of individual 
teaching situations. This allows complex reflection processes to be represented in a struc-
tured and comparable form across texts and cohorts. 

Assuming a theoretically motivated target distribution of discourse elements in a 
written reflection of high quality (Mientus et al., 2023a), the text starting with 35% Cir-
cumstances and Descriptions, following by 35% Evaluations and ends with 15% Alterna-
tives and 15% Consequences. Standardizing this distribution on the text length of a writ-
ten reflection, Mientus et al. (2023a) validated an automated quality indicator (Level of 
Structure). The Level or Structure (LOS) is computed analogously to a Cohen’s κ Coeffi-
cient of agreement between each written reflection and the assumed standard distribution. 
Logically, the LOS can take values from −1 (maximally reversed order), through 0 (maxi-
mal disorder), up to 1 (perfect order and distribution). Typically, LOS values range from 
−0.1 to 0.7 (Mientus et al., 2023b). This indicator allows quality estimation independent of 
text length, which is a common proxy for quality in written reflections (Chodorow & 
Burstein, 2004; Leonhard & Rihm, 2011). 

In summary, for each written reflection the following data were available for analysis: 
(1) text length, (2) absolute proportions of discourse elements according to Nowak et al. 
(2019), (3) relative proportions of descriptive (Circumstances and Descriptions) and dis-
cursive (Evaluations, Alternatives, and Consequences) elements, and (4) the Level of 
Structure as a structural quality indicator (Mientus et al., 2023a). Effect sizes were reported 
as rank-biserial correlations (r₍rb₎) for Wilcoxon rank-sum tests and as marginal and con-
ditional R2 for mixed-effects models. 

3.3.3. Feedback Acceptance Survey (RQ2) 

Alongside implementing the feedback in the intervention cohort, a validated ac-
ceptance survey was administered after each of the two feedback phases. The instrument 
comprised Likert-scaled items across five dimensions (see Wulff et al. (2021); items avail-
able under lukasmientus.github.io/refeed/acceptance-survey.pdf): (1) Effectiveness (per-
ceived impact on improvement), (2) Usefulness (stimulation of reflective thinking), (3) 
Personalization (individual relevance to one’s reflection), (4) Subjective Accuracy (per-
ceived correctness of the feedback), and (5) Values (importance attributed to reflection and 
reflective writing after receiving feedback). The acceptance instrument comprised four 
primary Likert-type scales (1 = “strongly disagree” to 4 = “strongly agree”), each measured 
with 2–4 items such as the example item for Effectiveness (“The feedback helped me better 
understand how to structure my reflection”). The internal consistency of these scales can 
be reported using Cronbach’s α with values indicating acceptable reliability for Effective-
ness (α = 0.73), Usefulness (α = 0.85), and Subjective Accuracy (α = 0.82), while the Person-
alization scale showed lower reliability (α = 0.55), consistent with its narrower item set. 

4. Results 
4.1. Development of Written Reflections in Comparison (RQ1) 

4.1.1. Distributional Properties and Initial Group Differences 

Analogous to the comparison of both cohorts in terms of internship structure, this 
section compares both cohorts with respect to (1) text length, (2) discourse elements, and 
(3) Level of Structure (LOS) as a quality indicator. For the between-cohort comparison, 
analyses were conducted at the participant level to account for the nested data structure 
(multiple reflections per preservice teacher). Specifically, one aggregate value per partici-
pant was computed by taking the median across all available reflections. Accordingly, the 
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comparison is based on N = 22 preservice teachers in the business-as-usual cohort and N 
= 32 preservice teachers in the intervention cohort. 

Shapiro–Wilk tests indicated significant deviations from normality for sentence 
counts in both cohorts (participant-level medians; business-as-usual: W < 0.95, p < 0.05; 
intervention: W < 0.95, p < 0.05). Accordingly, all between-cohort comparisons were 
treated as non-parametric, and results are reported using medians and interquartile 
ranges (IQRs) rather than means and standard deviations. Table 1 presents descriptive 
statistics based on participant-level medians (one value per preservice teacher). On the 
participant level, sentence counts showed no meaningful differences between cohorts 
(medianintervention = 44.25; mediannon-intervention = 34.25; p = 0.411), indicating comparable over-
all text length. 

Table 1. Comparison of reflection characteristics for both cohorts based on participant-level medi-
ans (one value per preservice teacher). Note. Values represent medians aggregated per participant 
(median across all reflections per preservice teacher) *. 

Cohort Non-Intervention (N = 22) Intervention (N = 32) MWU-Test 
(Participant-Level Aggregates) 

Variable Median iqr Median iqr U p R(rb) 
Sentences 36 27 44 29 423.5 0.411 0.13 

Circumstances (in %) 33 14 22 12 105.0 6.641 −0.72 
Descriptions (in %) 34 14 40 12 565.0 0.001 0.51 

All descriptive elements in sum 67 15 63 12 248.0 0.035 −0.34 
Evaluations (in %) 21 10 24 12 485.0 0.064 0.30 
Alternatives (in %) 6 8 7 6 439.5 0.275 0.18 

Consequences (in %) 4 3 6 45 533.5 0.008 0.43 
All discursive elements in sum 33 15 38 12 500.0 0.035 0.34 

* Note. All variables were aggregated at the participant level by computing the median across all 
available reflections per preservice teacher. Between-cohort comparisons were conducted on these 
participant-level aggregates to account for the nested structure of the data (multiple reflections per 
participant). Effect sizes are reported as rank-biserial correlations (r₍rb₎). 

Regarding discourse composition, clear distributional differences emerged between 
cohorts. The proportion of Circumstances was substantially higher in the business-as-
usual cohort, whereas the intervention cohort showed higher proportions of Descriptions, 
Evaluations, and Consequences. Differences in Alternatives were not statistically mean-
ingful. When discourse elements were aggregated, the intervention cohort exhibited a 
lower proportion of descriptive elements (Circumstances + Descriptions) and a corre-
spondingly higher proportion of discursive elements (Evaluations + Alternatives + Con-
sequences). These patterns reflect a structural shift in reflective focus rather than differ-
ences in text length. 

Between-cohort comparisons were conducted using Wilcoxon rank-sum tests on par-
ticipant-level aggregates; effect sizes are reported as rank-biserial correlations (r₍rb₎). Me-
dium to large effects were observed for several indicators. In particular, strong differences 
emerged for Circumstances (r₍rb₎ = − 0.72) and Descriptions (r₍rb₎ = 0.51), as well as for the 
Level of Structure (LOS; r₍rb₎ = 0.45). Differences for Consequences (absolute and relative) 
were of medium magnitude, whereas effects for Evaluations were small to medium. Dif-
ferences in Alternatives and sentence count were negligible. At the participant level, re-
flections associated with the intervention cohort showed a different structural profile, 
characterized by a lower emphasis on contextual framing and a higher emphasis on de-
scriptive, evaluative, and consequential elements, accompanied by higher LOS values. 
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4.1.2. Longitudinal Development Across the Internship 

Text length did not change significantly across measurement points in either cohort. 
In the business-as-usual cohort, median sentence counts showed a gradual decrease across 
reflections, whereas in the intervention cohort median text length remained relatively sta-
ble across the three submissions. However, given the unequal number of reflection occa-
sions (six vs. three), longitudinal comparisons between cohorts are structurally con-
strained. Figure 2 illustrates the distribution of descriptive and discursive elements across 
reflection occasions. Across the first three reflection occasions, participant-level median 
proportions indicate that the business-as-usual cohort consistently exhibited a higher pro-
portion of descriptive elements, whereas the intervention cohort showed a comparatively 
higher share of discursive elements from the outset. These patterns were also reflected in 
the Level of Structure (LOS) indicator. Median LOS values were consistently higher in the 
intervention cohort at all comparable measurement points. In both cohorts, LOS values 
declined over time. This decline was descriptively observable but did not eliminate the 
between-cohort difference present at the first reflection. Taken together, longitudinal pat-
terns indicate descriptively observable between-cohort differences in reflection structure 
across comparable measurement points, without allowing conclusions about stability, 
growth, or intervention effects. No statistically significant within-cohort changes were ob-
served for text length, discourse composition, or LOS. All longitudinal trends should 
therefore be interpreted descriptively. 

 

Figure 2. elative distributions of descriptive and discursive elements across reflection occasions for 
both cohorts. 

The development of the Level of Structure over time did not change significantly in 
either cohort. To account for repeated measures, mixed-effects models were estimated 
separately for each cohort. Model fit was quantified using marginal and conditional R2 
values. In the intervention cohort, fixed effects explained approximately 27% of the vari-
ance in LOS (marginal R2 = 0.27), while the full model including random effects explained 
64% (conditional R2 = 0.64). In the business-as-usual cohort, corresponding values were 
marginal R2 = 0.25 and conditional R2 = 0.48. Across both cohorts, a substantial proportion 
of variance was attributable to between-individual differences, indicating heterogeneous 
reflection trajectories. Figure 3 illustrates descriptive changes in LOS across reflection oc-
casions. In both cohorts, LOS values showed a downward trend over time; however, the 
intervention cohort maintained higher LOS values across all comparable measurement 
points. 
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Figure 3. Development of the Level of Structure (LOS) across reflection occasions in both cohorts. 
(Reflection texts—RT-1 … RT-6). 

4.1.3. Cluster-Based Analysis of Structural Quality 

To account for heterogeneity in baseline reflection structure, reflections were 
grouped using baseline LOS values. This analysis is included as a methodological illus-
tration rather than as a substantive result. Clustering solutions differed by cohort and 
yielded uneven cluster sizes, particularly in the intervention cohort, where one cluster 
comprised only three participants. Mixed-effects models fitted separately for each cohort 
indicated descriptive differences in LOS levels between clusters. However, these patterns 
are highly sensitive to small and uneven cluster sizes. In both cohorts, the highest-LOS 
clusters exhibited declines over time, whereas lower-LOS clusters showed smaller 
changes or slight increases. Taken together, the cluster-based illustrations highlight het-
erogeneous and highly case-sensitive trajectories in LOS, may be driven by declines in 
initially high-LOS clusters and comparatively stable or slightly increasing trends in lower-
LOS clusters. Given the exploratory design, non-equivalent cohorts, and small cluster 
sizes, these findings are descriptive and should be interpreted with substantial caution. 
The illustration in Figure 4 shows the LOS per person (thin lines) and the clusters, repre-
sented by the mean (thick line) and standard deviation range (colored area). 

 

Figure 4. Cluster-based development of the Level of Structure (LOS) in both cohorts. 
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4.2. Feedback Acceptance (RQ2) 

An acceptance survey assessed how preservice physics teachers evaluate the basic 
and elaborate feedback in the intervention cohort. Preservice physics teachers’ percep-
tions of the two feedbacks are illustrated in Figure 5. In boxplots, the statistical values 
from the acceptance survey become obvious. The diagram is based on data from five se-
mesters from October 2020 to March 2023. The value attributed to reflective writing is 
emphasized irrespective of which feedback was provided previously (Wilcoxon rank-sum 
test: W = 445, p = 0.130). Additionally, preservice physics teachers rate the subjective accu-
racy of both types of feedback comparably high (W = 334, p = 0.004). However, structural 
feedback receives notably more negative ratings in terms of effectiveness (W = 120, p < 
0.001), usefulness (W = 117, p < 0.001), and personalization (W = 710, p < 0.001). Elaborate 
(human-generated) feedback received significantly higher ratings for effectiveness, use-
fulness, and personalization compared to basic (AI-generated) feedback, according to Wil-
coxon rank-sum tests. 

 

Figure 5. Acceptance of basic and elaborate feedback in the intervention cohort.2 

5. Discussion, Limitations, and Conclusions 
5.1. Discussion of Results 

This study investigated the integration of early AI-supported feedback for preservice 
physics teachers on reflective writing during teaching internships. Participant-level anal-
yses revealed systematic differences in the structural composition of reflective writing be-
tween cohorts. Median reflection profiles of preservice teachers in the intervention cohort 
were characterized by lower proportions of contextual Circumstances and higher propor-
tions of Descriptions, Evaluations, and Consequences, accompanied by higher values on 
the Level of Structure (LOS). These findings are consistent with theoretical assumptions 
that structured feedback is associated with shifts in reflective focus toward discursive rea-
soning elements (e.g., Thammasitboon et al., 2018). Importantly, these participant-level 
differences emerged independently of median text length per preservice teacher, suggest-
ing qualitative rather than quantitative variation in reflective writing. Across both cohorts, 
no systematic longitudinal increase in reflective quality was observed. Instead, reflection 
indicators showed stable or declining trajectories over time, irrespective of feedback con-
dition. Nevertheless, across comparable measurement points, participant-level median 
LOS values were descriptively higher in the intervention cohort. These differences were 
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present from the first reflection onward and remained descriptively stable throughout the 
internship. Given the non-equivalent, non-concurrent cohort design, these findings must 
be interpreted as descriptive associations rather than effects of the intervention. In partic-
ular, it cannot be determined whether the observed differences reflect the feedback ap-
proach itself, cohort-specific characteristics, or contextual conditions of the respective in-
ternship phases. 

At the same time, the pattern of results were associated a structural shift in reflective 
focus rather than linear developmental growth. The intervention cohort’s reflections 
showed less emphasis on situational framing and more emphasis on evaluative and con-
sequential reasoning, which aligns with conceptualizations of higher-order reflective writ-
ing (Wyss, 2018; von Aufschnaiter et al., 2019). Notably, no corresponding increase was 
observed for Alternatives, indicating that reflective depth was expressed primarily 
through evaluation and consequence-building rather than through the generation of mul-
tiple action options. Cluster-based analyses further indicated heterogeneous reflection tra-
jectories within both cohorts. In particular, participants with initially high LOS values 
tended to show declining trajectories, whereas lower-LOS clusters exhibited compara-
tively stable or slightly increasing patterns. Given small and uneven cluster sizes, these 
findings are illustrative and highlight individual variability rather than systematic inter-
vention effects. 

This interpretation is consistent with recent findings by Sorge et al. (2025), who 
showed that ML-based structural feedback primarily supports diagnostic transparency 
and reflective orientation rather than linear growth in reflection quality. From this per-
spective, the present findings suggest that early AI-supported feedback may be associated 
with structurally different reflection profiles without necessarily fostering progressive de-
velopment during practice-intensive phases. 

The developmental patterns observed in the present study differ from findings re-
ported by Sorge et al. (2025), who investigated AI-supported feedback in a seminar-based 
university course. In their study, repeated reflective writing combined with automated 
structural feedback was associated with a gradual shift from descriptive toward more 
evaluative reflection components. In contrast, the present results show no clear longitudi-
nal increase in reflective quality as measured by the Level of Structure (LOS). Instead, 
between-cohort differences remained descriptively stable over time. 

A central explanation for this divergence lies in the different instructional contexts. 
Sorge et al. (2025) implemented their intervention in a seminar setting explicitly designed 
to support reflective writing, using video-based cases and repeated low-stakes writing 
tasks. By contrast, both cohorts in the present study produced their reflections during ex-
tended school-based practice phases. Reflective writing in internships is embedded in de-
manding professional situations characterized by time pressure, emotional involvement, 
and competing instructional responsibilities, which have been shown to constrain reflec-
tive elaboration (Voss & Kunter, 2020; Wyss, 2013). Under such conditions, reflection writ-
ing may be shaped more stongly by situational demands than by feedback intensity. 

Accordingly, the present findings indicate that differences in reflection structure ob-
served between cohorts cannot be straightforwardly interpreted as developmental effects. 
Rather, they point to context-dependent patterns of reflective engagement that may be 
shaped by instructional design, feedback framing, and internship conditions. 

Preservice teachers consistently valued the reflective writing task. Yet, their evalua-
tions revealed clear differences between types of feedback. Elaborate, human-generated 
feedback was rated as more effective, useful, and personalized. In contrast, computer-
generated structural feedback, although immediate, was often perceived as impersonal 
and lacking depth. This discrepancy highlights a central tension between scalability and 
perceived pedagogical value in early AI-supported feedback systems. While generative 
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AI offers greater potential to address these issues, the present study provides an empirical 
baseline against which later developments can be evaluated. 

5.2. Limitations 

Several limitations must be considered. First, the exclusive reliance on written reflec-
tions captures only part of reflective competence. Internship phases often involve high 
professional demands, which may interfere with sustained reflective engagement (Bönke 
et al., 2024). Thus, declines in reflection quality may reflect contextual overload rather than 
shortcomings of the feedback approach. 

Second, the non-equivalent and non-concurrent cohort design constitutes a major 
limitation. The two cohorts were embedded in different institutional, temporal, and soci-
etal contexts (2017–2018 vs. 2020–2023), including substantial disruptions related to the 
COVID-19 pandemic. These contextual differences may have affected supervision inten-
sity, teaching opportunities, workload, and reflective engagement. No systematic demo-
graphic or background data (e.g., age, gender, prior teaching experience, digital skills, or 
initial writing competence) were collected for either cohort. As a result, baseline equiva-
lence between cohorts cannot be established, and all observed differences must be inter-
preted as descriptive associations rather than effects of the feedback intervention. Moreo-
ver, longitudinal comparability is structurally constrained by the different numbers of re-
flection tasks across cohorts (three vs. six). Apparent stability or decline effects may there-
fore partly reflect measurement design rather than genuine developmental trajectories. 

A further limitation concerns the involvement of study authors as lecturers in both 
cohorts. Although comparable instructional intentions guided supervision, lecturer in-
volvement may have influenced students’ engagement with reflective writing or their per-
ceptions of feedback. 

Finally, reflection quality was operationalized primarily through structural and dis-
tributional features of written reflections. While prior validation studies support the ana-
lytic use of the BERT-based model for this purpose, such indicators necessarily un-
derrepresent content relevance, personal meaning, and pedagogical nuance (Jay & John-
son, 2002). Accordingly, the measures used capture structural aspects of reflective reason-
ing rather than holistic reflective competence. 

5.3. Conclusions and Perspectives 

This exploratory study does not provide evidence for the effectiveness of AI-sup-
ported feedback but illustrates how early AI-based tools can be used to descriptively an-
alyze structural features of reflective writing under authentic internship conditions. Alt-
hough the intervention cohort produced reflections with a higher proportion of discursive 
elements, no systematic within-cohort development was observed over time. This sug-
gests that structured prompting may be associated with differences in reflective focus and 
organization without necessarily fostering cumulative growth during internship phases. 
Rather than indicating developmental effects, the findings point to context-dependent re-
flection patterns shaped by instructional framing, feedback design, and internship de-
mands. 

Cluster-based analyses further suggested heterogeneous individual trajectories, with 
declines among initially high-LOS writers and comparatively stable patterns among 
lower-LOS writers. These patterns underline the importance of accounting for individual 
variability when interpreting reflective development. Taken together, the present findings 
do not support claims about the effectiveness of AI-supported feedback in accelerating 
reflective development. Instead, they highlight the descriptive value of AI-based ap-
proaches for identifying structural patterns in reflective writing under authentic intern-
ship conditions. 
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Preservice teachers preferred feedback that was timely, elaborate, and personalized. 
While automated feedback ensured immediacy, its structural focus limited perceived use-
fulness. This finding underscores a persistent tension between scalability and pedagogical 
richness in automated feedback systems. Future feedback systems, particularly those 
based on generative AI, may better address this tension between scalability and personal-
ization. 

In summary, this study positions early, non-generative AI-based feedback as a scal-
able diagnostic tool for analyzing reflective writing rather than as an intervention that 
demonstrably improves reflective competence. Its contribution lies in enabling theory-
based structural diagnostics and in establishing an empirical baseline against which con-
temporary generative AI feedback systems in teacher education can be evaluated. 

Author Contributions: Conceptualization, L.M., P.W., A.N., & A.B.; methodology, L.M.; software, 
L.M.; validation, L.M., P.W., & A.N.; formal analysis, L.M.; investigation, L.M., P.W., A.N., & A.B.; 
resources, A.B.; data curation, L.M., P.W., & A.N.; writing—original draft preparation, L.M.; writ-
ing—review and editing, L.M., P.W., A.N., & A.B.; visualization, L.M.; supervision, A.B.; project 
administration, A.B.; funding acquisition, A.B. All authors have read and agreed to the published 
version of the manuscript. 

Funding: This research was funded by German Federal Ministry of Education and Research (BMBF) 
grant numbers 01JA1816 and 01JA23M05A. The APC was funded by the University of Potsdam. 

Institutional Review Board Statement: All procedures performed in studies involving human par-
ticipants or on human tissue were in accordance with the ethical standards of the institutional 
and/or national research committee and with the 1975 Helsinki declaration and its later amendments 
or comparable ethical standards. Informed consent was obtained from all individual participants 
included in the study. Based on a recommendation by the Institutional Review Board, ethical review 
and approval were waived for this study due to the strict non-collection of detailed personal data. 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the 
study. 

Data Availability Statement: For data availability please contact the first author. 

Conflicts of Interest: The authors declare no conflict of interest. 

Notes 
1. ALACT: (1) Action, (2) Looking back on the action, (3) getting Awareness of essential aspects, (4) Creating alternatives methods 

of Action and (5) Starting a new Action with a Trial of alternatives. 
2. Boxes represent the interquartile range (IQR), the central line indicates the median, and whiskers correspond to ±1.5 × IQR; 

outliers beyond this range are displayed as individual points. Sample sizes per time point are provided in Table 1/described in 
Section 3.1. 
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