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Abstract 

This study explores how multilingual 9th-grade students use generative AI as a writing assistant in 
German (L1/L2) and English (FL) writing contexts by focusing on strategy use, cross-linguistic transfer, 
and proficiency-related variation. Drawing on a mixed-methods design that combines qualitative and 
quantitative data, the analysis suggests that generative AI may introduce a new mediating layer in the 
writing process, enabling learners to externalize cognitive subtasks such as planning, drafting, and re-
vising. Five main AI writing strategies were identified, ranging from planning and linguistic optimization 
to metacognitive reflection. Overall, findings indicate patterns consistent with cross-linguistic transfer 
of AI writing strategies in this exploratory sample, highlighting AI’s potential to foster metacognitive 
awareness and cross-linguistic strategy development in multilingual writing. However, proficiency ap-
pears to moderate these patterns: More proficient (Level B2) learners of English as a foreign language 
show greater strategic stability in their AI use, whereas lower-proficiency learners engage with AI in a 
more situational and cautious manner, a pattern that is also reflected in two illustrative learner cases.  

Keywords: AI-assisted writing • cross-linguistic transfer • AI writing strategies • multilingual education 
• language proficiency 
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1 Introduction and objectives 
Writing in school increasingly unfolds at the intersection of cognitive strategy use, multilingual reper-
toires, and emerging AI tools. The advent of generative artificial intelligence (AI)—particularly large 
language models (LLMs) such as GPT-3.5, GPT-4.0, the recently released GPT-5.0, or even GPT-5.2—
has transformed how writing is conceptualized and taught. Learners now access systems that can gen-
erate coherent, context-sensitive text and provide feedback on structure, style, and content, thereby 
challenging established notions of authorship, strategy use, and language learning. This development 
necessitates a rethinking of writing instruction: How can AI be meaningfully embedded without under-
mining autonomy or critical awareness? This question has been discussed in both emerging interna-
tional research on AI-mediated higher-order regulation and evaluative processes in writing (e.g., 
Gonsalves, 2024; Shen & Teng, 2024; Song & Song, 2024) as well as in German-speaking contexts (e.g., 
Fürstenberg & Müller, 2024; Rezat & Schindler, 2025; Steinhoff & Lehnen, 2025). Although research 
has long shown that effective writers plan, draft, and revise strategically (Harris et al., 2010; Lei, 2016; 
Manchón & Roca De Larios, 2007; Raoofi et al., 2017; Roca De Larios et al., 2001), and that such strat-
egies can transfer across languages (Cummins, 1980, 2000; García & Wei, 2015; Herdina & Jessner, 
2002; Odlin, 1989), less is known about how learners mobilize these resources when a generative AI 
assistant is available throughout the writing process. 

The present contribution is part of a project on the transformative impact of generative AI on learner 
writing in secondary education. As the second of three interconnected studies, it shifts from learners’ 
L1/L2 (German) writing to multilingual contexts and examines the potential of AI writing strategies to 
support foreign-language (FL) learning and cross-linguistic transfer. Under authentic classroom condi-
tions in a Grade-9 German Gymnasium (academic track secondary school), learners were introduced 
to AI as a writing assistant and encouraged to deploy it autonomously and purposefully across plan-
ning, drafting, and revising phases of summary writing in German (L1/L2) and English (FL). Using a 
mixed-methods design, standardized reading assessments (LGVT 5-12+; Cambridge English B1 Prelim-
inary for Schools) and student–AI chat logs were analyzed to identify patterns of AI writing strategies 
and to examine the extent to which these strategies transfer across languages. 

Building on models of writing, cross-linguistic influence, and metacognition, AI was treated as a poten-
tial scaffold for planning, drafting, and revising—benefits that depend on learners’ critical control of AI 
output. Accordingly, the study addresses three questions: 

1. What observable patterns of AI usage emerge in L1/L2 and FL writing contexts? 
2. To what extent does transfer of AI writing strategies occur across languages? 
3. How does the use of AI writing strategies relate to language proficiency in L1/L2 and FL con-

texts? 

Preliminary findings from the first study within this research project (Kutzner, in press) indicate that 
learners develop emerging AI writing strategies: flexible repertoires that learners use to strategically 
decompose writing tasks and use AI for planning, drafting, or revision support. These strategies appear 
to resemble established writing scaffolds and hold potential for fostering writing development, partic-
ularly in multilingual or foreign language contexts. Comparable observations have also been reported 
in recent international research on AI-supported English as a foreign language (EFL) writing (e.g., Xu et 
al., 2025). Furthermore, findings suggest that interaction with AI may enhance learners’ metalinguistic 
awareness, aligning with principles of the noticing hypothesis (Schmidt, 1990) proposing that noticing 
facilitates language learning by helping learners become aware of gaps between their own output and 
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target-language input. For instance, learners report paying closer attention to lexical and syntactic 
patterns suggested by AI (Kutzner, in press); and this, in turn, appears to affect their linguistic output 
in both their first and foreign language writing. 

By mapping strategy profiles onto language proficiency indicators and quantifying cross-linguistic over-
lap, the present study contributes: (a) an empirically grounded typology of AI-supported writing be-
haviors in school contexts; (b) indications on their transferability between L1/L2 and FL; and (c) impli-
cations for teaching AI-informed, process-oriented writing. The study raises important questions for 
the integration of AI in language teaching, particularly in fostering AI literacy (Allen & Kendeou, 2023; 
Ng et al., 2021) and strategic competence in multilingual learners. It also contributes to understanding 
how artificial interlocutors can scaffold writing in ways that support noticing, transfer, and cross-lin-
guistic development. 

2 Theoretical framework 
This study is primarily grounded in process-oriented writing theory and models of cross-linguistic trans-
fer. Concepts such as noticing and AI literacy serve as complementary perspectives to contextualize 
AI-mediated strategy use. Writing is widely conceptualized as a complex cognitive activity involving 
planning, text production, and revision (Hayes, 2012; Hayes & Flower, 1980). Skilled writers employ 
flexible writing strategies that enable them to manage cognitive load and maintain coherence. Re-
search in writing pedagogy demonstrates that explicit instruction in such strategies significantly im-
proves writing quality and self-regulation (Harris et al., 2010; Harris et al., 2011). Writing strategies 
support the writing process across its various phases (Hayes, 2012; Hayes & Flower, 1980), helping 
writers to plan, compose, and revise their texts more effectively. 

Research on cross-linguistic influence and metacognition provides a comprehensive framework for un-
derstanding how linguistic and cognitive processes interact in multilingual learners. Cummins’s (1980, 
2000) common underlying proficiency (CUP) model assumes that bilingual individuals draw on a shared 
reservoir of cognitive and linguistic abilities, enabling knowledge and skill transfer across languages 
(see also Swain & Lapkin, 1995) once a sufficient proficiency threshold is reached (threshold hypothe-
sis: Cummins, 1976). Complementing this view, Odlin (1989) distinguishes between positive (facilita-
tive) and negative (interfering) transfer effects arising from similarities and discrepancies between lan-
guages. Later models such as Herdina and Jessner’s (2002) dynamic model of multilingualism (DMM) 
and García and Wei’s (2015) concept of translanguaging reconceptualize multilingual competence as 
an adaptive and fluid system in which learners flexibly draw on their full linguistic repertoire to con-
struct meaning. Within this dynamic perspective, writing in multilingual contexts activates an inte-
grated set of linguistic and metacognitive resources. Strategic skills developed in one language—par-
ticularly those related to planning, organization, and revision—can thus transfer to others. This process 
is mediated by metalinguistic awareness (Jessner, 2006) and noticing (Schmidt, 1990) that enable 
learners to consciously monitor linguistic form, compare output with target input, and refine their 
writing across languages. Schmidt’s (1990) noticing hypothesis provides a key theoretical link between 
awareness and learning: Language acquisition occurs when learners notice the gap between their out-
put and target-language input. In writing, this noticing can be facilitated through comparison, reflec-
tion, and feedback. 

Generative AI introduces a new mediating layer in writing processes. Through prompting, learners can 
externalize subtasks such as planning, drafting, and revising (Putri et al., 2025). In doing so, AI reshapes 
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the ecology of writing (Warschauer et al., 2023), and holds potential for fostering strategy develop-
ment and metacognitive reflection. However, these benefits depend on learners’ ability to regulate 
and evaluate AI output critically—a central component of AI literacy (Allen & Kendeou, 2023; Ng et al., 
2021). Although research on AI-assisted writing has increased since the release of ChatGPT 3.5 in late 
2022, significant gaps persist. Most existing studies focus on university students and emphasize the 
advantages of AI such as its support for idea generation, feedback, and language enhancement (Kim 
et al., 2025; Li, 2025; Siregar & Hz, 2025; Werdiningsih et al., 2024). Studies involving school-aged 
learners are fewer, but likewise tend to address isolated stages of the writing process—for example, 
AI-supported feedback rather than holistic writing development (Castro et al., 2025; Chen et al., 2024; 
Kangasharju et al., 2022; Zheldibayeva et al., 2025; or, for German L1 contexts, Fürstenberg, 2025; 
Pitzen, 2025). However, only a few of these studies explore how learners strategically integrate AI 
across the entire writing process; and this holds particularly for elementary and secondary education 
(Alghasab, 2025; Chan & Lee, 2025; or, for German L1 contexts, Bodora et al., 2025). Existing research 
often examines isolated stages such as revision or editing, or raises concerns about potential overreli-
ance on AI without addressing broader, process-oriented strategies (Putri et al., 2025). Yet, such prac-
tices may foster noticing and strategic flexibility, especially among multilingual learners who navigate 
between linguistic systems. This study therefore seeks to advance the understanding of how these 
strategies are applied and potentially transferred across L1/L2 and FL contexts. Because empirical re-
search in this area is still limited, the study adopts an exploratory design aimed at identifying recurring 
patterns. 

3 Context and study design 
The study was conducted at a public German Gymnasium (academic track secondary school) in the 
state of North Rhine-Westphalia during the 2024/25 school year with 20 ninth-grade students (aged 
14–15). German was the primary language (L1) for most learners, although 13 students reported bilin-
gual backgrounds (e.g., Turkish, Russian, Arabic). English was taught as a compulsory foreign language 
(FL) from Grade 2 onward, and, as stipulated by the Ministry of School and Education (Ministerium für 
Schule und Bildung, 2019), students in Grade 9 at German Gymnasien (G9 track) are expected to 
achieve at least level B1 of the Common European Framework of Reference for Languages (CEFR). All 
students had access to personal laptops provided by the school. Although they were familiar with dig-
ital learning tools, the integration of generative AI into the writing process was a rather novel experi-
ence, at least in classroom contexts. Written consent was obtained from students and parents. 

The research followed a comparative, cross-linguistic, mixed-methods design with one assessment 
each in German (L1/L2) and English (FL) conducted under authentic classroom conditions. Following 
an introduction to AI’s potential as a writing assistant in the writing process, learners were encouraged 
to use AI autonomously and purposefully throughout the writing process. This design allowed learners 
to build individual scaffolds to support their planning, composing, and revising activities. Each assess-
ment included a standardized reading test, an AI-supported writing task, and a survey on learners’ 
experiences and attitudes. The entire assessment was conducted over the course of three consecutive 
days. 

Reading proficiency served as a cognitive indicator of language proficiency and was measured using 
the LGVT 5-12+ (Schneider et al., 2017) for German (L1/L2)—assessing reading comprehension, speed, 
and accuracy—and the Cambridge English (2018) B1 Preliminary for Schools reading test for English 
(FL). Reading proficiency was selected as an indicator of broader language competence, because AI-



Empirical Research Article 

 

 
Didaktik Deutsch. Special Issue (2026). S. 123–157. DOI: 10.21248/dideu.971. 

127 

assisted writing requires learners to read, interpret, and evaluate AI-generated output. Reading 
comprehension integrates decoding, vocabulary knowledge, and higher-order inferencing processes 
that overlap with cognitive demands of writing. Writing competence, by contrast, is difficult to opera-
tionalize independently of surface-level accuracy in small exploratory samples. The Cambridge Reading 
component was chosen for English due to its CEFR alignment and its separate assessment of reading, 
ensuring construct clarity and cross-linguistic comparability with the LGVT. 

Following the reading component, learners completed a summary-writing task based on a short story 
(USE 2030 by Bob Blume, 2025, 1,328 words, for German; The Text by Brendan Dunne, 2012, 894 
words, for English). Students wrote a summary (in German, an Inhaltsangabe)—that is, the English and 
German realizations of the same genre-specific text pattern. In line with current pedagogical practice 
in Germany, EFL instruction follows a task-supported language learning (TSLL) approach. Unlike fully 
task-based approaches, TSLL embeds communicative tasks within a syllabus that focuses on particular 
topics or linguistic structures (Müller-Hartmann & Schocker-von Ditfurth, 2011, p. 24). Within this 
framework, tasks serve as additional pedagogic methods that can be utilized to achieve various curric-
ular goals such as developing intercultural, literary, and communicative competencies (Summer, 2012, 
p. 10). Similarly, writing instruction in German (L1/L2) education promotes profilierte Schreibaufgaben 
([authentic and contextually embedded writing tasks]; Bachmann & Becker-Mrotzek, 2010) that situ-
ate writing within authentic, functional, communicative, and social contexts to enhance motivation 
and writing quality. In both the German and English assessments, the task design and accompanying 
instructions were aligned with these pedagogical principles, ensuring that the writing tasks were au-
thentic, purpose-oriented, and communicatively meaningful (in accordance with Breen, 1985, pp. 61–
69; Ellis, 2009, p. 6; Guariento & Morley, 2001, pp. 349–351). In both contexts, the summary task was 
embedded in a simulated classroom conference scenario in which students should present a short 
story to their peers. The summary (in German, an Inhaltsangabe) thus functioned not merely as a self-
directed writing exercise but as an audience-oriented informational text intended to inform and en-
gage classmates who had not read the story. This framing situates the writing task within a socially and 
communicatively meaningful classroom practice. Learners were encouraged to use GPT-4o via the 
GDPR-compliant educational platform fobizz.com to assist in planning, drafting, and revising their 
texts. All interactions were automatically logged. 

The dataset includes 40 AI chat logs (20 for German and 20 for English), the corresponding student 
texts, as well as reading test results. All AI prompts were successfully categorized into the identified AI 
writing strategies; no prompt fell outside the analytical framework. Quantitative data were analyzed 
using Excel and JASP for descriptive and correlational statistics, whereas qualitative data were analyzed 
in MAXQDA using qualitative content analysis (Kuckartz & Rädiker, 2023). The analysis focuses on the 
relationship between reading performance and prompt-based strategy use in AI-assisted writing. 

4 Methods and data analysis 
The study was designed as an exploratory mixed-methods investigation combining quantitative and 
qualitative analyses to examine the relationship between reading proficiency and AI-assisted writing 
behavior. The study employed standardized reading tests LGVT 5-12+ (Schneider et al., 2017) for Ger-
man (L1/L2) and Cambridge English (2018) B1 Preliminary for Schools Reading Test for English (FL) 
alongside qualitative content analysis (Kuckartz & Rädiker, 2023) using MAXQDA in order to examine 
the relationship between patterns of AI strategy use and linguistic competence using reading profi-
ciency as an indicator. All quantitative results are strictly descriptive and serve exploratory pattern 
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identification rather than inferential validation. Given the small sample size, statistical precision should 
not be overinterpreted. 

The LGVT reading test was scored according to the normative tables for Grade 9 Gymnasium (academic 
track secondary school). Raw scores were adjusted using the test-specific timing correction factor; cor-
responding percentile ranks were determined and subsequently converted into standardized T scores. 
Although percentile ranks represent an individual’s relative standing within the normative sample, 
they are nonlinear and compress differences at the distributional extremes. In contrast, T scores (M = 
50, SD = 10) are based on the normal distribution, allowing for meaningful statistical operations, cross-
test comparability, and precise interpretation of distance from the mean. According to the LGVT man-
ual, values below 30 indicate very low performance (PR 0–2.3); 30–39, below average (PR 2.3–15.9); 
40–49, lower average range (PR 15.9–50); 50–59, upper average range (PR 50–84.1); 60–69, above 
average (PR 84.1–97.7); and 70–76, very high performance (PR 97.7–100). 

The Preliminary raw results were converted into Cambridge English Scale Scores, enabling direct com-
parability across test versions. According to the Cambridge English Scale (2025), scores of 160–170 
correspond to Grade A (CEFR level B2); 153–159, to Grade B (B1); 140–152, to Grade C (B1); and 120–
139, to Fail (A2 level). 

Table 1 presents the descriptive statistics (mean, median, standard deviation, range, minimum, and 
maximum) for the three LGVT subtests—reading comprehension (RC), reading speed (RS), and reading 
accuracy (RA)—alongside the Cambridge English Scale Score. 

Table 1 

Descriptive Statistics for LGVT and Cambridge English Scale Score 

 

As shown in Table 2, all LGVT subtests (reading comprehension, reading speed, and reading accuracy) 
and the Cambridge English Scale Score are significantly intercorrelated, indicating that they assess 
closely related dimensions of reading competence. This pattern suggests that the tests capture over-
lapping cognitive processes involved in higher-level reading such as text comprehension, inference 
generation, and the integration of information across sentences. The strong associations between 
comprehension, speed, and accuracy imply that efficient decoding and fluent word recognition sup-
port overall understanding, whereas comprehension performance in turn reflects the successful 

 Reading comprehen-
sion (RC) 

(Leseverständnis (LV))
 T score 

Reading speed (RS) 
(Lesegeschwindigkeit 

(LGS)) 
T score 

Reading accuracy (RA) 
(Lesegenauigkeit 

(LGN)) 
T score 

Cambridge Scale Score 

M 44.35 42.16 52.75 147.55 

Mdn 43.50 41.00 50.50 150.00 

SD 8.60 7.36 10.85 14.26 

Range 30.00 33.00 40.00 50.00 

Min 30.00 27.00 33.00 120.00 

Max 60.00 60.00 73.00 170.00 
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coordination of these subskills. The close relationship between the LGVT performance and the Cam-
bridge English Scale Score further supports the validity of both instruments as complementary 
measures of general reading proficiency across L1/L2 and FL contexts. Accordingly, all subsequent anal-
yses considered the three LGVT subtests alongside the Cambridge English Scale Score to provide a 
comprehensive and multidimensional account of learners’ reading competence. 

Table 2 

Spearman Correlations (rs) Between LGVT Subtests and Cambridge English Scale Score 

 

A detailed overview of the results is provided in Appendix A in which participants’ Cambridge Prelimi-
nary reading scores are sorted according to their performance and accompanied by the corresponding 
LGVT T-scores for reading comprehension (RC), reading speed (RS), and reading accuracy (RA) for each 
learner. 

Whereas the quantitative measures provided a detailed profile of learners’ reading proficiency, the 
qualitative analysis focused on their interactional and strategic behavior when engaging with AI during 
writing. The qualitative content analysis was conducted combining inductive and deductive coding 
procedures. The analytical framework drew on AI writing strategies that were inductively developed 
in a previous study of similar design (Kutzner, in press). In that earlier research, student–AI chat logs 
(N = 20) were openly reviewed, and prompts were coded inductively in order to identify recurring 
functional actions in learners’ interaction with AI. From this coding process, five categories of AI writing 
strategies were derived. AI writing strategies are understood as an extension of established writing 
strategies (e.g., Harris et al., 2010; Lei, 2016; Manchón & Roca De Larios, 2007; Raoofi et al., 2017; 
Roca De Larios et al., 2001). They regulate not only the learner’s own writing process but also the 
deliberate integration of AI into specific phases of that process. Importantly, the prompts themselves 
were not conceptualized as strategies. Rather, they were treated as observable operationalizations of 
underlying strategic decisions made by learners. The strategy labels build directly on the previously 
coded strategy categories. Each label combines: (a) an orientation descriptor reflecting the learner’s 
strategic orientation (e.g., focused, holistic, functional, differentiated, metacognitive) with (b) a term 
referring to the function of the strategy in the writing process (e.g., structuring, optimizing, pragma-
tizing, limiting, questioning), thus describing how and for what purpose learners use AI in writing. The 

Variable 
 Reading      

comprehension 
(RC) 

Reading    
speed (RS) 

Reading          
accuracy (RA) 

Cambridge  
Scale Score 

1. Reading comprehension (RC) rs —    

 p —    

2. Reading speed (RS) rs .834*** —   

 p < .001 —   

3. Reading accuracy (RA) rs .837*** .511* —  

 p < .001 .021 —  

4. Cambridge Scale Score rs .702*** .600** .630** — 

 p < .001 .005 .003 — 

* p < .05. ** p < .01. *** p < .001. 
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identified strategy categories included (the example prompts are illustrative model prompts that rep-
resent typical patterns identified in the data): 

1. Focally-structuring strategies aimed at planning and organizing the writing process—for exa-
mple, by generating outlines or writing plans (“Give me a writing plan to write a summary of 
a short story”). 

2. Holistically-optimizing strategies supporting linguistic and stylistic elaboration—for instance, 
through requests for useful phrases or synonyms (“Tell me useful phrases to write a summary 
of a short story”). 

3. Functionally-pragmatizing strategies oriented toward efficient task completion, such as de-
legating larger text operations to AI (e.g., generating a full summary). 

4. Differentially-limiting strategies characterized by selective AI use, often limited to one or very 
few prompts. 

5. Metacognitively-inquiring strategies serving reflective purposes including feedback-seeking 
(“Is this a good summary?”), revision support (“Give me a revision plan to revise a summary 
of a short story.” “Is the following sentence correct: ‘. . . ’?”), and clarification of content or 
language (“What does X mean?”). 

Because individual students employed multiple strategies, strategy use was not treated as mutually 
exclusive or as fixed learner types. Rather, learners shifted between different strategies over the 
course of the writing process. For example, planning may be characterized by Strategy-1-typical struc-
turing practices; drafting, by Strategy-2-typical linguistic optimization; and revision, by Strategy-5-typ-
ical metacognitive inquiry. In line with process-oriented writing models (Hayes, 2012; Hayes & Flower, 
1980), learners oscillated between planning, drafting, and revising, while AI assumed different func-
tional roles—such as cognitive offloading, linguistic support, or reflective scaffolding—within this dy-
namic process. Thus, the strategies are conceptualized as situational and phase-sensitive usage pat-
terns in AI-supported writing rather than as stable user types. In this sense, “phase-sensitive” does not 
imply a one-to-one correspondence with the classical three-phase writing model (planning, drafting, 
revising). Although certain strategies can be associated with particular writing phases, not all learners 
used AI in every phase, and some phases were completed entirely without AI support. Rather, the data 
indicate that learners selectively integrated AI depending on individual preferences, because the use 
of AI was neither obligatory nor uniformly distributed across phases. The strategies therefore do not 
map directly onto the three-phase writing model, but instead reflect selective and context-dependent 
configurations of AI integration within the broader writing process. 

In addition to the five main strategies, the previous study identified three supplementary categories 
that, while not representing independent strategy types, nonetheless revealed meaningful patterns of 
interaction with AI. These were greeting/politeness (phatic communication such as greetings or ex-
pressions of gratitude), translation (requests primarily for linguistic support), and off-task activities 
(playful prompts, e.g., asking for jokes or pop-cultural stories, playing Battleship, writing poems, or 
posing absurd tasks such as “2 + 2 = 5”1). 

In the present study, the five main strategies are applied deductively to an independent sample in 
order to analyze their occurrence as well as the cross-linguistic transfer of AI writing strategies 

 
1    Similar patterns of playful prompting have been observed among Grade 4 elementary school students (Kutzner 

& Schindler, 2026). 
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between L1/L2 (German) and FL (English). In doing so, the study not only extends a previously devel-
oped typology of AI-assisted writing, but also provides an initial, careful validation of this typology by 
demonstrating its applicability to a new, independent dataset (albeit still rather small at N = 20). 
Whereas the original study combined multiple data sources to contextualize these strategies (student–
AI chat logs, questionnaire responses [Likert-scale and open-ended responses], and characteristics of 
the corresponding student texts; see Kutzner, in press), the present analysis focuses exclusively on 
strategy use in relation to learners’ reading proficiency. This allows for a more transparent and analyt-
ically focused examination of how learners employ AI writing strategies across languages. Selected 
student texts were additionally consulted to illustrate how these strategies are reflected in actual writ-
ten products. 

The supplementary categories identified in the earlier study were adapted for the present dataset. 
Because the current data did not include off-task activities, this category was dropped. Instead, several 
learners directly addressed the AI in a derogatory, confrontational, or frustrated manner, leading to 
the inductive identification of a distinct AI rejection category. To maintain conceptual coherence, the 
earlier greeting/politeness category was reframed as AI affiliation, capturing the affiliative dimension 
of anthropomorphic interaction. Additionally, the former translation category was integrated into the 
main strategy metacognitively-inquiring, because translation requests typically represent clarification 
and knowledge retrieval within the writing context in which AI acts as a reflective partner supporting 
comprehension and self-regulated writing. 

5 Results and interpretation 
5.1 AI writing strategies across languages 

To gain deeper insights into how learners interacted with AI during the writing process, all prompts 
were analyzed using qualitative content analysis (Kuckartz & Rädiker, 2023) in MAXQDA. Coding was 
conducted by the author following an iterative procedure of category development and refinement. 
To enhance analytical rigor and interpretative reliability, category definitions and selected coding de-
cisions were discussed repeatedly within the research group. Given the exploratory and theory-build-
ing character of the study and the limited dataset of the analysis, emphasis was placed on conceptual 
coherence and transparency rather than statistical intercoder agreement. All AI prompts were suc-
cessfully categorized into the identified AI writing strategies ranging from text planning and linguistic 
refinement to metacognitive reflection and social interaction with AI. No interactions fell outside the 
analytical framework. All prompt examples presented in the following sections represent authentic 
excerpts from student–AI chat logs. To contextualize these qualitative patterns, strategy use was re-
lated to quantitative reading measures from LGVT (L1/L2, German) and Cambridge Preliminary (FL, 
English) tests. For each strategy, mean LGVT T-scores in reading comprehension, speed, and accuracy, 
as well as average Cambridge English Scale Score were considered. Additionally, the cross-linguistic 
transfer from L1/L2 (German) and FL (English) of each strategy type was quantified using the Jaccard 
index, representing the overlap of learners who employed the same strategy in both languages ac-
cording to the formula: 

𝐽 =
∣ 𝐴 ∩ 𝐵 ∣
∣ 𝐴 ∪ 𝐵 ∣

 

where 𝐴 and 𝐵 represent the sets of individual learners who used a given strategy in L1/L2 (German) 
and FL (English) respectively. The intersection ∣𝐴∩𝐵∣ was determined based on the actual overlap of 
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learners across both language contexts. The resulting Jaccard values therefore reflect empirically ob-
served individual-level overlap from the actual intersection of learners. For full transparency, Appendix 
B reports all learners alongside their reading test results, their respective strategy use in both langu-
ages, as well as the resulting individual Jaccard values. Higher values indicate that a larger proportion 
of the same learners applied a given AI strategy in both languages, reflecting a higher degree of cross-
linguistic transfer and strategic stability, whereas lower values suggest language- or context-specific 
patterns. This measure thus captures how consistently individual learners drew on similar AI-assisted 
writing strategies across linguistic contexts. The index ranges from 0 (no overlap) to 1 (complete over-
lap). Intermediate values can be interpreted as follows: Values below .3 indicate low transfer (mostly 
distinct strategy use), values between .3 and .6 indicate moderate transfer (some overlap in strategy 
use), and values above .6 indicate high transfer (substantial consistency in strategy use across langu-
ages). Tables 3 and 4 present the resulting strategies and their respective transfer values. For reasons 
of space and readability, the tables report aggregated frequencies of prompts and users per strategy. 
Nonetheless, the Jaccard indices reported in the tables are based on the actual learner-level data 
rather than on marginal frequencies alone. The underlying learner-level distributions and individual 
strategy constellations across both language contexts are documented in full detail in Appendix B. 

Table 3 

Five Main AI Writing Strategies 

 

Characteristics 
Student prompt 

examples (FL) 

Prompts and users 

L1/L2 
(German) 

FL 
(English) 

Transfer 
(Jaccard    
index) 

 
 
 
 
 
 
 
 
 
 

Strategy 1: 
focally- 
structuring 

• AI primarily used 
for text planning 
and structuring 

• AI serves as an or-
ganizing tool and a 
thinking aid 

• “Help me plan a 
summary of the 
short story ‘The 
Text’ by Brendan 
Dunne (2012)” 
(o5b-gpc) 

• “Give me a writing 
plan to write a 
summary of a short 
story” (lqm-cml) 

11 prompts 
by 8 users 
 
LGVT:  
• RC average  
⌀ = 48 

• RS average 
⌀ = 44 

• RA average 
⌀ = 60 

16 prompts 
by 13 users 
 
Cambridge 
Scale Score 
average 
⌀ = 149 
(C–B1) 

.62 
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Strategy 2: 
holistically- 
optimizing 

• AI used for linguis-
tic fine-tuning: 
choice of words, 
style, grammar, 
sentence structure, 
and useful phrases 

• Prompts asking for 
synonyms and re-
phrasing 

• Iterative adjust-
ment of text length 
and complexity 

• “Can you give me 
useful phrases for 
the summary” 
(kzo-wng) 

• “another woord for 
but” (sld-dpz) 

9 prompts 
by 7 users 
 
LGVT:  
• RC average  
⌀ = 45 

• RS average 
⌀ = 41 

• RA average 
⌀ = 55 

17 prompts 
by 9 users 
 
Cambridge 
Scale Score 
average 
⌀ = 150 
(C–B1) 

.60 

Strategy 3: 
functionally- 
pragmatizing 

• AI used to increase 
efficiency: (suppos-
edly) saves time 
and reduces effort 

• Focus on “quickly 
getting results” 

• “write me a sum-
mary for the story 
of brendan dunne” 
(sld-dpz) 

• “write a summary 
about ‘the text’ by 
brendan dunne” 
(c6a-vgp) 

14 prompts 
by 7 users 
 
LGVT:  
• RC average  
⌀ = 48 

• RS average 
⌀ = 46 

• RA average 
⌀ = 54 

10 prompts 
by 4 users 
 
Cambridge 
Scale Score 
average 
⌀ = 156 
(B–B1) 
 

.57 

Strategy 4: 
differentially- 
limiting 

• AI use ends after 
one or two 
prompts; the text is 
largely written inde-
pendently 

• “is this summary 
good?” (auy-bq3) 

7 users 
 
LGVT:  
• RC average  
⌀ = 41 

• RS average 
⌀ = 42 

• RA average 
⌀ = 47 

6 users 
 
Cambridge 
Scale Score 
average 
⌀ = 138 
(fail–A2) 

.44 

Strategy 5: 
metacogni-
tively-inquir-
ing 

• Clarification and 
knowledge re-
trieval within the 
writing context (in-
cluding transla-
tions) 

• AI as a reflection 
partner: assistance 
with evaluation, 
obtaining forma-
tive feedback 

• “What does ‘to 
jeer’ mean?” (b5b-
il8) 

• “I have now cre-
ated a summary of 
the story, would 
you be able to read 
it and point out any 
mistakes?” (dat-
k6n) 

• “this is my sum-
mary can you 
please mke it bet-
ter” (kzo-wng) 

• “how is this?” 
(mm4-ysy) 

44 prompts 
by 15 users 
 
LGVT:  
• RC average  
⌀ = 45 

• RS average 
⌀ = 42 

• RA average 
⌀ = 53 

56 prompts 
by 15 users 
 
Cambridge 
Scale Score 
average 
⌀ = 146 
(C–B1) .58 
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Table 4 

Two Supplementary Categories of AI Interaction 

 

Characteristics Student prompt ex-
amples (FL) 

Prompts and users 

L1/L2 
(German) 

FL 
(English) 

Transfer 
(Jaccard    
index) 

 
AI affiliation  

• Phatic communica-
tion in which the AI 
is greeted, thanked, 
or addressed in a 
socially affiliative 
manner 

• “hello” (rv5-gjh) 
• “Thank you very 

much. I am grateful 
for the advice, it is 
of great use” (dat-
k6n) 

8 prompts 
by 6 users 
 
LGVT:  
• RC average  
⌀ = 46 

• RS average 
⌀ = 43 

• RA average 
⌀ = 54 

4 prompts 
by 2 users 
 
Cambridge 
Scale Score 
average 
⌀ = 164 
(A–B2) 

.14 

AI rejection • Derogatory, con-
frontational, or 
frustrated remarks 
directed at the AI. 

• “N0? what are you 
on vro. never trust 
ai” (fsl-dda) 

• “youre useless” 
(iyv-svk) 

8 prompts 
by 1 user 
 
LGVT:  
• RC average  
⌀ = 60 

• RS average 
⌀ = 60 

• RA average 
⌀ = 54 

4 prompts 
by 2 users 
 
Cambridge 
Scale Score 
average 
⌀ = 157  
(B–B1) 

.50 

 
Across both languages, the five main strategies reflect functionally distinct forms of AI engagement 
throughout the writing process, as shown in Table 3. The most prevalent strategy type was metacog-
nitively-inquiring (Strategy 5), employed by the majority of learners in both L1/L2 and FL. This indicates 
that learners primarily perceived AI as a reflective partner that supports comprehension, clarification, 
and formative feedback. This is reflected in prompts such as “What does ‘to jeer’ mean” (user b5b-il8), 
“I have now created a summary of the story, would you be able to read it and point out any mistakes?” 
(user dat-k6n), or “this is my summary can you please make it better” (user kzo-wng). This shows that 
through metacognitively-inquiring behavior, students became aware of both linguistic and conceptual 
knowledge gaps. By deliberately asking AI for clarification or elaboration, they engaged in noticing 
processes, using AI as a trigger for reflection and knowledge expansion. This aligns with Schmidt’s 
(1990) noticing hypothesis and suggests that AI can act as a catalyst for awareness and self-regulated 
learning rather than merely as a feedback provider. The moderate Jaccard index (.58) suggests that 
such reflective strategies are relatively stable across languages, pointing to their generalizability as 
higher-order cognitive tools that transcend linguistic boundaries. The holistically-optimizing strategies 
(Strategy 2) showed similarly moderate transfer values (.60) as illustrated by prompts such as “Can you 
give me usefull [sic] phrases for the summary” (user kzo-wng) or “another woord [sic] for but” (user 
sld-dpz) that target lexical and stylistic refinement. The transfer of focally-structuring strategies 
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(Strategy 1) can be regarded as high (.62), as reflected in prompts such as “Help me plan a summary 
of the short story ‘The Text’ by Brendan Dunne (2012)” (user o5b-gpc) or “Give me a writing plan to 
write a summary of a short story” (user lqm-cml). Together, these three strategies represent proce-
dural, linguistic, and cognitive scaffolding functions within AI-assisted writing. Their balanced occur-
rence in both L1/L2 and FL contexts suggests that learners are able to flexibly integrate AI across dif-
ferent stages of the writing process from planning and linguistic refinement to metacognitive reflec-
tion. In contrast, functionally-pragmatizing strategies (Strategy 3) reflect an instrumental orientation 
toward efficiency and task completion. Learners employing this approach delegated writing tasks to 
the AI, aiming to minimize effort or time investment. This orientation becomes visible in prompts such 
as “write me a summary for the story of brendan dunne” (user sld-dpz) or “write a summary about 
‘the text’ by brendan dunne” (user c6a-vgp). The moderate transfer value (.57) indicates that such 
instrumental use patterns were relatively stable across languages, suggesting that the tendency to 
exploit AI for efficiency may represent a general behavioral disposition rather than a language-specific 
adaptation. However, although both metacognitive and pragmatic strategies transfer across lan-
guages, they differ fundamentally in depth of engagement: The former involves reflective regulation 
of the writing process with queries such as “how is this?” (user mm4-ysy), whereas the latter primarily 
targets output optimization through direct task delegation such as “write me a summary . . .” (user sld-
dpz). Differentially-limiting strategies (Strategy 4) were associated with the lowest transfer value (.44) 
and the weakest reading proficiency (CEFR A2 for English, lowest LGVT means for German). Learners 
employing these strategies used AI only sparingly, producing only one or two prompts that were func-
tionally assignable to other strategy types. This pattern is reflected in minimal interaction sequences—
for example, in prompts such as “is this summary good?” (user auy-bq3), after writing the summary 
without any AI support. Learners relied primarily on their own writing, indicating cautious engagement 
and limited trust in AI output. The combination of limited AI use and low transfer implies that weaker 
learners may not yet have developed a flexible or adaptive repertoire for integrating (AI) writing strat-
egies into their writing process. 

The two supplementary categories, AI affiliation and AI rejection, shown in Table 4, highlight anthro-
pomorphization (e.g., Chaturvedi et al., 2025; Kim & Im, 2023; Li et al., 2025) as a cross-cutting phe-
nomenon in AI use. In both cases, AI is treated as a social interlocutor mirroring human-like communi-
cation patterns rather than as a neutral tool. Expressions of greeting, gratitude, or playfulness address 
constitute affiliative bonding and phatic communication as reflected in prompts such as “hello” (user 
rv5-gjh) or “Thank you very much. I am grateful for the advice, it is of great use” (user dat-k6n), 
whereas confrontational or rejecting remarks similarly presuppose a human-like counterpart capable 
of intention or failure, for example “youre [sic] useless” (user iyv-svk) or “N0? what are you on vro 
[sic]. never trust ai” (user fsl-dda). Although AI affiliation was rare and showed little cross-linguistic 
transfer (.14), it reveals moments of social alignment and gratitude toward AI. Conversely, AI rejection 
reflects explicit distancing from the system, typically arising from frustration or distrust and showing 
moderate transfer across languages (.50). Both categories illustrate the interpersonal framing of AI 
interaction: Affiliative and antagonistic responses alike presuppose a degree of social agency and in-
terpersonal relevance for the AI. Such interactions may reduce affective barriers and foster motivation, 
but also risk diminishing critical distance and reinforcing naïve assumptions about the AI’s epistemic 
competence. Consequently, learners may perceive AI not merely as a functional tool but as a seemingly 
authentic interlocutor—a finding of particular relevance for pedagogical approaches to AI-assisted 
writing. 
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Overall, the pattern of Jaccard indices across strategies reveals a moderate degree of cross-linguistic 
transfer, indicating that learners generally employed comparable AI-supported writing strategies in 
both L1/L2 and FL. However, the variability across strategies reflects differences in functionality and 
cognitive depth. Strategies involving planning, linguistic optimization, or metacognitive reflection 
(Strategies 1, 2, and 5) demonstrate consistent use across languages, suggesting that such cognitively 
integrated forms of AI engagement operate as transferable writing strategies. Functionally-pragmatiz-
ing strategies (Strategy 3), although comparable in transfer rate, reflect a more instrumental engage-
ment with AI, indicating a general behavioral tendency toward efficiency rather than a language-spe-
cific adaptation. By contrast, differentially-limiting strategies (Strategy 4) remain the least transferable, 
pointing to cautious or inconsistent AI use among less proficient learners. This suggests that the trans-
ferability of (AI) writing strategies depends less on language or linguistic factors and more on the cog-
nitive complexity and degree of learner autonomy. Strategies grounded in reflective regulation or de-
liberate process management generalize more easily across languages, whereas those shaped by 
avoidance or minimal involvement remain more context-bound and situational. 

To complement the strategy-level analysis, an additional measure was applied to capture the degree 
of strategic transfer between L1/L2 and FL at the group level. A generalized Jaccard similarity coeffi-
cient based on strategy frequency vectors was calculated to quantify the overall structural similarity 
of strategy use across languages. This aggregate measure compares the distribution of learners across 
strategies in both languages and reflects the degree to which similar patterns of AI-supported writing 
behavior emerged at the group level. 

The generalized Jaccard index was calculated using the number of learners who employed each strat-
egy in L1/L2 (German) and FL (English). The index is defined as: 

𝐽! =
∑ 𝑚𝑖𝑛(𝐿1" , 𝐹𝐿")"
∑ 𝑚𝑎𝑥(𝐿1" , 𝐹𝐿")"

 

where 𝐿1"  and 𝐹𝐿"  denote the number of learners who used strategy 𝑖 in L1/L2 (German) and FL (Eng-
lish) respectively. Importantly, this measure operates purely on aggregated frequency counts and does 
not take into account whether the same learners employed a given strategy in both language contexts. 
Rather than capturing individual-level overlap, it compares the overall distribution of strategy use 
across languages at the group level. Because learners could employ multiple strategies, the analysis 
reflects multilabel strategy use rather than mutually exclusive group membership. The distribution of 
learners across strategies in both language contexts is summarized in Table 5. 
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Table 5 

Number of Learners Employing Each AI Writing Strategy in L1/L2 (German) and FL (Eng-
lish) 

 

Based on the aggregated distributions presented in Table 5, the calculation yields: 

𝐽! =
∑ min(𝐿1" , 𝐹𝐿")"
∑ max(𝐿1" , 𝐹𝐿")"

=	
43
59

= .73 

This value indicates a high degree of structural similarity in the overall distribution of AI writing strat-
egies across languages. It suggests that, at the group level, comparable numbers of AI writing strategy 
occurrences are observed in both contexts, with only moderate differences in relative strategy use. 

5.2 Cross-linguistic transfer of AI writing strategies across CEFR levels 

To further contextualize these quantitative findings on strategic transfer, the distribution of AI writing 
strategies was examined in relation to learners’ CEFR proficiency levels in English (FL). This step allows 
for a more nuanced understanding of how linguistic competence is associated with the presence of 
particular strategies across languages. The results of this analysis are later complemented by grouping 
the individual Jaccard indices by proficiency level, thereby linking the qualitative typology of AI writing 
strategies with quantitative measures of linguistic proficiency to account for cross-linguistic transfer. 
When examined across CEFR proficiency levels, distinct patterns emerged in the distribution of AI writ-
ing strategies. The values reported in Table 6 represent the number of strategy uses across learners in 

Strategy L1/L2 users FL users Min (L1; FL) Max (L1; FL) 

Strategy 1: 
focally-structuring 

8 13 8 13 

Strategy 2: 
holistically-optimizing 

7 9 7 9 

Strategy 3: 
functionally-pragmatizing 

7 4 4 7 

Strategy 4: 
differentially-limiting 

7 6 6 7 

Strategy 5: 
metacognitively-inquiring 

15 15 15 15 

AI affiliation 6 2 2 6 

AI rejection 1 2 1 2 

∑   43 59 
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the respective language context. Given the small subgroup sizes, however, these analyses are strictly 
descriptive and exploratory and do not allow inferential generalization. Percentages should be inter-
preted with caution, because small absolute differences correspond to relatively large percentage 
shifts due to the limited subgroup sizes. 

Table 6 

Distribution of AI Writing Strategies by English CEFR Proficiency Level and Language Con-
text (L1/L2, FL) 

Strategy 

B2 B1 A2 

L1/L2 FL  L1/L2 FL  L1/L2 FL  

Strategy 1: 
focally-structuring 

2 
(18.18%) 

2 
(20%) 

5 
(17.24%) 

9 
(29.03%) 

1 
(9.09%) 

2 
(20%) 

Strategy 2: 
holistically-optimizing 

1 
(9.09%) 

2 
(20%) 

4 
(13.79%) 

6 
(19.35%) 

2 
(18.18%) 

1 
(10%) 

Strategy 3: 
functionally-pragmatiz-
ing 

1 
(9.09%) 

1 
(10%) 

6 
(20.69%) 

3 
(9.68%) 

0 0 

Strategy 4: 
differentially-limiting 

1 
(9.09%) 

0 3 
(10.34%) 

3 
(9.68%) 

3 
(27.27%) 

3 
(30%) 

Strategy 5: 
metacognitively-inquir-
ing 

3 
(27.27%) 

3 
(30%) 

8 
(27.59%) 

8 
(25.81%) 

4 
(36.36%) 

4 
(40%) 

AI affiliation 2 
(18.18%) 

1 
(10%) 

3 
(10.34%) 

1 
(3.23%) 

1 
(9.09%) 

0 

AI rejection 1 
(9.09%) 

1 
(10%) 

0 1 
(3.23%) 

0 0 

Total (strategy uses 
across learners) 

11  
(100%) 

10 
(100%) 

29 
(100%) 

31 
(100%) 

11 
(100%) 

10 
(100%) 

 

At the B2 level, metacognitively-inquiring strategies accounted for 3 out of 11 strategy uses in L1/L2 
and 3 out of 10 in FL, making this the most frequently observed strategy in both contexts and suggest-
ing a reflective engagement with AI. Focally-structuring strategies accounted for 2 occurrences in both 
L1/L2 and FL; indicating a balanced integration of planning-related support across languages, whereas 
holistically-optimizing strategies appeared slightly more often in the FL (2 occurrences) than in L1/L2 
(1 occurrence). This pattern suggests that strategy use at higher proficiency spans a range of functions 
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with a somewhat stronger reliance on linguistic refinement in the foreign language. Notably, both AI 
affiliation (2 occurrences in L1/L2 and 1 in FL) and AI rejection (1 occurrence in both contexts) were 
observed most frequently at this proficiency level. Whereas affiliative interactions point to moments 
of social engagement with the AI, the presence of rejection may indicate a more critical stance toward 
AI output, including the ability to distinguish between helpful and less helpful responses. 

At the B1 level, metacognitively-inquiring strategies again accounted for the highest number of strat-
egy uses (8 out of 29 in L1/L2 and 8 out of 31 in FL). In the FL, however, focally-structuring strategies 
appeared more frequently (9 occurrences) than in L1/L2 (5 occurrences), suggesting a stronger reliance 
on AI for structuring support in the foreign language. Holistically-optimizing strategies were also ob-
served in multiple instances across both contexts (4 in L1/L2 and 6 in FL), indicating that linguistic 
refinement plays a relevant role at this proficiency level, particularly in the FL. Functionally-pragmatiz-
ing strategies, by contrast, were more frequent in L1/L2 (6 occurrences) than in FL (3 occurrences), 
which may suggest that more instrumental uses of AI are less consistently transferred across lan-
guages. Overall, these patterns indicate that at intermediate proficiency levels, learners tend to rely 
more strongly on AI for text organization and linguistic refinement in the foreign language. 

At the A2 level, metacognitively-inquiring strategies again showed the highest number of strategy uses 
(4 out of 11 in L1/L2 and 4 out of 10 in FL). At the same time, a comparatively high number of learners 
employed differentially-limiting strategies (3 occurrences in each context), indicating a tendency to-
ward cautious or minimal engagement with AI support that was more pronounced than at higher pro-
ficiency levels. In contrast, strategies associated with planning and linguistic elaboration were less fre-
quent: Focally-structuring strategies accounted for only 1 occurrence in L1/L2 and 2 in FL, whereas 
holistically-optimizing strategies appeared in 2 occurrences in L1/L2 and 1 in FL. This pattern suggests 
a comparatively limited use of planning and refinement-oriented strategies, which may indicate a less 
developed strategic repertoire for managing the writing process (with AI support). This contrasts with 
the broader and more flexible distribution of strategies observed among more proficient learners and 
aligns with previous findings suggesting that lower-proficiency writers tend to employ fewer and less 
elaborated writing strategies (Harris et al., 2010; Lei, 2016; Manchón & Roca De Larios, 2007; Raoofi 
et al., 2017; Roca De Larios et al., 2001). 

Overall, these observations tentatively suggest an association between linguistic proficiency and the 
breadth as well as the qualitative nature of AI-supported writing strategies. In addition, the language 
context appears to influence AI use. In the FL, a slightly higher number of learners rely on structural 
and linguistic scaffolding, whereas in L1/L2 contexts, reflective and evaluative uses of AI are more 
widely represented. 

The observed distributional patterns across proficiency levels suggest potential differences in how 
learners engage with AI during writing. However, although these frequency-based results capture 
which strategies are most characteristic for each group, they do not yet account for the stability of 
individual strategy use across linguistic contexts. To complement the group-level findings and to obtain 
a more fine-grained perspective, individual Jaccard indices were calculated for each learner to assess 
intra-individual transfer of AI writing strategies between L1/L2 (German) and FL (English). The index is 
defined as: 

𝐽 =
∣ 𝐴 ∩ 𝐵 ∣
∣ 𝐴 ∪ 𝐵 ∣
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where 𝐴 and 𝐵 represent the sets of strategies used by a single learner in each language. This measure 
quantifies how consistently individual learners employed similar strategic patterns across linguistic 
contexts, thereby reflecting the stability or variability of their AI-assisted writing behavior. A complete 
overview of all individual Jaccard indices for each user is provided in Appendix B. Across all learners, 
the mean Jaccard index was .57 (see Table 7), indicating a moderate overall degree of strategic transfer 
between L1/L2 and FL. To further refine this analysis, the individual Jaccard indices were grouped by 
English CEFR proficiency levels (see Table 7). Linking these transfer measures with proficiency levels 
allows for a more differentiated perspective on how linguistic competence and language background 
relate to the stability, variability, and transferability of AI writing strategy use. 

Table 7 

Descriptive Statistics for the Transfer of AI Writing Strategies (Jaccard Indices) 

 

Learners at the B2 level exhibited the highest mean transfer (M = .67), indicating a greater degree of 
consistency in their strategic engagement with AI across languages. In contrast, learners at the B1 
(M = .54) and A2 (M = .55) levels demonstrated moderate transfer, suggesting more situational and 
language-specific variability in their strategy use. 

Taken together, the distributional patterns of strategy occurrences, the group- and individual-level 
transfer measures, and the comparison of individual Jaccard indices across CEFR proficiency levels sug-
gest that cross-linguistic consistency in AI-assisted writing behavior appears more pronounced when 
strategies involve planning, linguistic refinement, or metacognitive reflection (i.e., focally-structuring, 
holistically-optimizing, and metacognitively-inquiring strategies) rather than efficiency-driven or cau-
tious modes of engagement (i.e., functionally-pragmatizing and differentially-limiting strategies). 
Within this sample, learners with higher reading competence tended to transfer such strategies more 
consistently and flexibly across languages, which may reflect that proficiency enables more deliberate 
and self-regulated (Harris et al., 2010; Harris et al., 2011) forms of AI use in writing. In contrast, lower-
proficiency learners showed a comparatively greater degree of variability and situational adaptation, 
relying on narrower, more context-dependent patterns of interaction. Overall, the findings point to a 
possible relation between linguistic proficiency and strategic stability, suggesting that linguistic profi-
ciency may be linked not only to the qualitative nature of the strategies employed but also to the 
stability and flexibility of their cross-linguistic application. Nevertheless, given the exploratory nature 
and limited sample size of the study, these patterns should be interpreted with caution. 

 Overall 
Jaccard indices 

B2 
Jaccard indices 

B1 
Jaccard indices 

A2 
Jaccard indices 

M .57 .67 .54 .55 

Mdn .50 .59 .50 .50 

SD .30 .24 .27 .45 

Range 1.00 .50 .75 1.00 

Min .00 .50 .25 .00 

Max 1.00 1.00 1.00 1.00 
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5.3 Exemplary learner cases of AI writing strategy use 

To complement the quantitative and strategy-based analyses, two exemplary student cases are pre-
sented to illustrate how AI-supported writing strategies manifest in actual written products across lan-
guages. The selected cases are intended to illustrate contrasting patterns of cross-linguistic transfer 
and proficiency levels and should be interpreted as exploratory, nonrepresentative examples. 

An illustrative example of a high-proficiency learner is provided by Student mm4-ysy, whose texts and 
interaction patterns reflect a consistent and strategically stable use of AI across languages. The learner 
achieved a Cambridge English Scale Score of 160 (Grade A, CEFR B2), along with LGVT T scores in the 
lower average range for reading comprehension (RC = 46) and reading speed (RS = 41) and in the upper 
average range for reading accuracy (RA = 56). Notably, the learner shows complete cross-linguistic 
transfer of AI writing strategies (Jaccard index = 1.0), indicating identical strategy use in L1/L2 and FL 
contexts. 

In the German (L1/L2) task, the learner employed holistically-optimizing and metacognitively-inquiring 
strategies throughout the writing process. The interaction with AI is characterized by iterative refine-
ment, including requests for stylistic improvement such as “nenne mir textbausteine um eine inhaltsan-
gabe für eine kurzgeschichte zu schreiben” [sic] [Tell me useful phrases to write a summary of a short 
story] and evaluative feedback on draft versions “Wie ist das bis jetzt?” [How is this so far?]. The re-
sulting German summary demonstrates a clear structure and coherent progression of ideas, with a 
concise presentation of the dystopian scenario and its central conflict (see Figure 1). 

Figure 1 

German Summary by Student mm4-ysy 

 

A similar pattern can be observed in the English (FL) task. Here, the learner again relied on holistically-
optimizing and metacognitively-inquiring strategies, using AI to refine linguistic expression and to eval-
uate the developing text. Examples include “tell me useful phrases to write a summary of a short story” 
or “how is this?” The final English summary is likewise well-structured, coherent, and linguistically 



Alyssa Kutzner 

 

142 

precise, additionally including an interpretative element that connects the narrative to the fable The 
Boy Who Cried Wolf (see Figure 2). 

Figure 2 

English Summary by Student mm4-ysy 

 

Across both language contexts, the learner demonstrates a highly consistent approach to AI-supported 
writing. The learner applies the same combination of refinement- and feedback-oriented strategies in 
both German and English while maintaining primary authorship of the texts. AI is used selectively as a 
supportive scaffold rather than as a substitute for text production. This stable pattern is reflected in 
the maximal Jaccard value (1.0) and suggests that the learner draws on a transferable repertoire of AI 
writing strategies. The case thus exemplifies how higher-proficiency learners may engage with AI as a 
tool for iterative optimization and reflective evaluation across languages, supporting the broader find-
ing that strategic stability increases with linguistic proficiency. 

In contrast, Student auy-bq3 represents a lower-proficiency learner whose AI use appears more selec-
tive and less strategically integrated across languages. The learner achieved a Cambridge English Scale 
Score of 134 (Fail, CEFR A2), alongside LGVT T scores in the lower average range for reading compre-
hension (RC = 42), below average for reading speed (RS = 39), and in the upper average range for 
reading accuracy (RA = 50). The learner’s low cross-linguistic transfer of AI writing strategies (Jaccard 
index = .25) indicates only limited overlap in strategy use between L1/L2 and FL contexts. 

In the German (L1/L2) task, the learner employed holistically-optimizing (anderes wort für repressiven 
[another word for repressive]) and metacognitively-inquiring (ist das gut für ein schlussteil [sic] [Is that 
a good ending?]) strategies alongside AI affiliation (DANKE [thank you]), engaging in multiple interac-
tions with the AI to refine wording, structure the text, and obtain evaluative feedback. The resulting 
German summary is coherent and well-structured, clearly presenting the central elements of the story. 
The learner effectively uses AI as a supportive scaffold for refining wording and structuring the text, 
resulting in a linguistically clear and organized summary (see Figure 3). 
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Figure 3 

German Summary by Student auy-bq3

 

A different pattern emerges in the English (FL) task. Here, AI use is markedly reduced and limited to 
only one prompt, focused on general feedback (“is this summary good?”), without extended revision 
or optimization cycles. This corresponds to a differentially-limiting strategy in which AI interaction re-
mains minimal and does not substantially shape the writing process. The resulting English summary, 
while covering the main plot, is comparatively verbose, less condensed, and shows structural incon-
sistencies (see Figure 4). 

Figure 4 

English Summary by Student auy-bq3 
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This suggests that the learner relies predominantly on their own writing with limited integration of AI 
as a scaffold for revision or improvement. 

Across both language contexts, the learner demonstrates a less stable and only weakly transferable 
pattern of AI-supported writing behavior. Whereas AI is used more actively in the German task, its role 
in the English task remains limited and largely peripheral. The low Jaccard value reflects this discrep-
ancy and indicates that AI writing strategies are not applied consistently across languages. A tentative 
explanation for this pattern may lie in differences in linguistic competence: The learner appears more 
confident and engaged in the German (L1/L2) context in which the proficiency is in the average range 
and AI is integrated more frequently and productively. In contrast, lower proficiency in the English (FL) 
context (Cambridge: fail; CEFR A2) may lead to more cautious and reduced AI use. This case thus ex-
emplifies how lower-proficiency learners may engage with AI more cautiously and inconsistently, with 
limited integration into the writing process and reduced cross-linguistic transfer of AI writing strate-
gies. 

Taken together, the two cases illustrate contrasting patterns of AI-supported writing across proficiency 
levels and language contexts. Whereas the high-proficiency learner (mm4-ysy) demonstrates consis-
tent and transferable use of AI as a scaffold for refinement and reflection in both languages, the lower-
proficiency learner (auy-bq3) shows a more fragmented and context-dependent pattern with uneven 
integration of AI across L1/L2 and FL. This contrast tentatively suggests that cross-linguistic transfer of 
AI writing strategies may be associated not only with strategic awareness but also with linguistic com-
petence; and this, in turn, may enable learners to engage with AI more flexibly, consistently, and pro-
ductively across languages. However, given the illustrative nature of these two cases, such interpreta-
tions remain exploratory and require further validation in larger samples. 

6 Discussion and outlook 
The findings of this study provide new insights into how learners engage with AI in the writing process 
and how these patterns vary across linguistic and proficiency levels. As an exploratory study based on 
a small-scale classroom sample, the aim was to develop an initial, data-driven understanding of AI-
supported writing behavior. The results should therefore be interpreted as preliminary indications ra-
ther than generalizable claims, and they warrant further validation in larger and more diverse cohorts.  

The qualitative analysis revealed that learners employed a diverse repertoire of AI writing strategies 
ranging from focally-structuring and holistically-optimizing approaches to metacognitively-inquiring 
uses in which AI served as a reflective and dialogic partner. Importantly, these strategies were not 
fixed user types, but rather flexible, phase-dependent writing behaviors, thereby aligning with process-
oriented models of writing (e.g., Hayes, 2012). Notably, this process-related character was not im-
posed by the analytical framework but emerged inductively from the interaction data. Learners moved 
dynamically between planning, drafting, and revising, using AI as both a cognitive and linguistic scaf-
fold. 

The quantitative findings complement this perspective by indicating that such strategic patterns are 
not confined to a single language context. A high generalized Jaccard similarity coefficient (Jg = .73) 
points to a similarity in the distribution of learners across strategy types in L1/L2 and FL, suggesting 
that comparable strategic repertoires emerge at the group level. However, this aggregate measure 
does not capture individual-level transfer, so this was examined separately using individual Jaccard 
indices. On the individual level, especially the cognitively demanding strategies for planning, drafting, 
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and revising (i.e., focally-structuring, holistically-optimizing, and metacognitively-inquiring strategies) 
appear to be more stable and transferable across languages than pragmatic or limiting strategies. This 
is reflected in their comparatively higher Jaccard values (.62, .60, and .58 respectively vs. .57 and .44 
respectively), suggesting patterns consistent with partial cross-linguistic transfer in AI-supported writ-
ing within this exploratory sample. At the same time, meaningful variation between learners was re-
vealed: The language context appears to shape AI engagement, with learners relying more on struc-
tural and linguistic scaffolding in FL writing, whereas reflective and evaluative uses prevail in L1/L2 
tasks. These differences also align with proficiency levels, as individual Jaccard indices reveal: Students 
with higher English proficiency (B2) demonstrate greater strategic stability and transferability 
(M = .67), whereas those at B1 (M = .54) or A2 levels (M = .55) exhibit more situational and context-
dependent use. This observation is consistent with prior research on transfer and language awareness 
(Cummins, 1980, 2000; García & Wei, 2015; Herdina & Jessner, 2002; Odlin, 1989), and may indicate 
that higher linguistic proficiency is associated with more strategic stability across contexts. However, 
the observed associations between proficiency and strategic stability should be interpreted with cau-
tion, because causal directionality cannot be established, and alternative explanations such as motiva-
tional differences or prior AI experience remain possible. 

This pattern is further illustrated by the two exemplary cases presented in Section 5.3. The high-profi-
ciency learner demonstrates consistent and transferable use of refinement- and feedback-oriented 
strategies across both languages, using AI as a scaffold for iterative optimization while maintaining 
primary authorship. In contrast, the lower-proficiency learner shows a more fragmented and context-
dependent pattern, with more frequent and productive AI integration in the L1/L2 context but minimal 
and peripheral use in the FL. This contrast highlights how differences in linguistic competence may 
shape not only the extent of AI use but also its functional integration into the writing process, suppor-
ting the observed variation in cross-linguistic transfer. Because these cases are illustrative, however, 
they serve to contextualize rather than generalize the broader quantitative findings. 

Interestingly, the identification of AI affiliation and AI rejection as supplementary categories highlights 
the anthropomorphic dimension of human–AI interaction. In this dataset, AI affiliation involved greet-
ing, thanking, or politely addressing the system, thereby positioning it as a socially responsive interac-
tion partner. Conversely, AI rejection did not merely involve refraining from AI use but included direct, 
confrontational, or evaluative remarks addressed to the system (e.g., insulting or blaming statements). 
In both cases, the AI was treated as a dialogic counterpart, suggesting that learners attributed a degree 
of social presence or agency to the AI rather than treating it as a purely instrumental and neutral tool. 
Although such social framing may lower affective barriers and enhance engagement and motivation, 
it may also diminish critical distance and foster epistemic naivety toward AI-generated content (see 
also Dang & Nguyen, 2025; Yan et al., 2025; Zhai et al., 2024). This dual role of AI as both a cognitive 
and socioaffective agent in the learning process underscores the need for explicit reflection and the 
fostering of critical AI literacy in educational contexts. 

From a pedagogical perspective, these findings indicate that AI interaction may support metalinguistic 
awareness and self-regulated learning processes, suggesting its pedagogical potential for supporting 
language acquisition within task-supported and scaffolded learning environments. Furthermore, they 
point to several implications: First, AI-assisted writing instruction should focus not only on tool com-
petence but also on strategic awareness: helping learners to consciously select, adapt, and evaluate AI 
use according to the task requirements and writing phase. Second, teachers can scaffold this process 
through promoting metacognitive awareness and explicit reflection on when and how AI is helpful, 
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and this may strengthen learners’ autonomy and critical engagement. Third, because higher profi-
ciency appears to be associated with greater strategic transfer within this sample, targeted support 
for lower-proficiency learners may be necessary—for example, through modeling effective prompts, 
explicit instruction on evaluating AI outputs, and contrastive activities across L1/L2 and FL contexts. 

Despite these contributions, the study has several limitations: The small sample size and classroom-
based context limit the generalizability of the findings. Future research should therefore aim to vali-
date the identified strategy types and transfer patterns in larger and more diverse samples in order to 
test their robustness and generalizability across different learner populations. Such studies could ex-
amine whether the observed relationships between strategy use, cross-linguistic transfer, and profi-
ciency levels hold under varying educational conditions. Moreover, the focus on a single writing genre 
(summary writing) and a specific AI tool may have influenced the observed strategy patterns. Future 
research should therefore also explore how AI writing strategies can vary across genres, modalities 
(e.g., multimodal or argumentative writing), and AI systems with different affordances. Longitudinal 
designs could further illuminate how learners’ AI literacy (Ng et al., 2021) and strategy repertoires 
evolve over time and whether cross-linguistic transfer increases with continued AI use. 

In sum, the integration of qualitative and quantitative analyses suggests that AI-supported writing may 
function as a site of both linguistic transfer and metacognitive development. The findings underscore 
the importance of positioning AI not as a substitute for writing competence but as a catalyst for reflec-
tive engagement with language. In this sense, AI can serve as a “mirror” for learners’ linguistic and 
metacognitive development, provided that its use is embedded in pedagogical frameworks that pro-
mote autonomy, critical awareness, and linguistic transfer. The challenge for future pedagogy there-
fore lies not merely in teaching learners how to use AI, but in fostering the reflective capacity to decide 
when, why, and to what extent AI should be used in the writing process. 
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Appendix A 

Reading Test Results (Sorted by Performance: Cambridge Scale Score/Grade/CEFR Level and 
Reading Comprehension) 

 

Student 
code 

Cambridge        
Preliminary 

Reading comprehension 
(RC) 

(Leseverständnis (LV)) 

Reading speed (RS) 
(Lesegeschwindigkeit 

(LGS)) 

Reading accuracy (RA) 
(Lesegenauigkeit (LGN)) 

Cam-
bridge 
Scale 
Score 

grade / 
CEFR 
level 

T score Classification T score Classification T score Classification 

dat-k6n 170 A–B2 58 Upper average 
range 53 Upper average 

range 63–>73 Above average 
to very high 

fsl-dda 167 A–B2 60 Above average 60 Above average 54 Upper average 
range 

lqm-cml 160 A–B2 48 Lower average 
range 41 Lower average 

range 56 Upper average 
range 

mm4-ysy 160 A–B2 46 Lower average 
range 41 Lower average 

range 56 Upper average 
range 

1jj-px3 157 B–B1 55 Upper average 
range 50 Upper average 

range 59 Upper average 
range 

b5b-il8 157 B–B1 54 Upper average 
range 48 Lower average 

range 63–>73 Above average 
to very high 

z9c-nry 157 B–B1 48 Lower average 
range 41 Lower average 

range 63–>73 Above average 
to very high 

c6a-vgp 153 B–B1 43 Lower average 
range 43 Lower average 

range 46 Lower average 
range 

uqe-0qh 153 B–B1 40 Lower average 
range 

37 Below average 50 Upper average 
range 
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8ds-ok0 150 C–B1 47 Lower average 
range 43 Lower average 

range 51 Upper average 
range 

o5b-gpc 150 C–B1 42 Lower average 
range 39 Below average 50 Upper average 

range 

sld-dpz 150 C–B1 41 Lower average 
range 41 Lower average 

range 46 Lower average 
range 

iyv-svk 147 C–B1 50 Upper average 
range 49 Lower average 

range 52 Upper average 
range 

s9c-vnm 143 C–B1 35 Below average 37 Below average 40 Lower average 
range 

rv5-gjh 143 C–B1 30 Below average <27 Very low 50 Upper average 
range 

auy-bq3 134 fail–A2 42 Lower average 
range 39 Below average 50 Upper average 

range 

ovz-kbj 130 fail–A2 31 Below average 34 Below average 37 Below average 

ouf-wbf 128 fail–A2 31 Below average 42 Lower average 
range 33 Below average 

qqs-yax 122 fail–A2 42 Lower average 
range 39 Below average 50 Upper average 

range 

kzo-wng 120 fail–A2 44 Lower average 
range 39 Below average 56 Upper average 

range 
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Appendix B 

Overview of Individual Results for Reading Performance, AI Writing Strategies, and Cross-Linguistic Transfer (Jaccard Indices) 

(Sorted by Performance: Cambridge Scale Score/CEFR Level/Grade and Reading Comprehension) 

 

Student 
code 

Cambridge  
Preliminary 

Reading comprehen-
sion (RC) 

(Leseverständnis (LV)) 

Reading speed (RS) 
(Lesegeschwindigkeit 

(LGS)) 

Reading accuracy (RA) 
(Lesegenauigkeit (LGN)) 

AI writing strategies 

Cam-
bridge 
Scale 
Score 

Grade/
CEFR 
level 

T score Classification T score Classification T score Classification L1/L2 
(German) 

FL 
(English) 

Transfer 
(Jaccard 
index) 

dat-k6n 170 A–B2 58 Upper aver-
age range 53 Upper Aver-

age Range 63–>73 
Above aver-
age to very 

high 

• focally-structuring 
• AI affiliation 
• differentially-limiting 

• focally-structuring 
• metacognitively-in-

quiring 
• AI affiliation 

.5 

fsl-dda 167 A–B2 60 Above aver-
age 60 Above Aver-

age 54 Upper aver-
age range 

• functionally-pragma-
tizing 

• metacognitively-in-
quiring 

• AI affiliation 
• AI rejection 

• functionally-prag-
matizing 

• AI rejection 
.5 
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lqm-cml 160 A–B2 48 Lower aver-
age range 

41 Lower Aver-
age Range 

56 Upper aver-
age range 

• focally-structuring 
• metacognitively-in-

quiring 

• focally-structuring 
• holistically-optimiz-

ing 
• metacognitively-in-

quiring 

.67 

mm4-
ysy 

160 A–B2 46 Lower aver-
age range 

41 Lower Aver-
age Range 

56 Upper aver-
age range 

• holistically-optimizing 
• metacognitively-in-

quiring 

• holistically-optimiz-
ing 

• metacognitively-in-
quiring 

1.0 

1jj-px3 157 B–B1 55 Upper aver-
age range 

50 Upper Aver-
age Range 

59 Upper aver-
age range 

• holistically-optimizing 
• functionally-pragma-

tizing 
• metacognitively-in-

quiring 

• focally-structuring 
• holistically-optimiz-

ing 
• metacognitively-in-

quiring 

.5 

b5b-il8 157 B–B1 54 Upper aver-
age range 

48 Lower Aver-
age Range 

63–>73 Above aver-
age to very 

high 

• focally-structuring 
• metacognitively-in-

quiring 

• focally-structuring 
• holistically-optimiz-

ing 
• metacognitively-in-

quiring 
• AI affiliation 

.5 

z9c-nry 157 B–B1 48 Lower aver-
age range 

41 Lower Aver-
age Range 

63–>73 Above aver-
age to very 

high 

• focally-structuring 
• holistically-optimizing 
• functionally-pragma-

tizing 

• focally-structuring 
• holistically-optimiz-

ing 
 

.5 
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• metacognitively-in-
quiring 

c6a-vgp 153 B–B1 43 Lower aver-
age range 43 Lower Aver-

age Range 46 Lower aver-
age range 

• functionally-pragma-
tizing 

• AI affiliation 
• differentially-limiting 

• focally-structuring 
• functionally-pragma-

tizing 
.25 

uqe-0qh 153 B–B1 40 Lower aver-
age range 37 Below Aver-

age 50 Upper aver-
age range 

• functionally-pragma-
tizing 

• metacognitively-in-
quiring 

• AI affiliation (1) 

• focally-structuring 
• functionally-pragma-

tizing .25 

8ds-ok0 150 C–B1 47 Lower aver-
age range 43 Lower Aver-

age Range 51 Upper aver-
age range 

• metacognitively-in-
quiring 

• differentially-limiting 

• metacognitively-in-
quiring 

• differentially-limiting 
1.0 

o5b-gpc 150 C–B1 42 Lower aver-
age range 39 Below Aver-

age 50 Upper aver-
age range 

• focally-structuring 
• holistically-optimizing 
• metacognitively-in-

quiring 

• focally-structuring 
• holistically-optimizing 
• metacognitively-in-

quiring 

1.0 

sld-dpz 150 C–B1 41 Lower aver-
age range 41 Lower Aver-

age Range 46 Lower aver-
age range 

• focally-structuring 
• functionally-pragma-

tizing 

• focally-structuring 
• holistically-optimizing 
• functionally-pragma-

tizing 
• metacognitively-in-

quiring 

.5 
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iyv-svk 147 C–B1 50 Upper aver-
age range 49 Lower Aver-

age Range 52 Upper aver-
age range 

• focally-structuring 
• functionally-pragma-

tizing 
• metacognitively-in-

quiring 

• focally-structuring 
• metacognitively-in-

quiring 
• AI rejection 

.5 

s9c-vnm 143 C–B1 35 Below aver-
age 

37 Below Aver-
age 

40 Lower aver-
age range 

• holistically-optimizing 
• differentially-limiting 

• holistically-optimiz-
ing 

• metacognitively-in-
quiring 

• differentially-limiting 

.67 

rv5-gjh 143 C–B1 30 Below aver-
age <27 Very Low 50 Upper aver-

age range 

• metacognitively-in-
quiring 

• AI affiliation 

• focally-structuring 
• metacognitively-in-

quiring 
• differentially-limiting 

.25 

auy-bq3 134 fail–
A2 42 Lower aver-

age range 39 Below Aver-
age 50 Upper aver-

age range 

• holistically-optimizing 
• metacognitively-in-

quiring 
• AI affiliation 

• metacognitively-in-
quiring 

• differentially-limiting 
.25 

ovz-kbj 130 fail–
A2 31 Below 

average 34 Below 
Average 37 Below 

average 

• metacognitively-in-
quiring 

• differentially-limiting 

• differentially-limiting 
.5 
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ouf-wbf 128 fail–
A2 31 Below aver-

age 42 Lower Aver-
age Range 33 Below aver-

age 

• metacognitively-in-
quiring 

• differentially-limiting 

• metacognitively-in-
quiring 

• differentially-limiting 
1.0 

qqs-yax 122 fail–
A2 

42 Lower aver-
age range 

39 Below Aver-
age 

50 Upper aver-
age range 

• differentially-limiting • focally-structuring 
• metacognitively-in-

quiring 
0 

kzo-wng 120 fail–
A2 44 Lower aver-

age range 39 Below Aver-
age 56 Upper aver-

age range 

• focally-structuring 
• holistically-optimizing 
• metacognitively-in-

quiring 

• focally-structuring 
• holistically-optimiz-

ing 
• metacognitively-in-

quiring 

1 


