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Cerstin Mahlow 

Writing versus automated text production by 
generative AI: Distinctions, disruptions, and the need 
for new models 

1 Introduction 
In written societies, literacy (reading and writing) is essential for participation and has always been 
intertwined with technology. In the 1990s, the Internet moved reading and writing into the digital 
space. Now, large language models (LLMs) and generative AI (GenAI) are transforming literacy once 
more. 

AI-based language technology offers unprecedented opportunities for inclusion and writing support 
such as automatic plain language translation (Ebling et al., 2022) and written language acquisition 
(Mahlow, 2023a). Today’s computing power, mature natural language processing (NLP) technology, 
and LLMs make it feasible to realize innovative ideas for adaptive human-centered writing support 
(Mahlow, 2023b) and adaptive writing tools (Mahlow & Piotrowski, 2009). However, we lack an un-
derstanding of how GenAI fundamentally alters writing processes. This paper first explicates the con-
text and defines text generation and automated text production in contrast to writing. This leads to 
the proposal of rigorous revisions of writing models as part of an extensive research agenda to reflect 
the integration of GenAI and its cognitive impact. 

2 Context: The bigger picture 
With the appearance of ChatGPT in November 2022, the general public was confronted with impres-
sive developments in the field of language technology and artificial intelligence. Additionally, various 
professional fields are being called into question. 

The embedding of GPT3.5 in a simple chat interface has led to astonished as well as enthusiastic reac-
tions. The sometimes euphoric assessments that anyone can now create professional-looking texts by 
a simple request to a chatbot have shaken professional fields such as communication, technical writ-
ing, copywriting, marketing, and translation: If these automatically produced texts, as Mahlow and 
Dale (2014) call them, are as good as those of professional translators and copywriters, what does this 
mean for the entire industry? And downstream, the question: What does such an upheaval in fields of 
practice mean for corresponding courses of study and further education? 
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There was a similar upheaval in the field of translation and interpreting a few years before: the power 
of automatic machine translation based on LLMs created by neural learning (Bahdanau et al., 2014) 
and its general availability in the mid-2010s in online services such as Google Translate (Wu et al., 
2016) and DeepL posed enormous challenges for the industry itself (cf. Bouillon et al., 2018) as well as 
for training concepts and institutions (cf. Cotelli Kureth et al., 2023). In retrospect, the adaptation to 
this has been successful—well-trained professional translators and interpreters continue to be used 
for many areas. 

Both chatbots and language models have been research topics in human–machine communication and 
computational linguistics for quite a long time. Chatbots based on GenAI are not restricted in terms of 
language—both for interaction and for the desired text—and text type. However, upon closer exami-
nation, it turns out that both the interaction with such chatbots and the quality of the texts produced 
depend on the training material for the language models, and this is mostly not disclosed. In addition, 
users do not interact directly with the language models, but by means of a chat interface that filters 
and expands both input and output. 

Since ChatGPT’s release in late 2022, we have witnessed the impact of GenAI on language professions. 
In fields such as communication, copywriting, and translation, GenAI challenges established roles and 
processes. Mastering these tools and using them successfully requires more than “prompt engineer-
ing”—which is a misnomer because no proper engineering is involved. It demands evaluating the qual-
ity of AI-produced texts and using them responsibly in professional contexts. GenAI for text production 
is also reshaping how we teach and practice writing (cf. Anson et al., 2025). 

Current studies on GenAI in writing focus on stand-alone tools (see, e.g., Bedington et al., 2024; Cum-
mings et al., 2024; Tarchi et al., 2024), but the trend is moving toward integrating GenAI directly into 
writing tools. To make best use of it, we need to understand how automated text production by GenAI 
works. If we are to help writers interact with GenAI efficiently and effectively, the writing research 
community must understand what GenAI can and cannot do. As I argued in my SIG Writing 2024 key-
note (On the road to language-aware writing support—are we there yet with large language models?), 
the scientific community currently lacks a comprehensive writing model to account for GenAI. 

I am specifically interested in understanding writing on a linguistic level (Mahlow et al., 2024) and work 
on respective models (Ulasik et al., 2025) based on keystroke-logging experiments. Referring to Hayes’ 
comprehensive writing model (Hayes, 2012; see Figure 1), our studies focus on the interplay of Tran-
scriber (process level), Transcribing Technology and Text-Written-So-Far (task environment) for draft-
ing and revising. 
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Figure 1 

Hayes’ 2012 Model of the Writing Process (Hayes, 2012) 
 

 
 
 

Writing models aim to capture how people actually write. However, these models sometimes fail  
(Bazerman, 2018), and need to be extended or adjusted. For example, Leijten et al. (2014) extend 
Hayes’ model to account for skilled professional communication (see Figure 2), explicitly including col-
laboration and nontextual creation resulting in adjustments on all levels (Schriver, 2013). As GenAI 
changes the way people write, clearly writing models need revisions. 

 

Figure 2 

Extended Model by Leijten et al. (2015) to Cover Professional Communication 
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Additionally, writing models should be implementable as running programs (Alamargot & Chanquoy, 
2001; Hayes, 2012) following the practice of creating running programs to simulate human actions in 
cognitive science (Newell & Simon, 1956). They are considered to be an implementation of a theory 
(Weizenbaum, 1976) that serve as a basis for designing tools to support writing (Cookson, 1989). So 
far, we, as the writing research community, have not succeeded in this matter—probably because we 
did not tackle this task seriously, except for a few attempts to implement some aspects of children 
writing in Python by Hayes (2012). 

3 Automated text production versus natural language generation versus writing 
To understand the impact on writing, we need to answer the question: When LLMs produce text, what 
is that, really? The output of applications using LLM is often called “generated text,” using a term that 
already has a specific meaning in the field of natural language generation (NLG). NLG is the production 
of “understandable texts in . . . human languages from some underlying non-linguistic representation 
of information” (Reiter & Dale, 1997, p. 57) and has been an active research field for several decades. 
In analogy to text-to-speech, it has also been named data-to-text (Schneider et al., 2022). 

Data (e.g., measure points, facts in knowledge bases, entire databases), as nonlinguistic representation 
of information, is the explicit context of the text to be generated and the most important aspect of 
NLG systems. This context is made available in structured form to the machine that generates the text. 
Additionally, all information about intended audience, genre, text length, and so forth has to be made 
explicit as well, and is used as features and parameters for generation. Usually, these systems involve 
human curation or are (at least partially) based on human-generated rules. Dale (2020) gives an over-
view of the (commercial) state of the art on NLG; Schneider et al. (2022) describe categories of NLG 
systems. They emphasize that: 

data-to-text systems in real-world applications still require such a share of human configura-
tion and control and the creative contribution share of the software . . . is still so limited that 
it would not be adequate to claim creative autonomy of the software in the process. (p. 1) 

Current language technology such as NLG is thus not an autonomous creative agent taking part in the 
writing process. There is no interaction between a human writer and a text-producing machine, only 
very sophisticated interactivity (cf. Rafaeli, 1988). 

Language technology is used for writing support in settings of automated text production as defined 
by Mahlow and Dale (2014) with the deliberate emphasis that, in these cases, it is not the author that 
is the writer, but the machine. They see NLG as one aspect of automated text production and also 
mention summarization or machine translation: A new text is produced without human intervention, 
based on existing text or explicit prompts. 

In a revision of the work by Mahlow and Dale (2014), I suggest to distinguish text generation from 
automated text production: 

1. Text generation covers NLG. It is characterized by relying on nonlinguistic representations of 
information and involving some kind of text planning. Planning concerns the text as a whole—
length, main information, structure, and so forth—as well as single sentences. 

2. Automated text production is the output of current LLMs as fast continuous predictive  
texting—known from input-support on mobile phones (Ganslandt et al., 2009)—by design. No 
facts and information determine the next words or sentences, but only available co-texts of 
already existing words and sentences—when writing from left to right, there is always only 
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left co-text. Note that what computer science and NLP call “context” as used in “size of context 
window” to describe the power of an LLM is, in linguistics, called “co-text,” whereas “context” 
refers to everything outside the text. 

Such systems are operated by humans through communication using unrestricted natural language. 
There is no planning of either the text as a whole or individual sentences; and, more importantly, no 
revision and editing take place. The text is produced as a plausible continuation of already existing 
text. Hence the similarity to predictive texting. The resulting text is correct from a linguistic point of 
view: it does not contain spelling and grammar issues; it is most probably coherent and consistent on 
the sentence level. But it is plausible and acceptable only when focusing on the language produced. 
Automated text production is linear or actually incremental both in time and in space: One token after 
the other is added to the edge of the text produced so far (TPSF). 

Writing, in contrast, can be characterized as involving planning—the degree can of course vary—and 
more importantly: Writing is linear in time, but never linear in space. Writers can and do go back to 
text already written (TPSF) at any point in time and delete or add something; they reorder text parts 
for various reasons—style, change in plans, and so forth. They consider left and right co-text as well as 
context including the writing task and their own planning. None of these movements will be visible in 
the final product. 

Dale and Viethen (2021) provide an overview on writing assistance based on state-of-the-art NLP 
resources (i.e., language models) and approaches. In 2021, GPT-3 was already available and had been 
incorporated into various tools aimed at supporting writers by co-authoring and not only (copy-)edit-
ing. These applications addressed specific genres such as blog posts and poetry, as well as specific 
writing tasks such as expanding, rewriting, and shortening texts (Dale & Viethen, 2021). However, they 
were not used widely and did not trigger the same discussions that we see now. 

The more powerful LLMs get, the more users forget that texts automatically produced by any applica-
tion using these resources are just plausible extensions of existing co-text. These co-texts are either 
existing (parts of) texts, which are then extended, or prompts the system seems to “react” to: “GPT-3 
is still very capable of generating nonsense, but on the whole it’s more plausible nonsense; and with 
appropriate fine tuning and prompting, the texts it generates can be eerily convincing” (Dale &  
Viethen, 2021, p. 516). 

All information that seems to be included in the text is merely due to frequent co-occurrences of words 
and thus not trustworthy (cf. Kalai et al., 2025). No references to any context (i.e., the world outside 
the text) can be made; no conclusions on underlying knowledge, understanding, or intention of an 
assumed author can be drawn. Depending on the genre the LLM is asked to produce, a text may con-
tain what looks like facts (e.g., dates, places, or even correctly formatted bibliographical references). 
But again, these are only plausible, they are not true; they could, but most often do not, exist. The LLM 
just produces sequences of words that follow general patterns for bibliographical entries. While refer-
ences produced by an LLM are thus most probably nonexistent, one can very confidently use them to 
check whether the format of a list of bibliography entries adheres to a certain citation style. 

These systems are not creative: They do not invent anything, because they have no agency. They just 
react to any input—be it a prompt from a human or previously produced text. All creativity, all surprisal 
is only in the mind of human readers interpreting these texts, ignoring authorship, and not being aware 
of the circumstances (i.e., the process) of their production. 
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4 A research agenda 
Writing research as a scientific community needs to closely observe and carefully analyze current writ-
ing and text production practices. Writing models were always intended to explain what happens dur-
ing writing. With new tools and new affordances come new practices currently not covered by existing 
models. As a field, we need to work on respective topics and most probably need to develop new 
approaches. 

4.1  Research topics 

I pose four research topics that need to be addressed through interdisciplinary research: 

1. Seeing GenAI as co-author, as Armitage (2024) and Kleebayoon and Wiwanitkit (2023) do, 
requires the extension of collaborative writing models to include nonhuman authors. 

2. GenAI intervenes at all stages of the writing process and on all levels of existing models. 
No single generic GenAI writing tool exists, but an ever-growing number of GenAI-based 
tools tailored to specific uses (or GenAI-based features integrated into existing tools for 
specific purposes such as Grammarly or Antidote) are being developed and used that allow 
elements in writing models to be linked to distinct GenAI features. 

3. GenAI-based automated text production as part of writing fundamentally disrupts writing 
as a practice as well as a concept, requiring new models to account for its role in creative 
tasks and cognitive load. 

4. The adequate and deliberate use of GenAI shifts focus to higher-level tasks such as plan-
ning. Which would be a good thing, if true. 

The revision of writing models will generate further research questions like those addressing Research 
Topic 4 for psycholinguistic experiments. First observations suggest that GenAI could be used as 
Transcriber. In Hayes’ (2012) model, Transcription is the actual production of visible text by handwri-
ting or typing, and it involves spelling (Berninger & Winn, 2006). Higher-level activities such as planning 
require a significant amount of cognitive capacity. The more writers automate lower-level tasks (e.g., 
master touch-typing), the more they can focus on planning, and so forth (Hayes & Chenoweth, 2006; 
Kellogg, 1999; Olive, 2022; Olive et al., 2009; Quinlan et al., 2012), because limited working memory 
must be distributed to different tasks (Olive, 2014). 

4.2 Advance methodology 

Writing research always incorporated methods and approaches from different fields and is truly inter-
disciplinary. To address the research topics presented above, writing research needs to look at current 
developments in NLP, human–computer interaction, and the neurosciences (cf. Zock, 2020). First stud-
ies looking at not only the efficacy of integrating GenAI into writing courses by triangulation of product 
and process data but also research methods are already under way (e.g., Schnatz & Bieri, 2025). 

For Research Topic 4 specifically, there is a need to adapt methods from Bouriga and Olive (2021) and 
Liu et al. (2024) for controlled experiments focusing on producing running text from outlines by calling 
specific GenAI features in editors with integrated GenAI features. Established methodologies are  
insufficient. A new approach is needed to capture how GenAI reshapes cognitive load and higher-order 
tasks such as planning. Collaboration with psycholinguistics is needed to adapt double and triple task 
paradigms (cf. Olive et al., 2002). GenAI’s integration into writing involves dynamic and unpredictable 
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interactions, emphasizing the need to develop experimental protocols that account for these nuances, 
including how GenAI influences the distribution of cognitive resources during the writing process. 

4.3 What to expect 

The proposed research ideas and topics add significant value to writing research and writing instruc-
tion as well as to society at large. By exploring how GenAI can enhance cognitive aspects of writing, 
they address key issues at the intersection of AI, writing processes, and education. 

On a societal level, this research agenda addresses the pressing issue of (digital) literacy in a world 
soon to be imbued with AI—one might even argue that this has already happened. Writing remains an 
essential skill involving cognitive processes, but it is undergoing radical shifts due to new GenAI-based 
text production tools and the integration of GenAI into existing writing technology. This research 
agenda will provide insights into how these shifts can be harnessed. It will directly inform teaching 
practices by proposing improved methods for teaching writing (both learning-to-write and writing-to-
learn). 

GenAI-based tools or GenAI-driven features in writing tools promise to improve writing efficiency and 
efficacy: There is a clear need to validate and operationalize these claims by transferring them into 
practice. Methodological development of AI-assisted writing models will contribute to writing research 
as a scientific field and to frameworks for digital education that transform how writing is taught in 
universities and professional settings. 

5 Conclusion 
The integration of generative AI (GenAI) into writing represents a paradigm shift that calls for a reeval-
uation of writing models, pedagogical approaches, and digital literacy. This paper tries to explicate the 
roles of language technology in text production and proposes a research agenda addressing this shift 
through empirical studies and interdisciplinary research to develop new writing models that account 
for GenAI as collaborator and cognitive scaffold. 
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