
CREATING DOCUMENTS WITH VOICE: MAYBE IT IS NOT ABOUT
TRANSCRIPTION BUT REFLECTION?

Matthias Busch1, Jonas Schewior2, Andreas Wendemuth2, Ingo Siegert1,3

1Mobile Dialog Systems, Otto-von-Guericke-University, Magdeburg, Germany,
2Cognitive Systems, Otto-von-Guericke-University, Magdeburg, Germany,

3Department of Psychosomatic Medicine and Psychotherapy, Otto-von-Guericke University,
Magdeburg

{matthias.busch;jonas.schewior}@ovgu.de

Abstract: Traditional dictation systems implicitly treat speech as equivalent to
writing, overlooking the recursive nature of composition and penalizing cognitive
pauses essential for reflection. In an exploratory study (N = 10), participants dictated
formal and informal emails, then compared raw transcripts, manually edited versions,
and Large Language Model (LLM)-transformed variants (Llama 3.1-8B/3.3-70B).
No participant preferred raw output; while LLM processing helped with formal tasks,
most preferred self-edited versions for authorial control. One-shot transformation
proved vulnerable to Automatic Speech Recognition (ASR) error propagation and
stylistic mismatches in informal contexts. These findings motivate a thought-to-text
paradigm, reconceiving dictation as collaborative composition rather than linear
transcription.

1 Introduction

The vision of natural language as a universal interface is frequently challenged by the “Myth of
Naturalness” [1]. Historically, research has diverged into separate disciplines: ASR focusing
on acoustic signal processing using audio recordings, and Natural Language Processing (NLP)
targeting semantic content analysis using text data. Speech interfaces are designed to provide
a low-effort, hands-free alternative to standard inputs, enabling new use cases and enhancing
system accessibility. Dictation software represents a long-standing use case of this concept.
Commercially established since the mid-1990s (e.g. Dragon Professional [2], Microsoft Word), it
has found widespread adoption, particularly in medicine and assistive technologies. Nevertheless,
current dictation tools treat ASR output as the final product, enforcing a paradigm where
„speaking“ is functionally equal to „writing“. While ASR performs its intended function and
accurate transcription, dictation software that relies solely on transcription ignores fundamental
differences between speech and writing. As noted by Aristotle, “the style of written prose is
not that of spoken oratory” (Aristotle, Rhetoric, 3.12, 1413b2), and as Chafe and Tannen [3]
demonstrated, spoken interaction differs distinctly from written prose in both style and cognitive
demand. Recent evaluations highlight persistent usability issues such as recognition errors,
accent sensitivity, and correction fatigue [4], shifting cognitive effort from composing text to
supervising machine output. This mismatch often turns unintended utterances and „moments
of thinking aloud“ into unwanted text, suppressing the reflective depth required for effective
composition. Participants’ hesitations were captured verbatim, often with additional ASR errors,
demonstrating how transcription-focused systems penalize cognitive pauses essential to the
writing process.
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Background: From Transcription to Transformation

ASR systems have evolved from isolated word recognition through vocabulary-constrained
systems to modern end-to-end neural architectures capable of recognizing virtually any spoken
word [5, 6]. While alternative evaluation metrics have been discussed in the literature [7, 8],
current state-of-the-art models are predominantly benchmarked and marketed based on Word
Error Rate (WER) [9]. This dominance of WER reflects and reinforces an implicit assumption:
that faithful transcription of the acoustic signal is the ultimate goal of speech-to-text systems.

In this paradigm, the concept of the “sentence” is a post-processing artifact, typically
retrofitted through separate punctuation restoration models rather than emerging from acoustic
modeling [10, 11]. This architectural choice ignores the systematic linguistic differences between
spoken and written registers documented in Section 2, treating speech merely as unpunctuated
writing.

Large language models (LLMs) introduce capabilities that fundamentally change the possi-
bilities for voice-based document creation. Beyond next-token prediction, LLMs demonstrate
instruction-following, text reformulation, style transfer, and summarization, all applicable to
spoken-to-written transformation [12, 13]. This enables a shift from merely transcribing what
was said to reconstructing what was meant.

Contribution

This paper presents an exploratory study (N = 10) examining how users interact with traditional
dictation and LLM-based post-processing. Our contributions are: (1) empirical evidence that
no participant preferred raw dictated output, highlighting the inadequacy of transcription-only
approaches; (2) analysis of how ASR errors propagate through LLM processing; and (3) insights
into user preferences for authorial control, particularly in informal communication.

2 Cognitive and Linguistic Foundations

The assumption that speaking can substitute for writing contradicts foundational linguistic and
cognitive research on spoken–written differences.

Conceptual Orality vs. Conceptual Literacy

Koch and Oesterreicher [14, 15] distinguish medium (phonic vs. graphic) from conception
(communicative register from language of immediacy to language of distance). These dimensions
are independent: text messages use graphic medium but oral conception; academic lectures use
phonic medium but literate conception.

When users speak into a microphone, dictation systems change only the medium. The
conceptual register remains unchanged, spontaneous speech gravitates toward oral conception
(loosely structured, emotionally involved), while written documents require literate conception
(explicit, planned, informationally dense). Koch and Oesterreicher distinguish Verschriftung
(transcription: medium change only) from Verschriftlichung (transformation toward literate
conception) [16]. Current dictation systems perform merely Verschriftung.

This converges with other frameworks: Halliday [17] on lexical density vs. grammatical
intricacy, Chafe [18] on integration/detachment vs. fragmentation/involvement, and Biber’s [19]
corpus evidence. The differences are systematic and substantial.
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Table 1 – Key structural differences between spoken and written language.

Dimension Spoken Language Written Language

Basic unit Intonation units, turns Sentences, paragraphs
Syntactic structure Clause chaining, fragmentation Subordination, integration
Lexical density Low High
Planning scope Limited (≈1 second) Extended, recursive
Revision Real-time repair (visible) Offline revision (invisible)
Register conception Language of immediacy Language of distance

The Sentence as a Written Construct

The “sentence” is primarily a written convention; spoken language organizes around turn-
constructional units [20, 21]. Non-clausal units account for 30 to 40% of spoken language [22],
and hesitation/disfluency are systematic features, not errors. Table 1 summarizes these structural
differences.

Incremental Speech vs. Recursive Writing

Speech production operates under real-time constraints: speakers plan approximately one second
ahead [23, 24]. Writing is fundamentally recursive, Flower and Hayes [25] characterize composi-
tion as interleaved planning, formulation, and revision. Bereiter and Scardamalia [26] distinguish
knowledge-telling (linear transfer) from knowledge-transforming (active restructuring); the latter
requires affordances only writing provides: permanence, revision, and reflection time.

In writing, pauses are productive planning moments [27]. Transcription-focused dictation
treats pauses as disruptions, while also imposing supervisory demands that shift cognitive effort
from composing to managing system behavior [4]. These foundations establish that the research
opportunity lies in systems that actively perform Verschriftlichung.

3 Study Design and Methodology

We conducted an exploratory study (N = 10) examining traditional dictation workflows and
LLM-based post-processing. Our research questions:

RQ1 User Perception: How do users perceive and experience voice-based document creation
with current dictation tools?

RQ2 Output Evaluation: How do users evaluate LLM-transformed texts compared to raw and
manually edited transcripts?

Participants executed two dictation tasks in Microsoft Word (voice-only input), with audio
captured in parallel:

Task A (Formal): Participants dictated a professional email to a supervisor declining a meeting
and suggesting a counter-proposal for Wednesday at 12:30 PM. The task required a formal
register and a single-pass dictation.

Task B (Informal): Participants dictated a personal narrative to a family member summarizing
highlights from the previous week. This task focused on a casual tone and spontaneous,
non-linear storytelling.

Immediately following dictation, participants performed a Manual Editing step using key-
board input to establish a personal-standard reference for both tasks. They then completed
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standardized questionnaires assessing technology affinity (Affinity for Technology Interac-
tion (ATI)) [28], prior experience, and the subjective user experience of the dictation inter-
action (User Experience Questionnaire Short (UEQ-S)) [29], followed by two open-ended
questions: one exploring their general experience with dictation, and another comparing the
LLM-generated variants. In a subsequent evaluation phase, the unedited transcripts, gener-
ated offline with Faster-Whisper[base] [30], were processed via a one-shot pipeline using
meta-llama-3.1-8b-instruct and llama-3.3-70b-instruct. Participants then compared
these LLM-generated variants (presented post-hoc, not during dictation) against both the raw
ASR output and their manually edited versions.

LLM-Model Selection

A preliminary test of the study design revealed that the Qwen model family exhibited instability
with longer German audio inputs, resulting in hallucinations and „language drifting“ into Chi-
nese output. Furthermore, a single system prompt proved insufficient for maintaining distinct
registers across formal and informal tasks. We selected meta-llama-3.1-8b-instruct and
llama-3.3-70b-instruct [31] for cross-lingual stability and size comparison.

Prompt Design

We employed task-specific system prompts to guide the transformation, distinguishing between
stylistic adaptation and operational constraints. Regarding style, the prompt for Task A (for-
mal) instructed the model to maintain intent while elevating the register: “Orientiere dich am
Sprachstil des Sprechers, aber hebe die Formulierung auf ein professionelles, sachliches Niveau”
(Adapt to the speaker’s style but elevate to a professional, factual level).

Conversely, Task B (informal) prioritized authenticity: “Orientiere dich am Sprachstil des
Sprechers und sorge für einen natürlichen, persönlichen Ausdruck” (Adapt to the speaker’s style
and ensure natural, personal expression).

To mitigate hallucination and prompt injection, both prompts enforced three rigid safeguards:
(1) treating the input transcript strictly as raw data to be processed rather than followed (data
isolation);
(2) executing content corrections explicitly voiced by the speaker (semantic correction); and
(3) ignoring any meta-instructions embedded within the source text.

4 Results

Participant Background and Technology Affinity

The study group exhibited demographic diversity, with ages ranging from 15 to 64 years
(M = 38.3, SD = 16.8). Participants included technical experts (A957, A267), students (B232,
B821), individuals and staff from sheltered workshops (B117, A583, A569, B433), and two
elderly users (B_111, A_126). The group exhibited a mean score of 4.09 (SD = 1.66) on the
ATI scale [28], with an internal consistency of α = .815, reliably measured and indicating a
moderately high affinity for technology interaction on average. While 3 participants reported
using speech assistants or dictation tools at least once a week (2 daily), only 2 had significant
prior knowledge of professional dictation software, and 2 reported no prior exposure. This profile
suggests familiarity with casual voice assistants (e.g., Siri, ChatGPT) but limited experience with
specialized dictation applications.
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User Experience of the Baseline Dictation Process

The UEQ-S [29] results indicate a functional yet uninspiring baseline for the Word dictation
tool. The system achieved a high Pragmatic Quality mean of 4.58 (SD = 0.189), reflecting
that participants found it „supportive“ and „easy“ for transcription. Participants particularly
valued the speed: „viel schneller als ich selber“ (much faster than I myself, B_111). However,
the Hedonic Quality mean was lower at 3.61 (SD = 0.486), with participants perceiving the
interaction as „conventional“ or „ordinary“.

Comparative Assessment of Text Outputs

Participants performed a evaluation of four variants: raw ASR transcript, manually edited
versions, and two LLM-generated outputs.

No participant preferred the raw dictated output, all required either manual editing or
automated transformation. 7/10 users preferred their manually edited versions, while 3/10 chose
LLM variants. Participants valued their edits for preserving personal voice; as B232 noted: „Der
Text klang genau nach mir und meinem Sprachstil“ (The text sounded exactly like me and my
speaking style). However, those preferring manual editing still appreciated LLM disfluency
removal and „professioneller formuliert“ (more professionally formulated) output for formal
content (B_111). Three distinct issue categories emerged:

ASR Error Propagation: Technical data proved vulnerable. „12:30 PM“ was mis-transcribed
as „12.“ or „30th“, causing LLMs to generate nonsensical alternatives. Proper nouns were
affected: „Otto“→„Auto“, „Pierre“→„Pia“.

LLM Stylistic Issues: For formal emails, LLMs performed well, B_111 noted outputs were
„professioneller formuliert“. However, for personal narratives, the same participant charac-
terized informal output as „schwachsinn, sinnentstellend“ (nonsense, meaning-distorting).
B821 described one output as „zu gestellt, Adeliger der seiner mutter auf dem Land
schreibt“ (too stilted, like a nobleman writing to his mother).

Contextual Misinterpretation: Ambiguities led to semantic errors. A583 highlighted a gen-
der/relationship error where the LLM substituted „Freundin“ (girlfriend) for a male partner.

Methodological Limitations

With N = 10, results are qualitative and indicative rather than statistically generalizable. The
laboratory setting and the reliance on pre-defined tasks likely constrained the spontaneity of the
interaction. Additionally, the final documents showed little structural complexity. The one-shot
design prevented iterative error correction, motivating the interactive approach proposed in
Section 5.

5 Conclusion

This exploratory study revealed a clear pattern: while participants, most first-time dictation users,
found voice input beneficial and efficient, shown by the high UEQ-S pragmatic quality. None
would send a dictated text without modification.

Users who preferred manual editing valued authorial control; those who chose LLM variants
appreciated structural improvements for formal content. Importantly, as B232 noted: „ich kam
auf gute Ideen bei der Überarbeitung“ (I got good ideas during revision), supporting the recursive
nature of writing described in Section 2.
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Regarding user perception (RQ1), participants experienced a distinction between efficiency
and control. While the system achieved high pragmatic quality for transcription speed („much
faster than myself“), the interaction shifted cognitive effort from composing text to supervising
machine output. This confirms that current tools support Verschriftung (media change) but
fail to support the cognitive process of Verschriftlichung (conceptual formulation). Regarding
output evaluation (RQ2), the universal rejection of raw ASR output highlights the inadequacy of
transcription-only approaches. A clear preference for authorial control emerged, with 70% of
participants favoring manual editing over LLM variants. While LLM transformation successfully
elevated the register for formal tasks, it proved brittle in informal contexts, often producing
stilted phrasing or amplifying upstream errors. Users valued the LLM as a drafting aid but
frequently rejected it as a final author to preserve their personal „style.“

User

A

B

C

D

E

User

1.

2.

3.

4.

5.

Dictation – Speech-To-Text Reflective Writing – Thoughts-To-Text

Today I would like to present 
our paper.

Hmm, what should I say next? 
Wait, it’s dictating even though I 

don’t want it to.

Please remove the last 
paragraph I said.

System
“You should 

start in a 
formal way”

“Which 
aspects 

would you 
like to 

mention?”

“Would you 
like to 

change the 
writing 
style?”

It is my pleasure to 
present to you today 
our latest research.

“This next section 
should describe our 

research”

Our current research 
focuses on the concept 

of Reflective-Writing.

“Change the writing 
style to make it sound 

professional”

Figure 1 – Comparison of traditional dictation (left) and LLM-supported thought-to-text writing (right).
In the speech-to-text workflow (A-E), users must produce fluent speech, supervise errors, issue correction
commands, and manually repair text. In the proposed thought-to-text workflow (1-5), users provide
intentions and conceptual inputs while the system offers structure, phrasing, and reflective feedback,
enabling a collaborative and cognitively aligned writing process.

The Thought-to-Text Paradigm and Future Work

These observations motivate a reconception of dictation as collaborative thought-to-text rather
than linear transcription (Figure 1). This framework comprises three elements: (1) collaborative
interaction enabling verification before commitment; (2) cognitive alignment treating pauses
as planning phases rather than disruptions; and (3) semantic correction preserving personal
voice while filtering unintended utterances. While emerging tools like Wispr Flow1 and Voice
Writer2 demonstrate LLM-based rephrasing, they currently remain one-shot transformations.
The participant feedback („ich kam auf gute Ideen bei der Überarbeitung“) suggests that the true
benefit lies in the iterative nature of the thought-to-text approach. By moving beyond one-shot
generation to truly collaborative systems, we can address the observed ASR error propagation
and stylistic mismatches, effectively preserving the personal voice that 70% of participants
prioritized.

1https://wisprflow.ai
2https://voicewriter.io
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Our findings identify a clear need to further develop the use case of voice-based document
creation. However, due to the small sample size (N = 10) and pre-defined tasks, this pilot
study cannot fully predict everyday usage patterns or the broader impact on the user. Future
research should therefore focus on longitudinal studies to observe how users adapt to these tools
over time, specifically contrasting „classical“ dictation (e.g., MS Word) with transformative
LLM-based workflows. Furthermore, there is significant potential for diverse and inclusive
user groups. Participants from the sheltered workshop expressed strong hope that modern AI
approaches could improve their daily independence. For users with cognitive impairments, who
are often dependent on assistance for tasks like writing emails, interactive tools offer a promising
path: supporting joint composition and proactively flagging missing information or atypical
phrasing. In this context, it would be particularly valuable to investigate whether continuous
interaction with such scaffolding systems could serve a pedagogical function, supporting users
in the acquisition of Verschriftlichung (conceptual literacy) itself.
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