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This study investigates filler word use in Notebookl.M-generated
podcast-style Audio Overviews to examine how Al-mediated spoken
discourse simulates spontaneous conversation at the discourse level.
The study has two objectives: to identify the types of filler words
produced in NotebookLM Audio Overviews and to explain their
discourse functions. A qualitative descriptive design was employed.
Five English-language CNN news articles representing politics,
health, entertainment, public relations, and international conflict
topics were uploaded to NotebookLLM, and the resulting podcast-style
Audio Overviews were transcribed manually. The data were coded for
filler type, namely lexical and non-lexical fillers, and analyzed
functionally using an adapted functional-pragmatic framework based
on Ghanmi’s discussion of filler word functions. The analysis
identified 255 filler tokens. Lexical fillers were dominant, with 233
occurrences, whereas non-lexical fillers occurred 22 times. Filler use
appeared in all topics, with the politics transcript showing the highest
total. All 255 filler tokens were coded according to one dominant

discourse function. Turn-taking signals formed the largest functional
category, followed by cognitive planning aids and discourse
connectors. The findings show that filler words in NotebookLM-
generated podcasts are patterned rather than random and contribute to
conversational flow, listener orientation, and discourse-level
naturalness. The study concludes that filler words in Al-generated
podcasts should be understood as pragmatic discourse resources and
not merely as signs of disfluency.

I. Introduction

Artificial intelligence has increasingly transformed language-related activities, including the
production of synthetic speech, automated dialogue, and podcast-style spoken content. Earlier forms
of speech synthesis began with mechanical attempts to imitate the human vocal tract [1]. Over time,
the technology developed into rule-based, concatenative, statistical, and neural forms of text-to-speech
systems that are now widely used in media production, accessibility tools, and digital communication
[2], [3], [4]. Contemporary text-to-speech systems are increasingly expected not only to convert
written text into sound, but also to simulate the rhythm, prosody, and interactional quality of human
speech [5], [6].

One important issue in this development concerns naturalness. Speech that is grammatically
correct but sounds overly smooth or mechanically polished may still be perceived as artificial.
Research on speech synthesis has shown that listeners evaluate synthetic speech partly through its
resemblance to spontaneous spoken language, including variation in rhythm, hesitation, and
conversational signaling [7], [8], [9]. In real interaction, speech is rarely perfectly fluent. Speakers
often use filler words such as um, uh, you know, like, well, and I mean. These forms are commonly
associated with hesitation, but they also serve important discourse functions, including signaling
planning, maintaining the floor, guiding listener attention, and marking transitions in meaning [10],
[11], [12].
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Filler words are therefore not merely errors or empty elements. Clark and Fox Tree argued that uh
and um function as meaningful signals in spontaneous speech [10]. Other studies have also shown that
fillers are shaped by age, gender, role, topic, and communicative context [13], [14], [15]. In podcast
discourse, Setyowati and Setyawan found that speakers in the DIVE Studios podcast produced both
lexicalized and unlexicalized filled pauses, with lexicalized fillers occurring more frequently and
functioning as hesitation markers, empathizing devices, mitigating devices, editing terms, and time-
creating devices [16]. In second language and classroom contexts, filler words may reflect planning
pressure, speech management, and pragmatic control [17], [18], [19]. In discourse-pragmatic terms,
fillers can contribute to cohesion, listener engagement, emphasis, and turn management [12].

The emergence of Al-generated podcast-style audio adds a new dimension to this discussion.
NotebookLM, a Google application, includes an Audio Overview feature that generates an extended
spoken dialogue between two Al hosts based on uploaded sources [20]. Unlike older text-to-speech
systems that often sounded robotic, this feature attempts to produce a podcast-like interaction that
sounds spontaneous, interpretive, and conversational. Recent work on Al speech and language
generation suggests that strategically inserted disfluencies may increase the naturalness of generated
utterances [21], [22], [23]. This means that filler words can be examined not only as features of human
conversation, but also as indicators of how artificial systems model spoken discourse.

Although previous studies have extensively examined filler words in naturally occurring spoken
discourse, including spontaneous conversation, classroom interaction, and human produced podcasts,
these studies primarily focus on human speakers and their communicative behavior. Other studies
have investigated the insertion of disfluencies into synthetic speech to improve perceived naturalness,
but they generally treat fillers as engineering techniques rather than as discourse-pragmatic resources.
Consequently, these two lines of research have remained largely separate. Little attention has been
paid to how conversational Al systems themselves generate and deploy filler words within extended
spoken interaction. In particular, NotebookLM's Audio Overview feature has not yet been
systematically examined with regard to the types of filler words it produces and the discourse
functions those fillers perform. This omission is important because NotebookLM represents a new
generation of Al systems that generates interactive podcast-style conversations rather than simply
converting written text into speech. Examining filler word use in this context can therefore contribute
not only to discourse-pragmatic research but also to broader discussions of conversational naturalness
in Al-generated speech. This study addresses this gap by investigating both the types of filler words
produced in NotebookLM Audio Overviews and the discourse functions they perform throughout the
generated conversations.

This study focuses on filler words in NotebookLM-generated podcasts. This study addresses two
research questions. First, what types of filler words are produced in NotebookLM-generated Audio
Overviews? Second, what discourse functions do these filler words perform in the generated podcast-
style discourse? The study aims to analyze the types, frequency, and communicative roles of filler
words in NotebookLM Audio Overview transcripts. The significance of this study extends beyond
describing filler word frequency. By examining how NotebookLM employs filler words as discourse-
pragmatic resources, the study contributes to a better understanding of how contemporary
conversational Al systems simulate interactional naturalness. The findings are expected to contribute
to discourse-pragmatic studies, the evaluation of Al-generated spoken communication, and future
research on conversational language generation.

II. Method

A. Research Design

This study employed a qualitative descriptive research design. Qualitative descriptive research is
appropriate when a study aims to provide a direct and systematic description of a phenomenon in its
natural form [24], [25]. In the present study, the phenomenon under investigation was the use of filler
words in Al-generated spoken discourse. The analysis was interpretive, but it remained closely tied to
the observable linguistic forms found in the transcripts.

The object of the study was filler word usage in spoken texts generated by NotebookLM’s Audio
Overview feature. The dataset consisted of five podcast-style transcripts derived from English-
language CNN news articles across different thematic domains. The source articles were selected
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e
through purposive sampling based on four criteria. First, each article was written in English to ensure
linguistic consistency across the dataset. Second, all articles originated from CNN so that differences
in journalistic style across news organizations would not influence the generated podcasts. Third, the
articles represented different thematic domains, namely politics, health, entertainment, public
relations, and international conflict, in order to capture variation in discourse contexts. Finally, each
article contained sufficient informational content to enable NotebookLLM to generate an extended
podcast-style dialogue. These transcripts were analyzed as generated spoken discourse, with attention
to filler type and discourse function. The selected articles are as follows:

e Politics: “Trump took the US economy to the brink of a crisis in just 100 days”
https://edition.cnn.com/2025/04/28/politics/tariffs-economy-100-days-trump/index.html

e Health: “What you eat in midlife affects how healthy you are at age 70, according to a new
study”
https://edition.cnn.com/2025/04/06/health/diet-food-aging-nutrition-study-
wellness/index.html

e Entertainment: “Screens are the enemy in new ‘Toy Story 5’ teaser trailer”
https://edition.cnn.com/2025/11/1 1/entertainment/toy-story-5-teaser-watch-now

e Public relations: “JD Vance brushes off speculation about his marriage”
https://edition.cnn.com/2025/12/05/politics/jd-vance-usha-vance-marriage

e International conflict: “Could the latest Ukraine talks actually end the war? Here’s what to
know”
https://edition.cnn.com/2025/11/25/europe/ukraine-russia-war-trump-diplomacy-explainer-
latam-intl

Although the dataset consisted of only five source articles, this number was considered appropriate
for the qualitative descriptive approach adopted in this study. Rather than seeking statistical
generalization, qualitative descriptive research emphasizes detailed contextual interpretation of
linguistic phenomena. Topic variation was therefore prioritized over sample size to facilitate an in-
depth analysis of filler word use across different communicative contexts.

Each article was uploaded into NotebookLLM, which then generated an audio conversation between
two Al speakers. The resulting audio outputs were transcribed manually and treated as spoken
discourse data. The articles were accessed on December 20, 2025. The Audio Overviews were
generated once for each source article on December 20, 2025. Because NotebookLM outputs may
vary across generation attempts, the analysis was limited to the five Audio Overviews produced during
this data collection session.

The selected source articles were chosen to provide topic variation and to make it possible to
examine whether filler use changed across different thematic domains. The unit of analysis was the
filler word, defined here as a lexical or non-lexical item that does not primarily add propositional
meaning but serves a pragmatic or discourse-management function. Lexical fillers included forms
such as you know, I mean, like, okay, and well. Non-lexical fillers included um and uh.

B. Data Source and Collection

The data collection procedure followed five steps. First, five English-language news articles were
selected. Second, each article was uploaded into NotebookLM to generate an Audio Overview. Third,
the audio outputs were exported and transcribed manually. The length of each transcript was recorded
to provide contextual information for interpreting filler frequency across topics. Fourth, each transcript
was examined line by line to identify potential filler words. A token was identified as a filler only
when its primary role was to manage discourse or interaction rather than contribute propositional
meaning to the utterance. Lexical items functioning as ordinary content words were excluded from
coding. When a lexical item could plausibly function either as a filler or as an ordinary lexical
expression, the surrounding utterance was examined to determine its dominant communicative role.
Only tokens functioning primarily as discourse management devices were retained for analysis. Fifth,
each filler token was coded by type and by discourse function in context. Manual transcription and
coding were chosen because they allow close attention to contextual nuance and pragmatic function,

which can be difficult to capture through automated extraction alone [26], [27].
0
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C. Data Analysis

The analytical framework was adapted from Ghanmi’s functional-pragmatic discussion of filler
words [12]. Ghanmi treats filler words as meaningful discourse resources that may support continuity,
attention, coherence, and communicative intention. Based on this perspective, the present study
operationalized five discourse functions for coding: cognitive planning aid, turn-taking signal,
attentional cue, emphasis or reassurance, and discourse connector. These functions are defined in
Error! Reference source not found.

Table 1. Operational Definitions of Filler Word Discourse Functions

Function Operational Definition
Cognitive planning aid A filler occurring before elaboration, exemplification, reformulation, or delayed
continuation, indicating a simulated planning position in the generated discourse.
Turn-taking signal A filler marking the beginning, holding, or transition of a speaker’s turn
Attentional cue A filler guiding the listener toward upcoming or important information
Emphasis or reassurance A filler strengthening, clarifying, softening, or confirming a claim
Discourse connector A filler linking clauses, ideas, or discourse segments

Each filler token was examined within its immediate utterance context and assigned one dominant
discourse function. The coding process also recorded the filler type and its position within the
utterance. To enhance coding consistency, the researcher conducted three successive rounds of coding.
The first round focused on identifying all potential filler tokens. The second classified each token as
lexical or non-lexical. The third assigned each token one dominant discourse function based on its
immediate context and the operational definitions presented in Table 1. Ambiguous cases were
revisited until a consistent interpretation was reached. Although formal intercoder reliability was not
employed because the study was conducted by a single researcher, coding reliability was strengthened
through repeated coding, continuous comparison across coding rounds, and systematic reference to
the operational definitions throughout the analytical process.

ITI. Results and Discussion

This section presents the findings according to the two research questions formulated in the
Introduction. The first research question examines the types of filler words produced in NotebookLM -
generated Audio Overviews, whereas the second investigates the discourse functions performed by
those filler words. Across the five generated podcast transcripts, a total of 255 filler tokens were
identified. The findings indicate that NotebookLM consistently produced both lexical and non-lexical
fillers across all topics, suggesting that filler use was a systematic feature of the generated spoken
discourse rather than an isolated phenomenon.

The first result concerns filler type. Table 2 shows that lexical fillers were far more frequent than
non-lexical fillers. Of the 255 tokens, 233 were lexical fillers and 22 were non-lexical fillers. This
distribution indicates that the NotebookLM outputs contained more discourse-oriented expressions
such as you know, I mean, like, okay, and well than hesitation-only markers such as um and uh. This
pattern is important because lexical fillers often contribute more directly to the organization of
interaction and the framing of meaning than purely non-lexical hesitation sounds [10], [12].

Table 2. Distribution of Filler Word Types

Filler Type Example Forms Frequency
Lexical you know, I mean, like, okay, well 233
Non-lexical um, uh 22
Total 255

To facilitate comparison between lexical and non-lexical fillers, Figure 1 provides a visual
representation of their overall distribution in the NotebookLLM-generated podcasts.
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Figure 1. Distribution of Filler Word Types in NotebookLM-Generated Audio Overviews

The predominance of lexical fillers suggests that NotebookLM is not merely simulating speech
disfluency but is instead generating discourse markers that organize interaction and maintain
conversational flow. In spontaneous discourse, lexical fillers frequently function as turn openers,
transition markers, explanation frames, and listener oriented cues [13], [19]. Their high frequency
therefore indicates that the generated dialogue resembles conversational interaction rather than a
simple oral rendering of written text.

The second result concerns topic distribution. Table 3 shows that filler frequency was not uniform
across the five topics. Politics contained the highest number of filler tokens with 63 instances,
followed by health with 58, public relations with 49, international conflict with 47, and entertainment
with 38. Lexical fillers outnumbered non-lexical fillers in every topic.

Table 3. Distribution of Filler Words Across Topics

Topic Lexical Fillers Non-lexical Fillers Total
Politics 56 7 63
Health 54 4 58
Entertainment 34 4 38
Public relations 44 5 49
International conflict 45 2 47
Total 233 22 255

Figure 2 visually summarizes the distribution of filler words across the five thematic domains.
Although lexical fillers predominated in every topic, the overall frequency of filler words varied across
the generated podcasts.
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Figure 2. Distribution of Filler Words Across Topic Domains in NotebookLM-Generated Audio Overviews
As illustrated in Figure 2, the politics transcript contained the highest frequency of filler words,
whereas the entertainment transcript showed the lowest frequency. This pattern may be interpreted in

relation to the complexity of the source text and the explanatory demands of the generated dialogue.
Research on spoken production has shown that greater cognitive load can affect temporal organization
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and increase disfluency patterns [28]. Similarly, Gobel and McCarthy found that increased cognitive
load affected bilingual speech production, with speakers showing stronger L1 transfer when attention
was divided, suggesting that cognitive demands can shape spoken output patterns [29]. Political
discourse often involves abstract claims, competing viewpoints, evaluative language, argumentative
framing, and persuasion [30]. In a generated podcast setting, these discourse demands may encourage
the use of fillers that simulate deliberation, mark transitions, and guide listeners through complex
information. However, this interpretation should be treated cautiously because each topic was
represented by only one source article.

Health also showed a relatively high filler count. One possible reason is that health-related material
often combines information delivery with explanation and practical interpretation. When the
generated dialogue connects evidence, consequences, and recommendations, fillers such as so, well,
and you know may help organize the discourse and guide listener attention. By contrast, the
entertainment transcript showed a lower frequency of fillers. Entertainment discussion in the present
data appeared more narrative and descriptively linear. Familiar topics with concrete referents can be
easier to structure, which may reduce the need for hesitation and discourse-management markers. This
explanation is consistent with findings that topic familiarity supports conceptualization and can
improve spoken production [31]. The public relations and international conflict transcripts also
produced substantial numbers of fillers, with 49 and 47 tokens respectively. However, both remained
lower than the politics transcript. Entertainment showed the lowest total, with 38 tokens, which may
reflect the more linear and narrative structure of the generated discussion in this dataset. However,
this should not be interpreted as evidence that these themes are inherently simpler. It is more
reasonable to say that filler frequency depends not only on topic label, but also on how the source text
frames the topic and how the generated dialogue organizes it. Nevertheless, these differences should
be interpreted cautiously because each thematic domain was represented by only one source article.
The observed variation therefore reflects patterns within the present dataset rather than definitive
evidence that topic alone determines filler word use in Al-generated spoken discourse. Future studies
employing larger datasets will be necessary to evaluate whether similar topic-based patterns emerge
consistently.

The third result concerns discourse function. Each filler token was coded according to one
dominant pragmatic role. Table 4 summarizes the results. Turn-taking signals formed the largest
category with 83 tokens, followed by cognitive planning aids with 59, discourse connectors with 57,
emphasis or reassurance markers with 34, and attentional cues with 22. These results indicate that
fillers in the dataset were used mainly to manage conversational turns, simulate planning-like
positions, and connect discourse segments.

Table 4. Distribution of Filler Words by Discourse Function

Discourse Function Example from Data’ Filler Word Frequency
Cognitive Planning Aid the examp;f(:)loff, ,l,l m, playing um 59
Turn-Taking Signal Okay, let’s unp ac’lf this new Okay 83

tension...
Attentional Cue You lfnow, the p’z}ce of You know 22
diplomacy...
Emphasis or Reassurance I'mean, when you 100,1,{ at the I mean 34
core demands...
Discourse Connector ng.ht‘ So think Of.th.ls as ,L,ls So 57
doing the heavy lifting...

Total 255

* The examples indicate representative uses found in the dataset, not fixed one-to-one associations between filler forms and discourse
functions. Since filler words may be multifunctional, each token was coded according to its dominant function in context.

Figure 3 provides a visual summary of the distribution of filler words across the five discourse
functions identified in the analysis. Turn-taking signals constituted the largest functional category,
followed by cognitive planning aids and discourse connectors, whereas attentional cues occurred least
frequently.
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Figure 3. Distribution of Filler Words by Discourse Function in NotebookLM-Generated Audio Overviews

Overall, the functional distribution demonstrates that filler words in NotebookLM-generated
podcasts are systematically employed rather than randomly inserted. The predominance of turn-taking
signals, cognitive planning aids, and discourse connectors suggests that filler words contribute
primarily to organizing interaction and maintaining discourse coherence, thereby enhancing the
conversational quality of the generated dialogue.

The prominence of turn-taking signals indicates that NotebookLM frequently uses fillers to
organize speaker transitions and maintain the impression of responsive dialogue. Markers such as
okay, right, yeah, and well often appear at the beginning of turns or at points of transition, creating a
podcast-like interactional thythm. This pattern is important because the Audio Overview format
presents information through two alternating speakers, so turn-management markers help sustain the
illusion of conversational exchange.

Cognitive planning aids were the second most frequent category. Although the data are Al-
generated and cannot be interpreted as evidence of actual mental hesitation, fillers such as um, uh,
well, and like often appear before elaboration, reformulation, or explanatory phrasing. These tokens
therefore occupy planning-like positions in the generated discourse and contribute to the simulation
of spontaneous spoken production.

Discourse connectors also appeared frequently. Fillers such as so, well, and then helped link one
idea, explanation, or topic segment to another. Their frequency suggests that filler words in the dataset
were not used merely to imitate hesitation, but also to organize coherence across the generated podcast
dialogue.

Emphasis or reassurance was another important functional category. Markers such as I mean and
right were often used before clarification or reformulation. This function gives the impression that the
speaker is checking alignment with the listener or reinforcing an intended interpretation. In
conversational discourse, fillers can be used strategically to soften or strengthen meaning, not simply
to fill silence [12], [15]. The presence of this function in the dataset supports the view that
NotebookLM-generated speech includes pragmatic features associated with listener orientation.

Attentional cues occurred less frequently than the other functional categories, with 22 tokens.
However, they remain analytically important because they show how fillers such as you know and so
can orient listeners toward upcoming or salient information. Their lower frequency suggests that
listener orientation was present in the dataset, but it was less central than turn management, planning-
like positioning, and discourse connection.

Several transcript excerpts illustrate these functions. In the politics transcript, the utterance “the
example of, um, playing golf...” shows a non-lexical filler before a concrete explanation, which
indicates a simulated cognitive planning position. In the entertainment transcript, “Okay, let’s unpack
this new tension...” begins with a turn-taking signal that opens a new analytical segment. In the
international conflict transcript, “You know, the pace of diplomacy...” functions as an attentional cue
because it orients the listener to the topic under discussion. In another international conflict excerpt,
“I mean, when you look at the core demands...” uses a lexical filler to frame clarification and emphasis.
Finally, in the politics transcript, “Right. So, think of this as us doing the heavy lifting...” uses so as a
discourse connector that links the previous point to the next explanatory move. These examples
demonstrate that the fillers were contextually integrated into the generated dialogue rather than
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inserted in a random way.

Overall, the findings answer both research questions by demonstrating that NotebookLM-
generates both lexical and non-lexical fillers and that these fillers consistently perform identifiable
discourse-pragmatic functions throughout the generated conversations. Taken together, these results
support the argument that filler words in NotebookLM-generated podcasts function as pragmatic
resources contributing to discourse-level naturalness. This interpretation is consistent with recent
work suggesting that disfluency insertion may enhance the human-like quality of generated utterances
[21], [23]. It also resonates with broader work on synthetic speech naturalness, which emphasizes the
role of prosody, spontaneity, and conversational texture in user perception [7], [8], [22]. The findings
therefore suggest that, in the analyzed dataset, NotebooklLM-generated podcast speech does not
merely vocalize source content but also simulates selected features of interactional discourse behavior.

At the same time, the findings should be interpreted within the study’s limits. The dataset was
restricted to five podcasts from one platform and one source domain. Each topic was represented by
one source article, so the findings cannot be generalized to all topic types or all Al-generated podcasts.
Furthermore, because NotebookLM may produce different outputs across repeated generations, the
present findings should be interpreted as representing the specific outputs generated during the
documented data collection session rather than all possible outputs produced by the system. The
coding process was manual and therefore depended on contextual judgment. In addition, the study
focused specifically on filler words and did not examine pause duration, intonation, repair sequences,
or other prosodic features that also shape naturalness. Since the study did not involve listener
perception testing, claims about naturalness are limited to discourse-level interpretation rather than
measured audience perception.

IV. Conclusion

This study examined filler words in NotebookLM-generated podcasts in order to identify the types
of fillers produced and explain their linguistic functions. The findings show that NotebookLM-
generated both lexical and non-lexical fillers across all five podcast topics. Lexical fillers occurred
much more frequently than non-lexical fillers, with 233 lexical fillers and 22 non-lexical fillers out of
255 total tokens. This indicates that the generated speech relies strongly on discourse-oriented
expressions rather than on hesitation markers alone.

Functionally, the fillers served as turn-taking signals, cognitive planning aids, discourse
connectors, emphasis or reassurance markers, and attentional cues. Among these categories, turn-
taking signals appeared most frequently, followed by cognitive planning aids and discourse
connectors. This result suggests that filler words in the generated podcasts were used not only to
simulate hesitation, but also to manage speaker transitions, organize discourse flow, and create a more
interactive listening experience.

Topic variation also mattered. Politics produced the highest number of fillers, followed by health,
public relations, international conflict, and entertainment. This suggests that filler frequency may be
influenced by topic complexity, source-text framing, and the way the generated dialogue organizes
explanation.

Overall, the study concludes that filler words in NotebookLM-generated podcasts should not be
viewed merely as signs of disfluency. They function as pragmatic resources that help Al-generated
discourse simulate spontaneity, coherence, and human-like interaction at the discourse level. Future
research may compare NotebookLM with other Al platforms, expand the dataset, include human
podcast data as a comparison, and investigate additional spoken language features such as pause
structure, intonation, self-repair, and prosodic variation. Such investigations will contribute to a
broader understanding of how conversational Al systems employ discourse-pragmatic resources to
approximate naturally occurring spoken interaction and may inform the development of more natural
and context-sensitive Al-generated speech.
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