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Abstract
Speech disfluencies are vital for understanding cognitive pro-
cesses and improving speech recognition systems. We curate a
dataset with annotated text and labeled speech disfluencies from
more than 20 hours of speech from monolingual and bilingual
speakers. Furthermore, we illustrate a large-scale validation of
a bilingual cognitive fatigue phenomenon that seems to be in-
dependent of the two spoken languages of the speakers. That
is, after navigating a lexically complex word, bilingual speak-
ers tend to use a disfluency, such as a filled pause or repair,
followed by a phonetically simpler word in order to possibly
regain momentum for subsequent utterance segments. We con-
clude by exploring how our research can help speech patholo-
gists by revealing distinct bilingual cognitive strategies and how
they manifest in speaker disfluencies.
Index Terms: speech disfluencies, bilinguals, machine learn-
ing, statistical analysis

1. Introduction and Related Work
Speech disfluencies, such as repetitions, revisions, pauses, and
fillers, are prevalent in both typical and disordered speech and
serve as key signals of underlying cognitive processes [1, 2, 3,
4, 5, 6, 7, 8, 9, 10]. Such disfluencies occur across the lifespan
[6, 11], can signal processing difficulties [12], and often vary
in form, depending on the speaker’s linguistic background [13,
14], age [2, 6], and clinical profiles [15, 16, 17]. Disfluencies
are also related to cognitive load, revealing how speakers plan
and monitor their utterances [7, 18, 19, 20] and offering insights
for speech and language production [5, 8].

With regard to bilingual speech production, disfluencies can
be indicative of increased cognitive demands or challenges dur-
ing language production due to the navigation of two languages
[21]. These challenges may be due to insufficient knowledge
and practice of the speaker’s second language. Namely, when
using their second language, speakers are recruiting more cog-
nitive resources that can trigger more disfluencies and repairs
as opposed to using their first language, which requires routine
cognitive processes [14].

Recent advances in automatic speech recognition have mo-
tivated robust approaches to labeling disfluencies and nonlexi-
cal sounds [22, 23], with end-to-end frameworks [24, 25] and
hierarchical methods [26] emerging as state-of-the-art. Tech-
niques such as self-supervised and multimodal architectures
[27, 28] have further improved sensitivity to disfluent segments,
while corpus-centric comparisons [29] underscore the impor-
tance of model selection in handling spontaneous speech vari-
ability. Additional research has explored the synergy between
accent modeling [30] and lexical difficulty.

Disfluency metrics are part of diagnostic and/or treatment

protocols for various communication disorders in children and
adults [1, 2, 3, 6]. Unfortunately, bilingual speakers are largely
evaluated using disfluency measures designed for monolingual
English speakers, which places them at a higher risk for mis-
diagnosis of speech or language disorders [31, 32, 33]. Given
the reported overlapping as well as distinctive speech patterns
between bilingual and monolingual speakers, recent investiga-
tions suggest that understanding disfluency variability across
languages contexts [5, 17] can improve clinical decision mak-
ing. Therefore, integration of data-driven approaches to im-
prove the distinction of typical versus atypical speech patterns
in bilingual speakers is warranted. Several studies have exten-
sively analyzed disfluencies in monolingual speech [1, 2, 11]
and in controlled bilingual experiments [13, 18] but not at a
wide range of languages or long-duration speech samples.

Our work contains the following contributions:
1. We develop an automatic machine learning methodology for

generating labeled speech disfluency datasets with between-
word disfluencies.

2. We curate and open-source a large-scale, naturalistic speech
dataset on highly technical academic talks drawn from an on-
line lecture repository in a replicable manner.

3. We capture rich utterance-level insights that reveal a novel
bilingual compensatory strategy: after encountering a de-
manding lexical item, bilingual speakers deploy a disfluency
and then revert to simpler words, suggesting a mechanism
of cognitive fatigue and recovery. This phenomenon, absent
in most automatic disfluency detection studies [24, 25, 26],
underscores the need to consider deeper the linguistic back-
ground and cognitive load in future speech modeling frame-
works.

2. Data

Lecture Talks (Audio)

RevAI
Speech-to-Text

“... so let’s talk
about the complexity,
um,”

CLAN Labeling
Disfluencies

“... so let’s talk
about the complexity,
<filler> um
</filler>,”

Audio Text

Figure 1: Pipeline Overview: Lecture Talks (Audio) are passed
to RevAI for transcription, resulting in text that preserves dis-
fluencies. The text is then processed using CMU CLAN [34] to
insert explicit disfluency labels.

2.1. Dataset Construction

We introduce a novel pipeline for annotating speech data: Fig-
ure 1 depicts the three main stages. First, we obtain audio and
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convert the speech to text via RevAI1, and then label the dis-
fluencies with the Computerized Language ANalysis (CLAN)
guidelines introduced by Dr. MacWhinney’s group at Carnegie
Mellon University [34]. This approach preserves the disfluen-
cies, making the resulting annotations more reflective of natural
speech. In addition, our pipeline allows for simple substitution
of the transcription engine or annotation method, allowing for
broad applicability to multiple domains and language varieties.

To ensure that all speakers are in a controlled setting and
that the method of collecting and annotating data is replicable,
we use online scientific lectures (approximately 45 to 75 min-
utes long, in the same setting) of various researchers. These are
lectures where speakers are frequently interrupted with ques-
tions, as opposed to scripted speeches, and hence contain natu-
rally occurring speech disfluencies.

2.2. Dataset Statistics

Using the pipeline illustrated in Figure 1, we curate an open-
source dataset of roughly 21 hours of lectures, each extracted
from publicly available online sources and carefully transcribed
to include explicit between-word disfluencies. The dataset
spans native English speakers, who speak only English (which
is the monolingual group) and non-native English speakers,
in each of the following bilingual groups: Greek-English,
Spanish-English, and Hebrew-English.

We chose not to annotate silent pauses, since they heavily
depend on recording conditions and individual speaking speeds,
or within-word lengthenings, because their acoustic boundaries
are similarily difficult to consistently automatically identify. In-
stead, we focus on between-word fillers, repetitions, and revi-
sions, as these disfluencies can be reliably and clearly identified
across all talks.

As shown in Table 1, each transcript has annotated fillers,
repetitions, and revisions as defined below:
• Fillers: Vocalizations that do not add semantic content but

fill pauses (e.g., “um,” “uh”).
• Repetitions: Unintentional repeats of words or phrases (e.g.,

“I think— I think we should proceed”).
• Revisions: Corrections of lexical or grammatical changes

mid-sentence (e.g., “We need to— we should try a different
approach”).

We apply this uniform speech-to-text and disfluency label-
ing process across all lecture recordings. As such, the resulting
corpus preserves a range of disfluencies and utterances that are
of particular interest to speech pathologists, allowing them to in-
vestigate and compare disfluency patterns among speakers with
different linguistic backgrounds. Because this methodology is
reproducible, it extends to the study of cross-linguistic variance
in speech production, providing researchers and clinicians with
a rich, real-world data set to explore both language-specific and
broader universal traits of disfluency.

2.3. Human Annotator Scoring

A Speech Language Pathology (SLP) research assistant trained
in disfluency annotation validated the performance of our
method. The instructions were to watch and annotate the dis-
fluencies in 10-15 minutes of one speaker in each of the four
linguistic backgrounds. The research assistant watched the cor-
responding four lecture videos and manually marked false posi-
tives (FP) and false negatives (FN) of the three types of marked

1Can be accessed here: https://www.rev.ai/

between-word disfluency in the transcripts: fillers, revisions,
and repetitions. Table 1 shows the scores received by our data
curation method compared to human annotations.

Despite the inherent variability in speaking styles and the
natural occurrence of between-word disfluencies, the overall
precision of 0.966 demonstrates the high reliability of our sys-
tem in accurately detecting fillers, revisions, and repetitions.
The Recall scores (ranging from 0.733 for Hebrew to 0.873
for Spanish) suggest that while most disfluencies are correctly
identified by our model, there remains room for improvement in
capturing all instances, particularly for languages with smaller
datasets or more nuanced speech patterns. However, strong F1
scores across languages highlight the effectiveness of our ap-
proach, especially since the data construction method does not
require any manual effort.

3. Methodology
3.1. Explanation of Features

3.1.1. Lexical Features

We include three main lexical properties for each word. First,
we estimate word frequency by consulting a comprehensive lan-
guage usage database [35]. Each word’s frequency is repre-
sented as a numerical value indicating how commonly it ap-
pears across multiple text sources. For instance, high-frequency
words (e.g., “the”) will be assigned a large value, whereas tech-
nical or domain-specific words (e.g., “hypergraph”) appear less
often and therefore receive a lower frequency value.

Second, we identify whether the word belonged to a class of
closed-category stop words as opposed to open-category (con-
tent words) using the spacy library. Stop words are typically
short, functional words (such as articles, prepositions, or pro-
nouns) that carry relatively little lexical meaning [36]. A binary
indicator reflected if a given token was a stop word or not.

Next, we mark each word as content-bearing or otherwise
by examining its part-of-speech using the nltk library. In par-
ticular, words falling into open-class categories (e.g., nouns,
verbs, adjectives, adverbs) were treated as content words,
whereas other grammatical categories were not [36]. Combin-
ing these three lexical attributes offered a broad characterization
of each token’s role in the language (frequent vs. rare, functional
vs. contentful).

Finally, we incorporate neighborhood density as an addi-
tional lexical feature. Neighborhood density refers to the num-
ber of words that differ from a target word by only one phoneme
[37] (e.g., for the target word “cat”, “bat” is an example of a
neighbor because it differs by just one phoneme). To obtain
these values, we used a web-based interface from Kansas Uni-
versity that calculates phonotactic probability for English words
and nonwords [38]. If the interface did not provide data for a
particular token, we assigned a neighborhood density of 0. In-
cluding this measure helps capture how many similar-sounding
words may compete with or facilitate recognition and produc-
tion.

3.1.2. Index of Phonetic Complexity (IPC)

To assess each word’s phonetic complexity, we use the Index
of Phonetic Complexity, a standard measure that assigns a nu-
merical score based on various phonological sub-elements [39].
In this framework, a word’s complexity increases whenever it
exhibits features, such as multiple consonantal places of articu-
lation, a greater number of syllables, or the presence of heteror-
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Table 1: Combined View of the Main Dataset and Human Validation Metrics

Lectures Dataset
Language Group Total Words Filler Repetition Revision Disfluency Ratio

English 40019 2745 74 44 0.0715
Greek 34303 2298 46 60 0.0701
Hebrew 22735 1324 45 19 0.0611
Spanish 24881 1705 31 120 0.0746

Human Validation
TP FN FP Precision Recall F1-Score

Overall 607 140 21 0.966 0.813 0.884
Spanish 186 27 4 0.979 0.873 0.924
Hebrew 135 49 1 0.993 0.733 0.844
Greek 119 35 5 0.961 0.773 0.855
English 167 29 11 0.938 0.852 0.893

ganic consonant clusters (i.e., adjacent consonants produced at
different places in the vocal tract). That is, the IPC is computed
by summing eight binary components, each reflecting whether
the word meets a particular phonological criterion. For exam-
ple, if the word ends in a consonant, it contributes one point
toward the total. Similarly, if the vowel component contains a
diphthong or rhotic segment, it adds another point, and so on.
Higher IPC scores thus indicate that a word combines more in-
tricate phonological attributes. More concretely, if a word has a
higher IPC score, it is a more complex word in terms of phonet-
ics.

When computing the IPC score, we first convert each word
into a phonemic representation using the CMU Pronouncing
Dictionary2 and then apply the IPC criteria to the resulting
phoneme sequence. This allows us to identify details such as
dorsal fricatives, rhotic vowels, or three-syllable-plus shapes.
The final IPC value thus captures how “demanding” the word is
from a phonological standpoint. In turn, this enriched phono-
logical metric complements our lexical analysis, enabling a
deeper examination of how speakers navigate complex word
forms when disfluencies occur.

3.2. Statistical Analysis

In order to assess which linguistic features predict the likelihood
of a word preceding and following a disfluency, we perform a
logistic regression of the form

log

(
pi

1− pi

)
=β0+

∑K

k=1
βk Xki, (1)

where pi is the probability that word i is either pre or post-
disfluent, Xki represents the kth feature (e.g., IPC, Word Fre-
quency, Stop Word, Content Word, etc.) for word i, and βk is the
coefficient for that feature. Note that all features are normalized
to have zero mean and unit variance. Table 2 summarizes the
regression coefficients, standard errors, and p-values for each
feature in both the Monolingual and Bilingual groups.

We include both preceding and following word features,
motivated by the hypothesis that the phonetic complexity, fre-
quency, or grammatical class of neighboring words might influ-
ence where disfluencies occur. Logistic regression was chosen

2www.nltk.org/_modules/nltk/corpus/reader/
cmudict.html

for its interpretability: each coefficient βk can be viewed as the
change in the log-odds of a word being pre-disfluent or post-
disfluent, per unit change in feature Xk.

Statistical significance was tested at p < 0.05 (or p <
0.001 where indicated). All analyses were conducted in Python
with the statsmodels library, reporting standard errors,
Wald z-statistics, and p-values.

4. Results and Discussion
4.1. Overview of Findings

Table 2 presents a side-by-side comparison of how lexical
and phonetic features predict both pre-disfluency and post-
disfluency boundaries for monolingual and bilingual speakers.
This analysis indicates that while both groups are sensitive to
whether the adjacent word is a stop word or a word with more
neighbors, bilingual speakers exhibit additional significant ef-
fects tied to word frequency and phonetic complexity. In partic-
ular, Word Frequency Preceding, Neighbor Density Preceding,
and IPC Following significantly shape bilingual disfluency be-
havior, highlighting the interplay of cognitive load, lexical re-
trieval, and phonological planning.

4.2. Monolingual Patterns

Focusing on the monolingual model, the only features reach-
ing significance (Stop Word Following and Neighborhood Den-
sity Following) suggest that monolingual speakers place disflu-
encies differently depending on the grammatical category of
neighboring words. When a stop word directly follows a dis-
fluency, the model assigns a higher probability of disfluency,
possibly reflecting a quick pivot from one unit of meaning to an-
other. Moreover, if the following word is less rare and has more
neighbors, monolinguals also appear more likely to place a dis-
fluency boundary. However, phonetic complexity (IPC) and
word frequency show no significant effect in the monolingual
model, implying that monolingual speakers are comparatively
less burdened by lexical retrieval difficulties when transitioning
between words.

4.3. Bilingual Patterns

By contrast, bilingual speakers display a more intricate set of in-
teractions between lexical and phonetic attributes. Namely, for
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Table 2: Logistic Regression Results for Monolingual vs. Bilingual on the Online Lectures Dataset. Significant features for the Mono-
lingual model are Neighbor Density Following (p < 0.01) and Stop Word Following (p < 0.05). Significant features for the Bilingual
model are IPC Following (p < 0.05), Word Frequency Preceding (p < 0.001), Neighbor Density Preceding (p < 0.001), Stop Word
Following (p < 0.001), Content Word Preceding (p < 0.001), and Content Word Following (p < 0.001).

Monolingual Bilingual

Feature Coeff. Std Err p-val Coeff. Std Err p-val

IPC Preceding 0.0590 0.060 0.329 -0.0678 0.039 0.085
IPC Following 0.0259 0.072 0.718 -0.0855 0.042 0.040
Word Frequency Preceding -0.1165 0.081 0.150 -0.2167 0.057 <0.001
Word Frequency Following -0.0754 0.067 0.262 -0.0318 0.042 0.453
Neighbor Density Preceding -0.0889 0.063 0.160 -0.1806 0.042 <0.001
Neighbor Density Following 0.1627 0.058 0.005 -0.0093 0.069 0.893
Stop Word Preceding -0.0702 0.078 0.369 -0.0610 0.048 0.208
Stop Word Following 0.1637 0.076 0.032 0.3266 0.045 <0.001
Content Word Preceding 0.1641 0.084 0.051 0.2469 0.053 <0.001
Content Word Following 0.1100 0.074 0.136 0.3915 0.046 <0.001

Word Frequency Preceding (p<0.001) and Neighborhood
Density Preceding (p<0.001), we see a strong negative co-
efficient for both features, which indicates that having just pro-
duced a rarer word (i.e., a word that has a low-frequency or
that is from a smaller neighborhood) correlates with an ele-
vated probability of a disfluency on the subsequent utterance.
We interpret this as a signal of heightened cognitive load or “fa-
tigue” after retrieving an infrequent lexical form. This finding
aligns with prior research [20] that found that bilingual speak-
ers may experience greater lexical access costs and thus insert
disfluencies more frequently to regain planning capacity. Simi-
larly, for IPC Following (p<0.05), the bilingual model shows
a significant negative relationship, meaning that if the next word
is less phonologically complex (i.e., it has a lower IPC score),
the likelihood of a preceding disfluency boundary is higher. In-
terestingly, we find that rather using a disfluency before a diffi-
cult word (as one might expect), bilinguals appear to experience
a “cognitive release” when an upcoming word is simpler. In
essence, having successfully navigated a demanding or difficult
prior word, they may allow a disfluency to surface in the subse-
quent transition to a more straightforward or simpler word.

Overall, the bilingual findings reveal a resource-depletion
mechanism that significantly influences where disfluencies
emerge: cognitively taxing preceding words (i.e., rare or lex-
ically challenging) precipitate higher disfluency probabilities,
while simpler upcoming words function as natural points of dis-
fluency release. Such patterns are absent among monolinguals,
underscoring the distinct speech-planning burden that bilinguals
face. Clinically, these insights may inform diagnostic protocols
wherein disfluencies are used as diagnostic markers of commu-
nication disorder, particularly in bilingual populations. Speech-
language pathologists could leverage the knowledge that bilin-
gual speakers exhibit disfluencies in systematic ways, tied to
specific lexical and phonological contexts, to refine assessments
and interventions.

5. Conclusion and Future Work
In this paper, we develop an automated pipeline for collecting
and labeling fine-grained disfluencies from online lecture talks,
spanning both monolingual and bilingual speakers. Our logistic
regression analyses reveal distinct patterns that connect cogni-
tive load, particularly for bilingual speakers, to predictable lo-

cations of disfluencies. Lower frequency preceding words and
less phonetic complexity in following words emerged as key
triggers for bilingual disfluency boundaries, suggesting a cog-
nitive fatigue–release cycle.

Moving forward, future work can expand the corpus to
include additional languages (e.g., Chinese-English, Arabic-
English) and broader speaker demographics. This would en-
able further testing of our hypothesized load–release mecha-
nism across more diverse linguistic contexts. Moreover, mul-
timodal methods incorporating audio, articulatory signals, and
real-time EEG or fMRI could offer deeper insights into the
neural basis of bilingual disfluencies. Finally, we aim to inte-
grate our findings into advanced disfluency detection and auto-
matic speech recognition systems. By accounting for bilingual
lexical-phonological factors, further research may achieve more
accurate alignment of disfluent speech and yield novel clinical
applications for diagnosing fluency disorders in diverse popula-
tions.
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