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Speech fluency is often assessed using articulation rate and pause frequency. 
However, not all pauses hinder fluency: when placed strategically, they 
structure discourse and enhance comprehensibility. To better characterize 
speaker fluency, it is crucial to consider where pauses occur. Traditional 
approaches rely on categorical syntactic boundaries (e.g., clauses or 
phrases), but inadequately capture syntactic complexity. We propose a 
continuous measure of pause placement based on syntactic distance 
between adjacent words. Using spontaneous English speech from Japanese 
learners and native speakers, we show that syntactic distance robustly 
predicts both pause location and duration across proficiency levels. We 
compare its contribution to proficiency classification against baseline and 
categorical models. The syntactic distance model outperforms all others, 
explaining 87% of variance (versus 65% for baseline and 76% for clause/
phrase models), with strongest model fit and lowest prediction error. This 
measure provides a robust and meaningful predictor of L2 speech fluency. 

Keywords: fluency, syntactic complexity, pauses, syntax, L2 speech,
assessment 

1. Introduction 

Consider the following utterance: “While I was jogging this morning // I saw a 
tiny // dog playing with a ball.” While both pauses (represented with “//”) in this 
example may have identical duration, their impact on perceived fluency differs 
considerably. The pause between “morning” and “I” occurs at a natural clause 
boundary, supporting discourse structure, while the pause between “tiny” and 
“dog” interrupts the flow within a noun phrase and, besides specific emphatic 
reasons, can potentially lead to misunderstanding. Hence, depending on where 
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they occur, pauses can either contribute to structuring speech or conversely have 
a detrimental effect on comprehension. 

Speech fluency is commonly conceptualized as encompassing breakdown 
(pauses and hesitations), speed (articulation rate), and repair (false starts and 
repetitions, Tavakoli & Skehan, 2005). In second language (L2) contexts, fluency 
is typically measured using speech rate, pause frequency, and mean pause dura
tion (Shea & Leonard, 2019). However, these global measures fail to capture the 
nuanced relationship between pause placement and syntactic structure. As Isaacs 
et al. (2018) demonstrated in their Comprehensibility Scale, the position of hesita
tion markers, which includes pauses, significantly influences listener perception, 
suggesting that a more fine-grained analysis of pause location is essential for mea
suring L2 fluency. 

Pause ratios across different syntactic contexts have begun to be addressed 
in recent studies. Metrics such as between-clause (BC) and within-clause (WC) 
pause ratios have been proposed (Kahng, 2018; Suzuki & Kormos, 2020; Hsieh 
et al., 2019), as well as more fine-grained phrase-level ratios (Kallio et al., 2022; 
Coulange et al., 2024b). 

Instead of a categorical approach based on constituent type, we propose 
to consider word-to-word syntactic distance as a continuous value. This allows 
word-level granularity to better characterize pause syntactic position. We opera
tionalize this word-to-word syntactic distance as the number of closing and open
ing constituents between each word, regardless of constituent type. 

In our preliminary study (Coulange & de Jong, 2025), we developed two cat
egorical scores based on categorical constituent types (clause and phrase) and 
introduced a syntactic pause ratio (SPR) based on word-to-word syntactic dis
tance. All three measures showed strong positive correlations with proficiency, 
with correlation coefficients following the pattern: clause-only < clause+phrase 
< SPR. Building on these findings, the present study investigates how effectively 
syntactic distance predicts pause position and duration compared to traditional 
clause and phrase information, and examines its contribution to explaining vari
ance in L2 overall proficiency when combined with articulation rate and pause 
frequency. 

2. Literature Review 

2.1 Syntactic Structure Predicting L1 and L2 Pauses 

The relationship between pauses and syntactic structure for L1 speech has been a 
subject of investigation for over five decades. Early work established distinctions 
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between “grammatical pauses” and “hesitation pauses” (Boomer & Dittman, 1962; 
Boomer, 1965; Goldman-Eisler, 1968; Ruder & Jensen, 1972), also referred to as 
“structuring pauses” (Candea, 2000) and “disfluent pauses” (Fauth & Trouvain, 
2018). One of the foundational studies in L1 speech was by Grosjean and 
Deschamps (1975), who used a corpus of BBC radio and analyzed 30 live inter
views of minimum three minutes each. They found that 55% of all clauses were 
followed by a silent pause, with more pauses for higher-level clauses: 82% of final 
clauses, 71% of clauses followed by a coordinate, 60% of clauses followed by a non-
relative clause, and 24% of clauses followed by a relative clause. Pauses occurring 
within clauses represented 45% of all pauses, and those occurring within phrases 
26%. 

More recently, Cao and Chen (2019) analyzed pause placement in prepared 
speech from what they called “successful speakers” (both L1 and L2) using TED 
talks (public presentations on various topics), presidential speeches, and videos 
from famous youtubers. They mainly observed pauses between subordinate and 
main clauses, and between clauses generally, with no significant differences 
between these successful or high proficiency L1 and L2 speakers regarding pause 
placement and duration. The study also identified emphatic pauses at lower syn
tactic levels, such as “fought for // the nations.” 

From these studies, we can conclude that proficient speakers tend to avoid 
pausing within syntactic units. Turning to L2 speech, it has been hypothesized 
that as proficiency develops, L2 learners will use fewer and shorter pauses overall, 
but particularly within syntactic units. This hypothesis is based on the premise 
that the linguistic encoding processes of formulating and articulating in an L2 
are less automatic (Kormos, 2006; Skehan et al., 2016). In L2 speech production, 
these processes require more conscious effort and attentional control, which leads 
them to run more slowly compared to L1 speech. In L1 speech production, con
scious attention and control are usually required only for conceptualizing mes
sages. Since conceptualization mainly happens between major syntactic units, 
pauses within units tend to diminish as learners become more proficient. 

Empirical studies support this hypothesis, showing that compared to L1 
speech, L2 speech contains more pauses, especially within syntactic units. Fur
thermore, as proficiency increases, learners’ pause patterns become more similar 
to those of L1 speakers. In an early study on L2 fluency, Riggenbach (1991), adopt
ing a micro-analytic approach, observed that pauses at junctures could be consid
ered “fluent”, whereas those within syntactic units would be “disfluent”. Syntactic 
units in this type of research have been defined either as AS-Units (e.g., De Jong, 
2016), clauses (e.g., Kahng, 2014; Riggenbach, 1991; Tavakoli et al., 2020), or as 
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phrases1 (Kallio et al., 2022; Coulange et al., 2024b; Riazantseva, 2001). A recent 
meta-analysis found that as L2 proficiency develops, pauses “migrate” from within 
syntactic units to the boundaries (Yan et al., 2025). Finally, neural data corrobo
rates these findings showing increased brain activity in conceptualization-related 
areas at end-clause pauses but not mid-clause pauses (Révész et al., 2024). 

In her corpus study comparing native speakers of English to L1 German 
learners of English, Götz (2013) investigated differences between the two groups 
of speakers regarding multiple aspects of fluency, including silent pauses within 
clauses and silent pauses within phrases. The difference between native speakers 
and learners was most pronounced for pauses within phrases (Götz, 2013, p. 99 
– 100). Another study combining the different types of syntactic boundaries is 
by Coulange et al. (2024b), who examined 176 French learners of L2 English at 
B1 and B2 levels, analyzing 11 hours of spontaneous argumentative speech con
taining 22,000 pauses (180 ms — 2 s threshold). The study computed between-
clause, between-phrase, and within-phrase pause ratios, finding that B1 speakers 
produced significantly more within-phrase pauses compared to B2 speakers, with 
no significant difference for between-clause pauses. To mitigate overall syntactic 
complexity differences between proficiency groups, Coulange (2025) refined this 
analysis by normalizing pause ratios with the number of constituent boundaries 
of each type. The results showed that only within-phrase pause ratios remained 
significantly higher for lower proficiency speakers. 

Regarding pause duration, research consistently demonstrates that higher 
syntactic boundaries correlate with longer pauses. In L1 French, Candea (2000) 
and Grosman et al. (2018) found this pattern across read, prepared, and sponta
neous speech. Tauberer (2008) reported similar findings for L1 English, and de 
Jong (2016) for L2 Dutch, though detailed pause duration analyses remain limited 
in the literature. 

2.2 Pause Position and L2 Fluency Perception 

The relationship between syntactic pause placement and fluency perception has 
been investigated across multiple L2 contexts. Mirroring the studies showing that 
as L2 learners progress, pauses within syntactic units become scarcer, studies on 
fluency perception show that pauses within units tend to be more harshly penal

1. Some authors, such as Riazantseva (2001) or Götz (2013) use the word “constituent” to refer 
to phrases. Here, we will follow the classical syntactic theory and define “constituent” as any lin
guistic unit that functions as a single coherent entity within a hierarchical syntactic structure. 
Therefore, both clauses and phrases are syntactic constituents, with phrases being lower-level 
constituents than clauses. See Bhatt (2008) for further definitions. 
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ized than those at syntactic boundaries. For instance, Kahng (2018) examined 
L1 English raters’ evaluation of spontaneous speech recordings from 37 Korean 
learners of English and 3 native speakers. Recordings were about 20 seconds each 
in duration, and rating was done globally using a 9-point Likert scale. Multiple 
linear regression analysis revealed that within-clause pause ratio explained 54% 
of variance in fluency perception, while between-clause pause ratio contributed 
only an additional 6%. Neither overall pause frequency nor mean pause dura
tion improved the model. A follow-up experiment demonstrated that artificially 
inserted pauses significantly decreased fluency ratings, with stronger effects for 
within-clause than between-clause pauses. 

These findings were replicated by Suzuki and Kormos (2020), who asked 10 
L1 English raters to evaluate 40 Japanese learners of English (A2-C1) producing 
argumentative speech. Ratings were given on a 9-point scale for both fluency and 
comprehensibility. Pauses were categorized as end-. The authors found that flu
ency judgment was most strongly associated with mid-clause pause frequency, 
and that fluency and comprehensibility judgments were highly correlated. 

Kallio et al. (2022) extended this research to L2 Finnish. Sixteen expert L1 
Finnish raters evaluated 200 L2 learners on 4-point fluency and 7-point profi
ciency scales. Multiple regression analysis examined between- and within-clause, 
between- and within-phrase, as well as within-word pauses (non-terminated 
words). Within-phrase and between-phrase pause ratios showed strong correla
tions with fluency perception and proficiency judgment, whereas between-clause 
ratios showed only a weak correlation for fluency and no significant correlation 
for proficiency. 

Finally, Coulange et al. (2024c) employed a dynamic rating methodology 
adapted from Nagle et al. (2019) with 60 L1 English raters evaluating 16 recordings 
(26–66 seconds each) from French learners of English (B1 and B2 levels). The 
study demonstrated a significant increase in perceived listener effort following 
within-phrase pauses, while effort tended to decrease after between-clause pauses, 
providing real-time evidence for the differential impact of pause placement on 
comprehensibility. 

2.3 Related Work 

The studies described above have shown that syntactic information about phrase 
and clause boundaries is related to both the occurrence and duration of pauses 
in speech, for both L1 and L2 speakers. Moreover, research on the perception of 
fluency in L2 speech has demonstrated that pauses occurring at locations other 
than syntactic boundaries tend to result in lower perceived fluency. These studies 
have in common that the syntactic information is operationalized as categorical: 
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pauses occur either at phrase/clause boundaries or within phrases/clauses. How
ever, syntactic structure at the level of word-to-word transitions is inherently gra
dient. As Révész et al. (2024, p. 1200) mention in their limitations: “it would be 
worthwhile to distinguish pause locations in terms of more specific syntactic con
stituents (e.g., different types of phrases).” Below, we describe two earlier studies 
that have incorporated this gradient perspective to investigate the relationship 
between pauses and syntactic information. 

In a study on read speech, Schweitzer and Haase (2000) compared part-of-
speech tagging and syntactic trees to predict prosodic boundaries in a corpus of 
67 minutes of radio news. Both methods proved to be promising. In the syntactic-
tree analysis, they considered the relative count of closing brackets of the current 
word to the number of opening brackets of the previous word. This relative count 
proved to predict prosodic phrase boundaries in read speech, especially when the 
relative count turned out to be positive (i.e., when the count of closing brackets 
was higher than the number of opening brackets of the previous word). Tauberer 
(2008) investigated spontaneous speech and used decision trees to predict pause 
position and duration based on syntactic information in telephone conversa
tions from the Switchboard corpus. He compared 12 parameters including timing, 
part-of-speech tags, and constituent information. The study introduced a “depth 
of boundary” measure, defined as the larger of the number of close-brackets 
or open-brackets at word boundaries, using bracket notation from constituency 
analysis (see Section 3.2 for further explanation). Notably, Tauberer found that 
the information about preceding constituent duration and following constituent 
word count predicted pause position and duration almost as accurately as the full 
12-parameter model (F-score 78% vs. 79%). 

To investigate the relationship between syntactic parsing and prosodic phras
ing cross-linguistically, Kuang et al. (2022) also used closing and opening brackets 
as a proxy for the relative strength of the syntactic boundaries between adjacent 
words. In corpora of English and Mandarin L1 read speech, they compared the 
relation between closing and opening brackets and a conglomerate of acoustic 
features capturing pauses, duration cues, F0, energy, and voice quality. They 
found that the number of closing brackets had a stronger relation with the features 
capturing prosodic phrasing compared to the number of opening brackets. They 
also showed that of all acoustic features, pausing seemed to show the strongest 
relation to the strength of the syntactic boundaries. 

2.4 Research Questions 

Building on this foundation, the present study addresses two key research ques
tions: 
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– RQ1: Is word-to-word syntactic distance a better predictor of pause position 
and duration than constituent types (clause and phrase)? 

– RQ2: How much variance in L2 proficiency can a syntactic pause ratio based 
on continuous syntactic distance explain when combined with traditional flu
ency measures? 

These questions aim to advance our understanding of pause placement in L2 
speech and contribute to more nuanced fluency assessment methodologies. Our 
operationalization of syntactic distance is similar to the “depth of boundary mea
sure” as evaluated by Tauberer (2008), the count of closing and opening brackets 
by Kuang et al. (2022), and the relative count of closing brackets of the current 
word to the number of opening brackets of the previous word in Schweitzer and 
Haase (2000). But rather than choosing the largest of the two options of closing 
and opening brackets (as in Tauberer, 2008) or specifically comparing closing and 
opening brackets (Kuang et al., 2022), we combine the two numbers of closing 
brackets and opening brackets between the current word to the next. We hypoth
esise that in spontaneous speech, the occurrence and duration of a pause can be 
both predicted by the speaker finishing a large constituent (to structure speech 
and aid the listener) as well as by the speaker embarking on a new large con
stituent (as larger and deeper embedded constituents call for more speech plan
ning). 

We therefore hypothesize that the continuous measure of syntactic distance 
better predicts pause position and duration compared to the categorical phrase 
and clause constituent boundaries (RQ1) and that information about pause place
ment using syntactic distances significantly adds explained variance when com
bined with traditional fluency measures (RQ2). 

3. Method 

3.1 Data 

This study utilizes data from two complementary corpora available through 
ORTOLANG: the CLES-JP corpus (Japanese learners of English) and the CLES-
EN corpus (native English speakers) (Coulange et al., 2024a). Speech recordings 
have been transcribed and annotated using the Pause and Lexical Stress Process
ing Pipeline (PLSPP, Coulange et al., 2024b). 
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CLES-JP Corpus2

The CLES-JP corpus comprises 4 hours of spontaneous L2 English speech from 
30 Japanese university students (15 recordings) recorded at Waseda University, 
Tokyo (December 2023) and Doshisha University, Kyoto (February 2024). The 
corpus features 10 to 15-minute role-play discussions where pairs of students 
engage in argumentative discourse on contentious topics. Each participant was 
assigned a specific role (advocating for or against the topic) and allowed up to 
10 minutes of preparation, with note-taking permitted but reading during con
versation prohibited. The task required participants to negotiate, exchange view
points, and work toward compromise, mirroring the format of the CLES English 
certification exam3 (CLES B2). Participants ranged from CEFR levels B1 to C1, 
based on equivalence with official certification tests such as TOEFL or IELTS. 
One recording featuring a Japanese-L1 English teacher was excluded from our 
analyses. 

CLES-EN Corpus4

The CLES-EN corpus contains 2 hours of spontaneous L1 English speech from 
14 US university students (7 recordings) recorded at Doshisha University, Kyoto 
(February 2024). The corpus follows the same task format as CLES-JP, with pairs 
of native English speakers engaging in the same argumentative role-play discus
sions. This corpus serves as the native speaker baseline for comparison with L2 
productions. 

All speech data was processed using the PLSPP, a comprehensive framework 
specifically designed for annotating pause and lexical stress patterns in sponta
neous non-native English speech. The pipeline is optimized for batch process
ing of corpus files containing multiple speakers and produces detailed linguistic 
annotations for each audio file. No manual intervention was performed on the 
annotated data. 

The PLSPP processing sequence relevant for our study includes the following 
steps: 

1. Neural speaker diarization: Implemented using Pyannote.audio (Bredin, 
2023) to detect voice activity and attribute segments to individual speakers. 
Consecutive segments from the same speaker were merged when separated 
by less than 1 second of silence, resulting in monospeaker continuous speech 

2. Corpus CLES-JP: https://hdl.handle.net/11403/cles-jp_corpus/v1 
3. CLES Certification: https://www.certification-cles.fr/english/ 
4. Corpus CLES-EN: https://hdl.handle.net/11403/cles-spontaneous-english/v1 
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segments. Only resulting speech utterances longer than 8 seconds were ana
lyzed, including those containing overlapping speech, laughter and noise. 

2. Automatic speech recognition and word-level alignment: Transcription was 
performed using WhisperX (Bain et al., 2023) for high-precision transcription 
and temporal alignment (Whisper model: base.en, forced alignment done 
using Wav2Vec2.0, Baevski et al., 2020). 

3. Syntactic analyses: A dual approach combining SpaCy (Montani et al., 2023, 
model en_core_web_md) for morphological tagging and Berkeley Neural 
Parser (Kitaev, 2019, model benepar_en3) for constituency parsing. 

Note that speech utterances are segmented based on pauses and speaker turns 
rather than grammatical sentence boundaries, and syntactic parsing is applied to 
these segments regardless of their sentential completeness. The pipeline gener
ates a csv table listing all inter-word intervals with syntactic position and duration 
information. These intervals may be silent or filled with lengthening, filler parti
cles such as “uh”/“uhm” or truncated words, which are typically not transcribed 
by the speech recognition model. For this study, pauses were extracted from this 
table using the duration threshold criteria described below. 

The final dataset consisted of 39,957 words and 9,241 pauses from 43 speakers 
distributed across proficiency levels as follows: 5 B1, 15 B2, 9 C1 and 14 native Eng
lish speakers. 

3.2 Pause Prediction 

The minimum pause duration threshold was set following Heldner and Edlund’s 
(2010) recommendations: a minimum of 180 ms to exclude coarticulation (pre-
burst) silences. Moreover, a maximum duration threshold of 2 seconds was also 
set to avoid excessively long pauses that might result from alignment errors. To 
approximate normal distribution for statistical analysis, all pause durations were 
log-transformed. 

Syntactic constituents were classified into three categories “clause”, “phrase” 
and “word,” based on the larger ending or starting constituent at each word 
boundary. This classification follows Penn Treebank II constituent tags (Bies 
et al., 1995): 

– Clause level: Boundaries where any ending or starting constituent is a clause-
level tag (e.g., declarative clauses, clauses introduced by a subordinating con
junction or a wh-word, etc.) 

– Phrase level: Boundaries where any ending or starting constituent is a 
phrase-level tag (e.g., noun phrases, verb phrases, prepositional phrases, etc.) 

– Word level: All remaining constituent boundaries 
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Word-to-word syntactic distance was computed as the sum of closing and open
ing constituents at each word boundary (i.e., the number of closing and opening 
nodes in the constituency tree). This yields integer values ranging from 0 to infin
ity. Figure 1 shows an example of constituency analysis and syntactic distance 
computation, with details of the computation given in Table 1. Figure 2 shows the 
same example within its full utterance context. 

Table 1. Details of word-to-word syntactic distance computation for the example in 
Figure 1 

Word-to-word 
boundaries 

Ending 
constituents 

Starting 
constituents 

Syntactic Distance (sum of ending and 
starting constituents) 

you can NP VP 2 

can get – VP 1 

get some – NP 1 

some information – – 0 

information and NP, VP, VP, S – 4 

and then – – 0 

then you – S, NP 2 

you can NP VP 2 

can expand – VP 1 

expand from – PP 1 

from that – NP 1 

that [end] NP, PP, VP, 
VP, S, S 

– 6 

To normalize the distribution, a log-transformation was applied after adding 
1 to all values, resulting in final values ranging from 0 to 4.64. 

The following speaker-level measures were computed: 

– Articulation Rate (AR): Number of words divided by speech duration with
out pauses 

– Pause Frequency (PF): Number of pauses divided by number of words 
– Mean Pause Duration (PD) 

S_clause: Weighted sum of between-clause pauses (+1) and within-clause 
pauses (−1), divided by total number of pauses 

– S_phrase: Weighted sum of between-clause (+1), between-phrase (+0.5), and 
within-phrase (−1) pauses, divided by total number of pauses 

– Syntactic Pause Ratio (SPR): Mean syntactic distance of word boundaries 
with a pause divided by mean syntactic distance of all word boundaries 
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Figure 1. Constituency analysis and word-to-word syntactic distance computation of the 
utterance “you can get some information and then you can expand from that”, extracted 
from the file doshisha2024_001_JNS_03A-03B_A_12 from the CLES-JP corpus; Bracket 
notation: [S [S [NP [PRP you]] [VP [MD can] [VP [VB get] [NP [DT some] [NN 
information]]]]] [CC and] [S [ADVP [RB then]] [NP [PRP you]] [VP [MD can] [VP [VB 
expand] [PP [IN from] [NP [DT that]]]]]]], annotated with Berkeley Neural Parser 
(Kitaev et al., 2019)) 

3.3 Statistical Analyses 

Pause Occurrence Prediction 
Generalized linear mixed models (glmer function from the lme4 R package) were 
employed to predict pause occurrence as a binary outcome after each word (pause 
vs. no pause; N = 39,957). Fixed effects included proficiency level and either con
stituent level or log syntactic distance, with speaker as a random effect to account 
for individual baseline pausing tendencies. Native speakers served as the reference 
level for proficiency comparisons. 

Pause Duration Prediction 
Linear mixed models (lmer function from the lme4 R package) were used to pre
dict log-transformed pause duration (N = 9,241) using the same fixed effects struc
ture and random effect specification as the generalized linear mixed models for 
pause occurrence. 
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Proficiency Classification 
Multinomial logistic regression (multinom from nnet R package) was employed 
to classify speakers (N = 43) into CEFR proficiency levels (categorical dependent 
variable) predicted by fluency measures. 

Two baseline models were established: 

1. Articulation Rate + Pause Frequency 
2. Articulation Rate + Pause Frequency + Pause Duration 

These baselines were then compared against augmented models incorporating 
either: 

– Clause boundary information (S_clause) 
– Clause and phrase information (S_phrase) 
– Continuous syntactic distance (SPR) 

Model performance was assessed using three complementary metrics computed 
with the performance R package. The Akaike Information Criterion (AIC) eval
uates model quality by balancing goodness of fit against model complexity, with 
lower values indicating better models. McFadden’s R² measures the proportion of 
variance in the dependent variable explained by the model, with values approach
ing 1 indicating better explanatory power. Root Mean Square Error (RMSE) 
quantifies the average magnitude of prediction errors, with lower values repre
senting more accurate predictions. Together, these metrics help determine which 
syntactic measures best predict pause occurrence and duration, and which com
bination of measures best explains variance in proficiency classification. 

4. Results 

4.1 Descriptive Statistics 

To characterize the speech fluency patterns in our dataset, we examined several 
key measures across proficiency levels: articulation rate, pause frequency, pause 
mean duration and pause locations based on constituent boundary types (clauses 
and phrases) and syntactic pause ratio. Descriptive statistics for fluency measures 
across proficiency levels are presented in Table 2. Articulation rate showed a clear 
progression from lower to higher proficiency levels, with B1 learners producing 
speech at 1.31 words per second, increasing through B2 (1.94) and C1 (3.25) to 
native speakers (3.79). Conversely, pause frequency and mean duration demon
strated the opposite pattern, decreasing from B1 (0.447 pauses per word and 0.784 
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seconds on average) to native speakers (0.176 and 0.572), indicating faster speech 
with fewer and shorter pauses at higher proficiency levels (see Figure 3). 

The syntactic pause measures (S_clause and S_phrase) showed gradual 
increases toward native-like values, with S_clause progressing from −0.373 (B1) 
to −0.034 (native) and S_phrase from −0.063 (B1) to 0.429 (native). Similarly, the 
SPR measure increased across proficiency levels, moving from negative values in 
learner groups (B1: −0.565, B2: −0.454, C1: −0.244) to positive values for native 
speakers (0.159). These latter three measures all indicate that pauses tend to be 
placed more often at higher syntactic boundaries by speakers with higher profi
ciency (see Figure 4). 

Table 2. Mean and standard deviation (SD) for each measure across each proficiency 
group 

Measure Mean (SD) B1 B2 C1 Native 

Articulation Rate 1.31 (0.263) 1.94 (0.478) 3.25 (0.505) 3.79 (0.382) 

Pause Frequency  0.447 (0.062)  0.345 (0.066)  0.239 (0.046)  0.176 (0.046) 

Mean Pause Duration  0.784 (0.045)  0.662 (0.062)  0.589 (0.070)  0.572 (0.065) 

S_clause −0.373 (0.451) −0.286 (0.443) −0.133 (0.373) −0.034 (0.316) 

S_phrase −0.063 (0.605) −0.019 (0.501)  0.084 (0.457)  0.429 (0.225) 

SPR −0.565 (0.141) −0.454 (0.272) −0.244 (0.192)  0.159 (0.300) 

Figure 3. Articulation rate (left, in word tokens per second), overall pause frequency 
(middle, in pauses per word token) and mean pause duration (right, in seconds) per 
speaker in the dataset 
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Figure 4. Three different scores (pause-level, pause- and phrase-level, and syntactic 
pause ratio) of pause placement per speaker 

4.2 Pause Occurrence Prediction 

Pause Occurrence and Clause/Phrase Boundaries 
The first model examined pause occurrence using categorical syntactic bound
aries (within-phrase, between-phrase, and between-clause) across different pro
ficiency levels. The generalized linear mixed-effects model with binomial 
distribution revealed significant main effects for both boundary type and profi
ciency level. 

Compared to within-phrase positions (reference level), pauses were signifi
cantly more likely to occur at phrase boundaries (β = 0.62, z = 9.38, p < .001) and 
even more so at clause boundaries (β = 1.34, z = 19.42, p < .001). This confirms the 
expected hierarchical pattern where syntactic boundaries of higher order are asso
ciated with increased pause likelihood. 

Proficiency level also significantly predicted pause occurrence, with lower 
proficiency speakers showing higher overall pause probabilities. Relative to native 
speakers, all non-native groups demonstrated significantly higher pause prob
abilities: C1 speakers (β = 0.66, z = 4.52, p < .001), B2 speakers (β = 1.17, z = 8.70, 
p < .001), and B1 speakers (β = 1.56, z = 7.79, p < .001). 

Importantly, the model revealed a significant interaction between boundary 
type and proficiency for higher proficiency levels. Compared to native speakers, 
C1 and B2 speakers showed reduced sensitivity to phrase boundaries (C1: 
β = −0.31, p < .001; B2: β = −0.20, p < .05) and clause boundaries (C1: β = −0.25, 
p < .05; B2: β = −0.34, p < .01), while no significant interaction was observed with 
B1 speakers. This indicates that as proficiency increases, pause placement tends to 
concentrate on higher-level syntactic boundaries. 
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Pause Occurrence and Syntactic Distance 
The second model examined pause prediction using syntactic distance as a con
tinuous predictor across proficiency levels. 

The model revealed a strong main effect of syntactic distance on pause like
lihood (β = 0.96, z = 29.20, p < .001). The positive coefficient indicates that as syn
tactic distance between adjacent words increases, the probability of a pause 
occurring also increases significantly. Consistent with the previous model, pro
ficiency level showed significant main effects, with lower proficiency speakers 
exhibiting higher overall pause rates compared to native speakers: C1 speakers 
(β = 0.65, z = 4.82, p < .001), B2 speakers (β = 1.30, z = 10.60, p < .001), and B1 speak
ers (β = 1.66, z = 9.04, p < .001). 

The model also revealed a significant interaction between syntactic distance 
and proficiency level. All learner groups showed reduced sensitivity to syntactic dis
tance compared to native speakers: C1 speakers (β = −0.21, z = −4.09, p < .001), B2 
speakers (β = −0.30, z = −5.62, p < .001), and B1 speakers (β = −0.23, z = −2.31, p < .05). 

This model demonstrated improved fit compared to the categorical boundary 
model, with a lower AIC (see Table 3), indicating better predictive performance. 
Figure 5 shows the probability of observing a pause at different syntactic levels for 
each proficiency group. 

Table 3. Comparison between the two pause prediction models. The syntactic distance 
model shows superior performance across all metrics, with a substantially lower AIC 
(ΔAIC = 556.1), higher explanatory power (marginal R² = 0.116 vs 0.092), and lower 
prediction error (RMSE = 0.402 vs 0.406) 

Model AIC Marginal R² RMSE 

Clause/Phrase boundaries 40522.0 0.092 0.406 

Syntactic distance 39965.9 0.116 0.402 

Figure 5. Predicted probabilities of pause for each model with confidence intervals 
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4.3 Pause Duration Prediction 

Pause Duration and Clause/Phrase Boundaries 
The linear mixed-effects model examining log-transformed pause duration 
revealed that syntactic boundary type significantly influenced pause length. Rel
ative to within-phrase pauses (reference level), pauses at phrase boundaries were 
significantly longer (β = 0.11, t = 3.12), and pauses at clause boundaries were even 
longer (β = 0.19, t = 5.12). This hierarchical pattern indicates that pauses become 
progressively longer at higher-level syntactic boundaries. 

Proficiency level also affected pause duration, with lower proficiency speakers 
producing longer pauses overall. Compared to native speakers, all non-native 
groups showed longer pause durations: C1 speakers (β = 0.10, t = 1.70), B2 speakers 
(β = 0.13, t = 2.37), and B1 speakers (β = 0.25, t = 3.10). The effect was most pro
nounced for B1 speakers, suggesting that lower proficiency is associated with sub
stantially longer pauses. 

The interaction effect revealed some variation in how proficiency modulated 
the relationship between boundary type and pause duration. C1 speakers showed 
reduced sensitivity to phrase boundaries (β = −0.11, t = −2.12), producing relatively 
shorter pauses at these locations compared to native speakers. B2 speakers also 
showed a similar but non-significant trend for phrase boundaries (β = −0.09, 
t = −1.78). 

Pause Duration and Syntactic Distance 
The linear mixed-effects model examining log-transformed pause duration using 
syntactic distance as a continuous predictor showed that syntactic distance signif
icantly predicted pause length (β = 0.08, t = 5.80). As shown with the model based 
on clause and phrase boundaries, this indicates that speakers tend to modulate 
pause duration based on the degree of syntactic complexity at pause locations. 

The main effects of proficiency level were smaller in this model compared 
to the categorical boundary model. While B1 speakers still showed significantly 
longer pauses than native speakers (β = 0.17, t = 2.62), the effects for C1 (β = 0.04, 
t = 0.87) and B2 speakers (β = 0.04, t = 0.88) were minimal and non-significant. 

The interaction effect revealed how different proficiency groups respond to 
syntactic distance. While C1 speakers showed no significant modulation of the 
syntactic distance effect (β = −0.02, t = −1.00), both B2 (β = 0.07, t = 3.10) and B1 
speakers (β = 0.11, t = 2.99) showed significantly stronger sensitivity to syntactic 
distance compared to native speakers. This indicates that even though lower pro
ficiency speakers tend to make longer pauses at lower syntactic level than more 
advanced learners and native speakers, they still tend to make their longest pauses 
at high syntactic boundaries. 
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The two models show identical performance for predicting pause duration, 
with negligible differences in AIC, marginal R², and RMSE (see Table 4). Unlike 
the pause prediction models, neither approach demonstrates a clear advantage for 
modeling pause duration. Figure 6 gives a visual representation of pause duration 
prediction for different syntactic boundaries with both models. 

Table 4. Comparison between the two pause duration prediction models 

Model AIC Marginal R² RMSE 

Clause/Phrase boundaries 130,000 0.036 0.583 

Syntactic distance 130,000 0.033 0.584 

Figure 6. Predicted pause duration for each model with confidence intervals 

4.4 Overall Proficiency Prediction 

To assess the contribution of syntactic pause measures to proficiency classifica
tion, we compared multinomial logistic regression models with varying combina
tions of fluency predictors. Table 5 summarises each model performance. 

Baseline Model Performance 
The baseline model incorporating articulation rate and pause frequency achieved 
an R² of 0.654, explaining 65.4% of the variance in proficiency classification. 
Contrary to expectations, adding pause duration to this baseline model did not 
improve performance substantially (R² = 0.659, ΔAIC = +5.4), and resulted in a 
higher AIC, indicating poorer model fit. Based on these results, pause duration 
was excluded from subsequent analyses, and the two-predictor baseline (articula
tion rate + pause frequency) was used for all further comparisons. 

[18] Sylvain Coulange and Nivja H. de Jong



Categorical Syntactic Boundary Measures 
Models incorporating categorical syntactic boundary information showed pro
gressive improvements over the baseline. The model including clause boundary 
information (S_clause) increased explanatory power to R² = 0.768 (ΔAIC = −6.8), 
while the model incorporating both clause and phrase boundary information 
(S_phrase) achieved R² = 0.810 (ΔAIC = −11.6). Both models demonstrated sub
stantially better fit than the baseline, with lower AIC values and reduced predic
tion error (RMSE = 0.221 and 0.187, respectively). 

Continuous Syntactic Distance 
The model incorporating the syntactic pause ratio (SPR) achieved the best per
formance across all metrics, with R² = 0.845, explaining 84.5% of the variance in 
proficiency classification. This model showed the lowest AIC (41.4) and predic
tion error (RMSE = 0.172). 

Collinearity Assessment 
Analysis of variance inflation factors confirmed our methodological decision to 
test syntactic measures separately. When S_clause, S_phrase, and SPR were 
included together, high collinearity was detected, with S_clause showing the high
est VIF (11.18), followed by S_phrase (7.98) and SPR (4.43). This multicollinearity 
would compromise model interpretability and stability, justifying our approach of 
testing these measures individually. 

The results demonstrate that continuous syntactic distance measures (SPR) 
provide the most robust contribution to proficiency classification, outperforming 
both traditional fluency metrics and categorical boundary-based approaches. In 
Table 5, model weights represent the relative probability that each model is the 
best approximating model among the candidate set, calculated using AIC differ
ences (Burnham & Anderson, 2002). The SPR model obtains the higher weight 
(0.870), indicating better relative performance. Figure 7 gives a visual comparison 
of AIC and R² for each model. 

5. Discussion 

The present study investigated the role of syntactic complexity in L2 speech flu
ency assessment, proposing a continuous measure of pause placement based on 
syntactic distance between adjacent words. We conducted three main analyses 
using a corpus of spontaneous English speech produced by Japanese learners 
across three proficiency levels (B1, B2, C1) and native speakers. 
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Table 5. Proficiency classification model performance. AR = Articulation Rate, PF = 
Pause Frequency, PD = Pause Duration, SPR = Syntactic Pause Ratio. ΔAIC calculated 
relative to the baseline model 

Model AIC ΔAIC R² RMSE Model Weight 

AR + PF (Baseline) 57.0   0.0 0.654 0.272 < 0.001 

AR + PF + PD 62.4  +5.4 0.659 0.271 < 0.001 

AR + PF + S_clause 50.2  −6.8 0.768 0.221   0.011 

AR + PF + S_phrase 45.4 −11.6 0.810 0.187   0.119 

AR + PF + SPR 41.4 −15.6 0.845 0.172   0.870 

Figure 7. Akaike Information Criterion (left) and McFadden’s R² (right) for each model 

First, we examined pause occurrence using generalized linear mixed-effects 
models, comparing categorical syntactic boundaries (based either on clause, or 
clause and phrase boundaries) against continuous syntactic distance. The syn
tactic distance model substantially outperformed the categorical boundary model 
(AIC = 39965.9 vs. 40522.0, ΔAIC = 556.1), with higher explanatory power (mar
ginal R² = 0.116 vs. 0.092) and lower prediction error (RMSE = 0.402 vs 0.406). 
Importantly, while all proficiency groups showed sensitivity to syntactic distance, 
native speakers demonstrated significantly greater sensitivity than learners, sug
gesting more sophisticated pause placement strategies. 

Second, we investigated pause duration using linear mixed-effects models 
with the same predictor comparisons. Here, both categorical and continuous 
approaches showed similar performance, with neither model demonstrating a 
clear advantage. However, the syntactic distance model revealed that lower pro
ficiency speakers showed stronger sensitivity to syntactic complexity in deter
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mining pause duration, indicating greater processing demands at syntactically 
complex locations. 

Third, we evaluated proficiency classification using multinomial logistic 
regression. The model incorporating the syntactic pause ratio (SPR), our novel 
continuous measure, achieved the best performance, explaining 84.5% of the vari
ance in proficiency classification compared to 65.4% for baseline measures of 
articulation rate and pause frequency (which is already quite high). This model 
outperformed all alternatives and exceeded categorical boundary-based 
approaches (R² = 0.768 for clause boundaries, R² = 0.810 for phrase boundaries). 

These converging findings demonstrate that continuous syntactic distance 
measures provide finer-grained characterization of L2 speech fluency, particularly 
for pause prediction and proficiency classification, while revealing distinct pat
terns of syntactic sensitivity across proficiency levels. 

5.1 Theoretical Implications 

Our results challenge the prevailing approach in L2 fluency research that relies 
on discrete syntactic categories such as clause or phrase boundaries. The superior 
performance of continuous syntactic distance measures suggests that fluency is 
better characterized by gradations in syntactic complexity rather than binary 
(between or within clauses) or ternary categorical distinctions (between clauses, 
between phrases or within phrases). The continuous measure better captures the 
syntactic depth of constituent nesting, as well as gradations of syntactic breaks 
between different clause and phrase boundaries, which are not accounted for by 
constituent-type based categorical approaches, and yet clearly influences pause 
placement. 

This gradual effect of syntactic distance would also be predicted by Kormos’ 
(2006) theory on L2 speech production. As Révész et al. (2024) suggested, dif
ferent types of phrase and clause boundaries may have distinct effects on speech 
production processes. In our operationalization, syntactic break size is treated as 
a continuous variable. Larger breaks increase the likelihood that speakers must 
engage in conceptual planning in addition to linguistic planning (formulating and 
articulating), which raise the chances of pausing. For L2 speakers, this effect is 
amplified, depending on proficiency: as breaks become larger, more conscious 
linguistic planning is required, leading to more frequent and potentially longer 
pauses. 

Kuang et al. (2022) also reported that the prosodic realization of syntactic 
boundaries is gradient. Their research found that especially the depth of the syn
tactic boundary in terms of closing constituents was related to prosodic features, 
including pauses. Their finding is in line with Schweitzer and Haase (2000)’ study 
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on German read speech, who also report a correlation between number of clos
ing brackets (relative to the number of opening brackets of the previous word) 
and prosodic phrase boundaries. For spontaneous speech, however, we hypoth
esized that, in addition to the number of closing brackets, the depth of opening 
constituents to the next word should be considered, as the processing demands 
of upcoming large constituents together with constituents with deep embedding 
are likely to result in higher probabilities and longer durations of pauses. Tauberer 
(2008) indeed incorporated information about both preceding and upcoming 
constituents at any word boundary. His finding that the duration of the preceding 
constituent combined with the number of words of the following constituent at 
any word boundary had a similar predictive accuracy of pause occurrence com
pared to a feature set of 12 features (that included the biggest number of either 
closing or opening brackets in a syntactic parse) may not contradict our results. 
In fact, combining timing and word count of adjacent constituents is likely highly 
correlated with the syntactic distance measure used in the current study, which 
also integrates information about both closing and upcoming constituents. Our 
current operationalization of syntactic distance can be seen as a more parsimo
nious operationalization of syntactic structure, as it relies solely on syntactic infor
mation. 

The differential sensitivity in our study to syntactic distance across profi
ciency levels offers insights into the cognitive mechanisms underlying L2 speech 
fluency. Native speakers demonstrated greater sensitivity to fine-grained syntactic 
complexity in pause placement, suggesting more efficient syntactic processing 
and integration. This pattern is consistent with theories of automaticity in L2 
acquisition (Segalowitz, 2010), where advanced processing allows for more strate
gic use of pauses in relation to syntactic structure. Conversely, the stronger sen
sitivity to syntactic distance in pause duration among lower proficiency speakers 
likely reflects greater processing demands at syntactically complex locations, 
where speakers require additional time to plan and integrate upcoming linguistic 
material. 

These findings contribute to a reconceptualization of L2 fluency that extends 
beyond traditional measures of speed and frequency. Rather than viewing pauses 
merely as disruptions to fluency, our results suggest that strategic pause placement 
in relation to syntactic structure is a hallmark of proficient speech. This perspec
tive aligns with recent work emphasizing the importance of considering pause 
locations (de Jong, 2016; Kahng, 2018; Suzuki & Kormos, 2020; Kallio et al., 2022) 
and supports the notion that fluency encompasses not just temporal aspects but 
also the linguistic sophistication of pause use. 
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5.2 Methodological Contributions 

The syntactic pause ratio (SPR) emerges as a robust, and intuitive measure that 
effectively combines pause behavior with syntactic structure. It is directly related 
to local predictions of pause probability and pause duration. Measures derived 
from Tauberer’s (2008) results, which involve both the duration of the preceding 
constituent and the number of words of the upcoming constituent, may be less 
intuitive because they combine syntactic structure, number of words, and articu
lation rate. Unlike traditional approaches in L2 fluency research that treat syntac
tic structure in a categorical manner, SPR provides a continuous metric that better 
captures the relationship between pausing patterns and syntactic complexity. The 
measure’s superior performance in proficiency classification, despite the addi
tional challenges in automatic processing of L2 speech, demonstrates its potential 
as a reliable indicator of L2 fluency development. 

Our comparison of continuous versus categorical measures reveals the advan
tages of gradient approaches for capturing linguistic phenomena. The substantial 
improvement in model fit when using syntactic distance underscores the limita
tions of categorical boundary-based methods. This finding has broader implica
tions for computational linguistics and natural language processing, suggesting 
that continuous measures may be more effective for modeling human language 
behavior across various domains. 

5.3 Practical Applications and Pedagogical Implications 

These findings have direct implications for automated language assessment sys
tems. The robust performance of syntactic distance measures suggests that incor
porating syntactic complexity into fluency assessment algorithms could 
significantly improve their accuracy and validity. The continuous nature of these 
measures makes them particularly suitable for computational implementation, 
offering a more sophisticated alternative to current approaches that rely primarily 
on temporal measures. 

From a pedagogical perspective, these results suggest that fluency instruction 
should address not only the temporal aspects of speech but also the strategic use 
of pauses in relation to syntactic structure. Teaching learners to recognize and uti
lize syntactic boundaries for pause placement may contribute to fluency patterns, 
making speech easier to process for the listener. 

To facilitate the adoption of these methods by the broader research and ped
agogical community, the complete speech processing and annotation code is 
made available through the open-source PLSPP pipeline,5 which can be down

5. PLSPP pipeline: https://gricad-gitlab.univ-grenoble-alpes.fr/lidilem/plspp 
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loaded and reused freely. The pipeline implements both categorical and con
tinuous approaches to syntax-based pause annotation, enabling researchers to 
replicate and extend our analyses. For those without technical expertise, the same 
functionality is accessible through PLSPP Web Services,6 a web interface that 
allows teachers and researchers to annotate their own speech data online with a 
GDPR-compliant service. These resources aim to bridge the gap between theoret
ical advances in L2 fluency research and practical applications in language assess
ment and instruction. 

5.4 Limitations and Future Directions 

Several limitations still need to be addressed in upcoming work. Our findings are 
based on Japanese learners of English, and cross-linguistic validation is necessary 
to establish the generalizability of the relationship between syntactic distance and 
pause patterns. Different L1-L2 combinations may yield different results due to 
varying degrees of syntactic transfer and processing strategies. Moreover, beyond 
structural factors, pausing strategies may also differ among cultures. For instance, 
while pauses are often avoided and interpreted as turn-change opportunities by 
English native speakers (Sacks, 1992; Fox et al., 1996), short pauses are quite fre
quent in Japanese and allow simultaneous reactions by the interlocutor without 
speech turn interruption (Maynard, 1989). Shigemitsu (2007) showed, for exam
ple, how using English pausing strategies in Japanese or Japanese pausing strate
gies in English can disturb conversations between English and Japanese native 
speakers. 

While our sample size was sufficient for the current analyses, larger-scale 
studies would strengthen the robustness of these findings and allow for more 
fine-grained analyses of individual differences. The small number of B1 speakers 
constitutes a notable limitation that might explain the low significance of some 
results, such as S_clause and S_phrase scores. In previous work (Coulange, 2025), 
similar metrics were used to characterize the syntactic distribution of pauses 
among 170 French learners of English at CEFR B1 and B2 levels, showing a signif
icant difference between both levels, with the larger difference occurring for the 
continuous syntactic distance-based score. 

Another limitation is that our constituency parsing was based exclusively on 
the text transcript (with no prosody information) and that the model we used was 
primarily trained on written text. The precision of this syntactic analysis could 
be improved by using a speech-based syntactic parser. However, this would intro

6. PLSPP Web Services: https://plspp.univ-grenoble-alpes.fr/ 
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duce circularity because such parsers typically incorporate prosodic cues, includ
ing pauses, into their predictions. 

Additionally, this study establishes associations rather than causal relation
ships between syntactic complexity and pause behavior. Future research should 
investigate whether training learners to attend to syntactic structure in pause place
ment leads to improvements in perceived fluency and overall proficiency ratings. 

Several directions for future research emerge from these findings. Longitudi
nal studies tracking the same learners over time would provide insight into the 
developmental trajectory of syntactic pause placement strategies. Cross-linguistic 
studies examining learners from different L1 backgrounds would help establish 
the universality of these patterns versus language-specific effects. Finally, inves
tigating these patterns in different speech contexts (e.g., spontaneous versus 
planned speech, different task types) would clarify the scope and stability of syn
tactic distance effects on pause behavior. 

Conclusion 

This study advances our understanding of L2 speech fluency by demonstrating 
the crucial role of syntactic complexity in pause placement. While classical 
approaches based on constituent boundary types (e.g., clauses and phrases) pro
vide useful insights into syntax-pause relationships, this categorical approach cap
tures syntactic complexity only to a limited extent. The continuous measure of 
syntactic distance adopted in this study, building on preliminary work, proved 
substantially more informative, robust, and effective for characterizing pause pat
terns in relation to syntactic structure. 

By moving beyond simple temporal measures to incorporate the strategic use 
of pauses in relation to syntactic structure, we gain a more nuanced and the
oretically grounded understanding of what constitutes fluent L2 speech. These 
findings have significant implications for both theoretical models of L2 fluency 
and practical applications in language assessment and instruction. They offer 
a more sophisticated framework for understanding and evaluating second lan
guage speech fluency, one that recognizes pause placement as a strategic linguistic 
behavior that supports discourse organization and listener comprehension, rather 
than merely disrupting temporal flow. 
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Code 

– Speech annotation was done with the Pause and Lexical Stress Processing Pipeline 
(Coulange et al., 2024b). Source code is available on GitLab at: https://gricad-gitlab.univ-
grenoble-alpes.fr/lidilem/plspp 

– Computation of fluency scores and models were done with R. Scripts are provided here: 
https://doi.org/10.17605/OSF.IO/KW49Q 
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Model Outputs 

Pause prediction based on boundary type (const_model) 
Generalized linear mixed model fit by maximum likelihood (Laplace Approximation) [‘glmerMod‘] 

Family: binomial ( logit ) 
Formula: is_pause ~ level * Proficiency + (1 | spk) 

Data: data 
Control: glmerControl(optimizer = “bobyqa”, optCtrl = list(maxfun = 1e+05)) 

AIC BIC logLik −2*log(L) df.resid 
40522.0 40633.7 −20248.0 40496.0 39944 

Scaled residuals: 

Min 1Q Median 3Q Max 
−1.4982 −0.5551 −0.4315 −0.2664 4.1896 

Random effects: 

Groups Name Variance Std.Dev. 
spk (Intercept) 0.07714 0.2777 

Number of obs: 39957, groups: spk, 43 
Fixed effects: 

  Estimate Std. Error z value Pr(>|z|) 
(Intercept) −2.31046 0.09603 −24.060 < 2e-16 *** 
levelphrase 0.61748 0.06586 9.376 < 2e-16 *** 
levelclause 1.34301 0.06917 19.417 < 2e-16 *** 
ProficiencyC1 0.66259 0.14645 4.524 6.05e-06 *** 
ProficiencyB2 1.16926 0.13437 8.702 < 2e-16 *** 
ProficiencyB1 1.55829 0.20008 7.788 6.79e-15 *** 
levelphrase:ProficiencyC1 −0.31342 0.09415 −3.329 0.000871 *** 
levelclause:ProficiencyC1 −0.25012 0.09993 −2.503 0.012320 * 
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levelphrase:ProficiencyB2 −0.20127 0.09477 −2.124 0.033679 * 
levelclause:ProficiencyB2 −0.33834 0.10292 −3.288 0.001011 ** 
levelphrase:ProficiencyB1  0.20446 0.15479  1.321 0.186535 
levelclause:ProficiencyB1 −0.15546 0.17373 −0.895 0.370896 

Pause prediction based on syntactic distance (logsyntdist_model) 
Generalized linear mixed model fit by maximum likelihood (Laplace Approximation) [‘glmerMod’] 

Family: binomial ( logit ) 
Formula: is_pause ~ logSyntDist * Proficiency + (1 | spk) 

Data: data 
Control: glmerControl(optimizer = “bobyqa”, optCtrl = list(maxfun = 1e+05)) 

AIC BIC logLik −2*log(L) df.resid 
39965.9 40043.3 −19974.0 39947.9 39948 

Scaled residuals: 

Min 1Q Median 3Q Max 
−2.3338 −0.5599 −0.4174 −0.2344 4.7542 

Random effects: 

Groups Name Variance Std.Dev. 
spk (Intercept) 0.07923 0.2815 

Number of obs: 39957, groups: spk, 43 
Fixed effects: 

  Estimate Std. Error z value Pr(>|z|) 
(Intercept) −2.55855 0.08636 −29.628 < 2e-16 *** 
logSyntDist 0.95520 0.03271 29.203 < 2e-16 *** 
ProficiencyC1 0.65367 0.13567 4.818 1.45e-06 *** 
ProficiencyB2 1.30252 0.12289 10.599 < 2e-16 *** 
ProficiencyB1 1.65545 0.18305 9.044 < 2e-16 *** 
logSyntDist:ProficiencyC1 −0.20597 0.05040  4.086 4.38e-05 *** 
logSyntDist:ProficiencyB2  0.30156 0.05368  5.618 1.93e-08 *** 
logSyntDist:ProficiencyB1  0.22620 0.09797 −2.309 0.0209 * 
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Pause duration prediction based on boundary types (constDUR_model) 

Linear mixed model fit by REML [‘lmerMod’] 
Formula: log(durationMS) ~ level * Proficiency + (1 | spk) 

Data: data[data$is_pause == “TRUE”, ] 

REML criterion at convergence: 16419.5 
Scaled residuals: 

Min 1Q Median 3Q Max 
−2.34787 −0.78476 −0.03453 0.72667 2.63949 

Random effects: 

Groups Name Variance Std.Dev. 
spk (Intercept) 0.007508 0.08665 
Residual   0.341625 0.58449 

Number of obs: 9241, groups: spk, 43 
Fixed effects: 

  Estimate Std. Error t value 
(Intercept) 6.05835 0.04118 147.110 
levelphrase 0.11430 0.03660 3.123 
levelclause 0.19280 0.03766 5.120 
ProficiencyC1 0.10145 0.05985 1.695 
ProficiencyB2 0.13275 0.05606 2.368 
ProficiencyB1 0.25435 0.08204 3.100 
levelphrase:ProficiencyC1 −0.10882 0.05138 −2.118 
levelclause:ProficiencyC1 −0.09248 0.05319 −1.739 
levelphrase:ProficiencyB2 −0.08882 0.04999 −1.777 
levelclause:ProficiencyB2 0.06833 0.05236 1.305 
levelphrase:ProficiencyB1 −0.02285 0.07568 −0.302 
levelclause:ProficiencyB1 0.12803 0.07987 1.603 

Pause duration prediction based on syntactic distance 
(logsyntdistDUR_model) 

Linear mixed model fit by REML [‘lmerMod’] 
Formula: log(durationMS) ~ logSyntDist * Proficiency + (1 | spk) 

Data: data[data$is_pause == “TRUE”, ] 

REML criterion at convergence: 16426.6 
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Scaled residuals: 

Min 1Q Median 3Q Max 
−2.32508 −0.78899 −0.03045 0.71865 2.59155 

Random effects: 

Groups Name Variance Std.Dev. 
spk (Intercept) 0.007387 0.08595 
Residual   0.342339 0.58510 

Number of obs: 9241, groups: spk, 43 
Fixed effects: 

  Estimate Std. Error t value 
(Intercept) 6.08813 0.03117 195.299 
logSyntDist 0.08447 0.01457 5.797 
ProficiencyC1 0.04185 0.04832 0.866 
ProficiencyB2 0.03894 0.04435 0.878 
ProficiencyB1 0.17133 0.06534 2.622 
logSyntDist:ProficiencyC1 −0.02279 0.02291 −0.995 
logSyntDist:ProficiencyB2 0.07169 0.02309 3.104 
logSyntDist:ProficiencyB1 0.11379 0.03810 2.986 

Proficiency prediction model (baseline: Articulation rate + pause frequency) 
Call: 
multinom(formula = Proficiency ~ articulation_rate + pause_frequency, data = speakers) 
Coefficients: 

  (Intercept) articulation_rate pause_frequency 
B2 4.431488 4.854783 −26.724735 
C1 −37.569214 18.085977 −3.640931 
native −36.969567 19.320178 −25.172595 

Std. Errors: 

  (Intercept) articulation_rate pause_frequency 
B2 6.333065 3.333483 17.61253 
C1 44.089429 12.520008 48.51376 
native 44.924197 12.643535 51.43438 

Residual Deviance: 38.97739 
AIC: 56.97739 
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Proficiency prediction model (baseline + S_clause) 
Call: 
multinom(formula = Proficiency ~ articulation_rate + pause_frequency + Sclause, data = speakers) 
Coefficients: 

  (Intercept) articulation_rate pause_frequency Sclause 
B2 −3.2375 20.90556 −77.06433 −13.64170 
C1 −111.5640 58.95475 −53.02176 −23.32699 
native −110.5393 60.15895 −76.28529 −23.93120 

Std. Errors: 

  (Intercept) articulation_rate pause_frequency Sclause 
B2 14.53254 24.80746 77.31623 15.68490 
C1 178.29325 53.95349 233.47834 18.96281 
native 178.52429 53.98005 234.26668 19.02854 

Residual Deviance: 26.18087 
AIC: 50.18087 

Proficiency prediction model (baseline + S_phrase) 
Call: 
multinom(formula = Proficiency ~ articulation_rate + pause_frequency + Sphrase, data = speakers) 
Coefficients: 

  (Intercept) articulation_rate pause_frequency Sphrase 
B2 −1.935702 39.88477 −141.95300 −34.15078 
C1 −173.583850 98.62193 −75.69711 −47.61274 
native −169.577664 98.87231 −100.26668 −45.14241 

Std. Errors: 

  (Intercept) articulation_rate pause_frequency Sphrase 
B2 23.03714 29.84157 95.52045 24.92308 
C1 148.82571 62.36998 205.92816 31.86623 
native 147.70944 62.19217 205.53023 31.81918 

Residual Deviance: 21.41145 
AIC: 45.41145 

Proficiency prediction model (baseline + SPR) 
Call: 
multinom(formula = Proficiency ~ articulation_rate + pause_frequency + SPR, data = speakers) 
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Coefficients: 

  (Intercept) articulation_rate pause_frequency SPR 
B2 1.272329 7.551009 −37.95681 −6.774431 
C1 −82.579342 36.205388 −32.34074 −28.704128 
native −73.940424 37.894293 −87.56004 −8.367411 

Std. Errors: 

  (Intercept) articulation_rate pause_frequency SPR 
B2 6.38891 5.556608 25.67418 5.356414 
C1 89.44987 28.519258 78.54089 19.543573 
native 88.61562 28.329395 90.41205 19.134584 

Residual Deviance: 17.436 
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