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1) The substantial agreement between automatic and manual annotation (pause locations: k=.613/ disfluency words: k=.674).

m 2) Moderate-to-strong correlations between automatically and manually calculated fluency measures (r=1.444 - .868).
3) Automatic fluency measures have high predictability of human judgement fluency (R2=.726).

1. Introduction
Why automatic annotation of fluency?

* Forresearchers. The labour intensiveness of manually
annotating temporal features of speech (e.g., pause & hesitation).

» For testers. The potential for automated scoring of L2 speech
as fluency is robust indicator of L2 oral proficiency (Tavakoli et al.,
2020) (e.g., Chen et al., 2018; Saeki et al., 2021; Saito et al., 2022).

Any challenges?

« Automatic fluency annotation systems have thus been
developed (de Jong & Wempe 2009; de Jong et al., 2021).

« The automatic methods are a valid alternative to manual
annotation (Suzuki et al., 2021).

» Existing systems cannot annotate following features despite

their predictive power for fluency judgement
(Kahng, 2018; Suzuki et al., 2021)

(i.e., silent pauses within a clause or between clauses)

(e.qg., self-repair, repetition & false start)

The current study aims to develop an annotation system
which can annotate silent pause locations and disfluency words.

3. Method

Aims
1. To test accuracy of automatic annotation of
the silent pause locations and disfluency words.

2. To evaluate the predictive validity of automatically

calculated fluency measures in terms of
a. Correlation with corresponding manual measures
b. EXxplained variance of listener-based judgements of fluency.

Dataset

1. Dialogue speech by Japanese English learners
(N=85; N, ,,=2,236) (Saeki et al., 2022).
 Two research assistants manually annotated for silent pause
locations and disfluency words.

2. Monologue speech by Japanese English learners (N=512)
(Suzuki & Kormos, 2021).

 Two PhD students in Applied Linguistics evaluated for
fluency using a 9-point scale.

Fluency - Speed measures . Articulation rate (AR)
Measures Breakdown measures : MCP/ECP ratio, MCP/ECP duration
- Repair measures . Disfluency ratio (DR)

5. Discussion

* The annotation system has the substantial agreement (k=613 /.674) and the predictive
power of the fluency judgements outperformed the conventional one (R2=.726 vs. .435).

2. Automatic annotation design
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2) Using NLP technology, BERT
(Devlin et al., 2019), repeated / repaired
words are detected from transcripit.

3) The detected disfluency words
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4. Result

1. There is the substantial agreement between automatic and
manual annotations.

Table 1. Cohen’s kK between automatic and manual annotation

0.613 0.674

2. Automatically calculated fluency measures have (Table 2 & 3)

a. moderate-to-strong correlations with manual ones
b. high predictability of fluency judgements.

Table 2. Correlation coefficients between automatic and manual measures

0.444 0.665 0.537 0.868 0.493 0.620

Table 3. R2 scores of a regression model predicting fluency judgements

0.644 0.435 0.726
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* The automatic annotation of pause locations and disfluency words is important for the automatic

assessment system (cf., Suzuki et al., 2021).

The correlation between automatic and manual measures for

AR and ECP duration were relatively low (r=.444 /.493).
R2 score of the fluency judgement prediction based on the

proposed annotation is “higher” than manual one (R2=.726 vs. .644).

» Fluency measures might have negatively biased towards lower-proficiency level learners due to
low speech recognition accuracy, and which in turn exaggerated the R2 value (cf., Tan et al., 2014).
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