Semiautomatic support of speech fluency assessment by detecting filler particles and
determining speech tempo

Valentin Kany, Jiirgen Trouvain
Language Science and Technology, Saarland University, Saarbriicken (Germany)

The degree of speech fluency is a fundamental indicator for language proficiency and its assess-
ment [5]. The assessment of speech fluency by trained raters is very complex, time consuming,
and can be rather inconsistent. The popular Praat-scripts by de Jong et al. [5] can help to
determine important parameters of speech fluency automatically, namely speaking rate (SR,
including pauses), articulation rate (AR, excluding pauses), and the frequency of filler particles
(FPs) such as “uh” or “um”. SR, AR and the usage of FPs are fundamental to assess speech
fluency [4]. Whereas the scripts by de Jong et al. [5] were trained on adult speakers of Dutch
and English, a recent study [6] tested their usability on German speech data of pre-school chil-
dren (native and non-native speakers) to check the possibility of automatisation as a support for
assessing language proficiency.

Compared with manual annotation the de Jong scripts performed quite well with respect
to the automatic detection of speech pauses, but the performance slightly dropped for the task
of detecting syllable nuclei. Both types of detection are key for determining SR and AR, both
expressed as syllables per second. The scripts’ usability for the detection of FPs on the above
mentioned data of pre-school children was rather low because of the high number of false
positives produced by the script. There are several approaches to FP detection with a higher
quality output, however, they are more complex to use (e.g. [9], [3], [7]).

For this study, we use Whisper [8], a freely available tool for automatic speech recognition,
which offers a simple way to automatically transcribe input audio files. By adding a specific
initial prompt as an input to the system, it can also transcribe FPs that would otherwise be
missing in the output orthographic transcript. The performance of this method is tested on the
child data from [6] to have a baseline to compare it with the output of the de Jong scripts.
FPs could be directly compared whereas the syllabic rates needed some syllable counting and
durational information taken from other tools (Syllable Counter [1], and Praat [2], respectively).

Regarding the automatic detection of filler particles, Whisper showed a significantly lower
number of false positives than the de Jong scripts. Additionally, the rate of true positives is
higher for Whisper compared to the de Jong scripts (see Table 1). The weakness of the Whisper
method turned out to be the lack of adaptation to non-typical FPs. Differences in vowel quality
led to a search for an acoustically similar lexical alternative.

The tempo measurements were quite similar to those of the scripts when comparing both
approaches to human annotation, with the Whisper approach having a slightly higher agreement
than the scripts (see Table 2). Consequently, the differences between both semi-automatically
calculated speech rates and the manually calculated speech rate is within practicable limits
and above all persistent. This makes the method usable to consistently estimate the speaker’s
speech tempo with minor inaccuracies.

In conclusion, this study shows that sufficiently reliable speech tempo measurements are
easier to handle with the scripts by de Jong et al. [5] than with Whisper plus the additional
tools. It also shows that Whisper could be a valid alternative as a simple and accessible tool
for detecting FPs. However, the usage of Whisper for FP detection and tempo measurement
requires much more effort than running Praat scripts. Thus, it would be desirable to combine
approaches with Whisper (or similar tools) with the de Jong scripts. Such an integration would
help with the process of language proficiency assessments by supporting the human tasks and
therefore reduce the effort and increase the consistency throughout the process.
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Precision Recall Accuracy F1

de Jong scripts | Whisper | de Jong scripts | Whisper | de Jong scripts | Whisper | de Jong scripts | Whisper
0.03 0.73 0.53 0.74 0.75 0.99 0.05 0.73
True Positives False Positives True Negatives False Negatives
de Jong scripts | Whisper | de Jong scripts | Whisper | de Jong scripts | Whisper | de Jong scripts | Whisper
65 90 2,281 34 7,105 8,187 57 32

Table 1: Results of the evaluation of both methods (de Jong scripts vs. Whisper) with respect
to the automatic FP detection.

Detection method human | de Jong scripts | Whisper + Syllable Counter
Number of syllables 8,389 9,508 8,343

Mean speaking rate (syll/sec) | 1.41 1.53 1.38

Cohen’s kappa - 0.60 0.69

Table 2: Comparison of the proposed methods with respect to the (semi)automatic syllable
detection and the calculated speaking rate. Cohen’s kappa values are relative to human annota-
tion.
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