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Abstract. Stuttering is a complex speech disorder that can be identi-
fied by repetitions, prolongations of sounds, syllables or words and blocks
while speaking. Severity assessment is usually done by a speech therapist.
While attempts at automated assessment were made, it is rarely used in
therapy. Common methods for the assessment of stuttering severity in-
clude percent stuttered syllables (% SS), the average of the three longest
stuttering symptoms during a speech task or the recently introduced
Speech Efficiency Score (SES). This paper introduces the Speech Con-
trol Index (SCI), a new method to evaluate the severity of stuttering.
Unlike SES, it can also be used to assess therapy success for fluency shap-
ing. We evaluate both SES and SCI on a new comprehensively labeled
dataset containing stuttered German speech of clients prior to, during
and after undergoing stuttering therapy. Phone alignments of an auto-
matic speech recognition system are statistically evaluated in relation to
their relative position to labeled stuttering events. The results indicate
that phone length distributions differ in respect to their position in and
around labeled stuttering events.
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1 Introduction

Stuttering is a speech disorder with a prevalence of 1 % of the population [4]. It
is a complex disorder of nerve coordination between both brain hemispheres. It
can be identified by repetitions, prolongations of sounds, syllables or words, and
blocks while speaking.

In addition to these so-called core symptoms, a wide variety of linguistic,
physical, behavioral and emotional accompanying symptoms can occur, some of
them overlapping the core symptoms. Stuttered disfluencies are usually accom-
panied by physical tension [12]. The frequency of occurrence and the duration
of the symptoms vary considerably depending on individual severity and can
seriously impair the communication of the person who stutters (PWS) [3]. The
individual appearance of the symptoms of each PWS also depends on the respec-
tive communication situation, the linguistic complexity of the utterance and the
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typical phased progress of the speech disorder [6] [19]. Since PWS know exactly
what they want to say, the cause of the stuttered disfluency does not lie in plan-
ning or formulating speech, but in executing the plan of articulation [12]. The
condition is treatable but not curable.

One possible technique to overcome stuttering is a technique called fluency
shaping [9, 26]. Good results could be achieved by adapting it to stuttering ther-
apy [13]. PWS learn a method to overcome blocks which is characterized by
”easy” voice onset [10]. A German adaption of this technique is the Kasseler
Stottertherapie which has also been proven to work well [8, 7]. To assess the
severity of stuttering and stuttering therapy success in some way, it is important
to measure stuttering in a reliable way. This is important both for therapeutic
practice and research. A stuttering diagnosis consists of the objective and sub-
jective evaluation of the stuttering symptoms as well as the evaluation of the
impairment of everyday life caused by the disorder. It should provide a reliable
picture of the individual severity of stuttering.

The objective evaluation of linguistic symptoms typically measures the fre-
quency of stuttering events in percent of stuttered syllables ( % SS ), whereby
the number of stuttered syllables is related to overall spoken syllables. However,
this measure has only little agreement among different observers [6] and does not
take into account the type of stuttering symptom, e.g. one-time syllable repeti-
tion vs. several-second tense block, nor its duration, which significantly reduces
the significance of % SS regarding the severity of stuttering [6, 24]. Additionally
to % SS , the duration of stuttering events can be determined in order to in-
crease the reliability of the results. However, commonly only a small part of the
duration of stuttering events is taken into account, e.g.; in SSI-4 only the aver-
age of the three longest stuttering symptoms is used [23]. These methods also do
not record atypical stuttering disfluencies, which however can occur as accompa-
nying linguistic symptoms and can significantly influence the impression of the
severity of stuttering. Subjective stuttering severity rating scales are a widely
used measure for assessing the severity of stuttering. These are commonly used
both in speech therapy [18] and in clinical research [27]. For clinical purpose,
severity rating scales are more reliable than % SS , to provide a statement about
individual stuttering severity [11].

Methods for the automated assessment of stuttering and stuttering severity
have been proposed in the past. Nth, Niemann, Haderlein, et al. use a standard
speech recognition system and and evaluated vowel and fricative durations on
a standardized reading task to discriminate between PWS and normal speakers
[16]. To classify prolongations and repetitions, Chee et al. extracted Mel Fre-
quency Cepstral Coefficients (MFCC) and used them to train k-NN and LDA
classifiers on a very small sample taken from the University College London
Archive of Stuttered Speech [5]3. Mundada et al. use the K-Means clustering
algorithm to separate normal speakers from PWS. They also use MFCC feature
extraction and Dynamic Time Warping (DTW) for classification [15]. Świetlicka
et al. use artificial neural networks to discriminate between syllable repetitions,

3 Available at https://www.uclass.psychol.ucl.ac.uk/uclassfsf.htm
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blocks before words that start with a plosive, and phone prolongations [25]. Al-
harbi et al. recognize the need to develop customized ASR that can produce full
verbatim transcripts including pseudo words and word parts without meaning.
Their approach is mainly focused on the detection of repetitions [1]. Ochi et al.
investigated the automatic evaluation of soft articulatory contact, as it is taught
in stuttering therapy. Detecting modified speech is necessary to account for it in
automatic evaluation of PWS that went through speech therapy [17].

Our Contributions. In this work, we introduce the Speech Control Index
(SCI), a new method to evaluate the severity of stuttering which can also be used
to assess therapy success for fluency shaping. We evaluate both SES and SCI
on a new comprehensively labeled dataset acquired at the Institut der Kasseler
Stottertherapie(KST) containing stuttered German speech of clients prior to,
during and after undergoing stuttering therapy. Based on phone alignments of
an automatic speech recognition system, we perform a statistical evaluation of
phone length distributions in relation to stuttering events.

2 Data

The data used in this paper was specifically created and labeled with stuttering
and stuttering therapy in mind. In the future, data gathered for this work will be
used to create means to provide unobstrusive monitoring of stuttering. Thus, the
dataset was created to represent reality as good as possible. No special recording
equipment was used and the dataset was recorded with consumer hardware. All
recordings were created before, during and after therapy at the KST. The therapy
contains a number of different tasks such as reading, calling unacquainted people
for inquiry purposes or talking to strangers in the street.

The labeling was done by two clinical linguists familiar with stuttering ther-
apy at the KST. The data is labeled in great detail differentiating twelve states
of fluent or disfluent speech as well as prosodic pauses and blocks. The focus
is to comprehensively label stuttering behavior such as interrupted or repeated
words or sentences in whole or parts. The dataset also labels interjections, which
can be a typical stuttering related behavior, even though it is also common in
regular speakers. Another unique feature of the dataset is the labeling of mod-
ified speech: speech as it is produced when applying the fluency shaping tech-
nique taught and trained at the KST. Additionally to the labeling of stuttering
behavior, a transcript is provided in which word abortions are marked and tran-
scribed in a verbatim way. During preprocessing, the recordings were resampled
to 16 kHz where necessary and in case of stereo recordings only one channel is
used. The dataset contains 214 recordings by 37 speakers of which 28 were male
and 9 were female. The dataset amounts to about 207 minutes of labeled speech.

To the best of our knowledge, these features make it one of the largest and
most comprehensively labeled datasets containing stuttered speech. One of its
most important features is the existence of stuttered and modified speech prior
to, during and after therapy, enabling extensive research and the creation of
practical applications that can be used in a therapeutic context.
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3 Method

To assess the severity of stuttering or disfluency of speakers using fluency shap-
ing, common evaluation methods such as %SS or SSI-4 are insufficient, as these
methods do not account for therapy artefacts and accompanying linguistic symp-
toms. Since a purely subjective measure of stuttering severity has many draw-
backs in clinical practice, we chose to calculate the SES based on classifying
speech as either efficient, inefficient or silence.

3.1 Speech Efficiency Score

The Speech Efficiency Score (SES) is a recent method for the evaluation of
(dis)fluent speech that was proposed by Amir et al. [2]. This method puts the
fraction of fluent speech in relation to the fraction of disfluent speech. Thus, SES
determines the communicative efficiency of a speaker by focusing on the time
domain.

SES =
Efficient time

Total time − Silence
· 100% (1)

With this method, all kinds of disfluencies, both typical and atypical to
stuttering, are taken into account, as well as the duration of the fluent and
disfluent speech components, which makes it superior to previous methods. Amir
et al. concluded that, due to the high correlation they found between SES and
subjective severity rating scales, SES also provides reliable information about the
severity of stuttering. Since SES considers prolongations, which are perceived as
abnormal, to be inefficient, it must be assumed that the SES fails to take adapted
speaking behaviors into account. This in turn implies that for the calculation of
SES, speech fractions that contain modified speech, such as fluency shaping, are
counted as inefficient.

Fluency shaping focuses on restructuring the way of speaking, aiming at
modifying speech in a way that little or no stuttering symptoms occur. The
technique includes gentle voice onsets as well as syllable and word bindings, in
which the vibration of the vocal cords is not supposed to stop. It allows PWS
to regain a high degree of control over their own speech and speak much more
fluently. However, applying this technique, especially at the beginning of the
therapy, sounds quite unnatural due to the prolongations that are not present in
a normal flow of speech [20]. Since calculating SES includes speech fractions that
have been modified by fluency shaping as inefficient, the measure does not give
a reliable picture of the severity of stuttering in PWS who apply this technique.

3.2 Speech Control Index

To address the shortcomings of SES in the context of speech therapy using
fluency shaping, we propose a new method that can be used to assess the severity
of stuttering but still is able to account for and measure therapeutic success. The
Speech Control Index (SCI) was developed at the KST and accounts for speech
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modifications which relate to fluency shaping. By adding modified speech to
the controlled speech, the SCI not only provides a measure for the individual
severity of stuttering, but also whether or not PWS are able to control their
speech by using the speaking technique. The SCI quantifies the proportion of
time between controlled speech components, which means fluent and modified
speech, and uncontrolled speech components such as disfluencies and blocks.
Thus SCI, similar to SES, considers speaking over time.

To achieve this, speech fractions are grouped in one of three categories:

1. Controlled time - all parts of speech produced that can be considered fluent
or modified, which means a PWS uses a speaking technique to overcome
stuttering. Additionally prosodic pauses are added to this category.

2. Disfluent time - all parts of a sample that can be identified as stuttered
disfluencies are being counted to disfluent speech, i.e. repetitions of sounds,
syllables, words, prolongations, blocks and silent blocks. In addition, speech
fractions containing atypical stuttering disfluencies such as the repetition of
phrases, interjections, revisions including incomplete words and phrases are
being added to disfluent time.

3. Silence - long pauses in which the PWS is not speaking and not trying to
speak as well as interruptions by the dialogue partner, etc.

Accordingly, ”Total time” in Eq. 2 is the sum of the three aforementioned
categories.

Based on the correlation between subjective severity rating scales and the
SES, Amir et al. concluded that SES also provides reliable information about
the severity of stuttering [2]. As calculation of SCI is similar to SES beside the
attribution of modified speech fractions, the same is expected to hold for the SCI.
In cases where PWS do not use the speaking technique, which can be assumed
for recordings done prior to therapy, both measures are equal. The same is true
for cases in which only little speaking technique is applied, which is confirmed
by Fig. 1a.

SCI =
Controlled time

Total time − Silence
· 100 % (2)

3.3 Phone Durations

One of the core symptoms of stuttering is the prolongation of sounds. This should
be directly observable in the time alignment outputs produced by an automatic
speech recognition (ASR) system. Such information can be used to differentiate
between a PWS and a normal speaking person. A major difficulty is that phone
lengths are unique speech properties characteristic of every speaker and may
vary depending on various factors. To generalize such an assessment, a sample
of multiple speakers is necessary. It can be assumed that especially close to and
during a stuttering event, phone durations should on average be longer than dur-
ing fluent speech portions. To verify these assumptions, phone alignments were
produced and categorized with respect to their relative position to stuttering



6 S. P. Bayerl et al.

events: Phones inside labeled disfluencies, phones within 0.25 seconds before a
disfluency, 0.25 seconds before and after a disfluency, 0.25 seconds before, after
and inside a disfluency. To have a set that is free from modifications, which also
prolong phone lengths, a set of phones was chosen which where within speech
fractions labeled as fluent. The sets were then refined by the phone classes vowels,
fricatives, sonorants and plosives. Altogether, 44 sets of phone duration distribu-
tions were created, but the individual sets became to small to make generalizable
conclusions.

To obtain the alignments for calculating phone lengths, an ASR system
trained based on the system described in [14] was used. For training, the German
part of the Spoken Wikipedia Corpora, the German subset of the m-ailabs read
speech corpus as well as the Tuda-De corpus were used 4. Only minor modifica-
tions to the training recipe were made to reduce the number of training targets in
acoustic model training from 732 to 260. The model was trained using the Kaldi
toolkit [21], using speaker adaptive training on top of LDA and MLLT features
[22]. Prior to computing the forced alignments, the lexicon transducer of the
ASR system was modified to be able to align incomplete words. The transcripts
created for the files were checked against the lexicon and pronunciations for
missing and incomplete words were generated by using a grapheme-to-phoneme
(g2p) model trained on the original lexicon5.

4 Experiments

SCI and SES were computed for each of the 214 files in the dataset. Pearson’s
correlation between the SCI and SES over all 214 files is at 0.142 and only
shows a very weak linear relationship between the two indices. This is confirmed
by the distribution plots in Fig. 1b, and the irregular plot for SES values over
higher SCI values in Figure 1a. Comparing the SCI and SES directly, the absolute
difference is less than 0.1 percentage points for 114 recordings, which is indicated
by the plot in Figure 1a. This is exactly the part of the data that has no labeled
modifications in it, which is supported by a correlation of 1 between SCI and
SES for this part of the data. This shows that SCI and SES are identical for
samples without speech modifications.

Tab. 1 shows the descriptive statistics about the created phone subsets. In
this context, outliers were defined as phones of which the duration is at least
three times the standard deviation σ greater than the mean phone duration in
the overall set. The set containing all phones has about 2% outliers, which is
higher than the expected value for this definition of outliers. The difference to the
set containing only fluent speech as well as the set inside labeled disfluencies is
most striking. Fluent speech only contains 0.84% outliers and the average phone
duration relative to the set containing all phones is 27% shorter. Phones inside a
disfluency compared to the set containing all phones are on average 53% longer.

4 Kaldi recipe available at https://github.com/uhh-lt/kaldi-tuda-de
5 G2P tool available online at https://www-i6.informatik.rwth-

aachen.de/web/Software/g2p.html
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(a) Plot of SES over SCI values computed from labels for every file
in the dataset. Crosses representing samples that contain modified
speech, dots representing samples without.

(b) Value distribution of SCI and SES scores in the dataset (N = 214).

Table 1: Phone duration (in seconds) distributions descriptive statistics.
Dataset N Mean phone dur. Phone dur. at 90th P Phone dur. at 95th P Percent Outlier

Inside disfluency 9818 0.230 0.570 0.850 3.14

Before disfluency 7898 0.199 0.460 0.670 2.12

Before to after disfluency 23227 0.192 0.480 0.730 2.58

All phones 73410 0.150 0.330 0.520 1.99

Fluent 41195 0.109 0.200 0.310 0.84

Relative difference between average duration of phones inside fluently labeled
speech compared to speech inside disfluencies is 111%. These numbers show a
clear relationship between phone duration and stuttering related disfluencies.

It can be concluded that especially phone durations starting from the 90th

percentile within a sample can be very useful in differentiating stuttered speech
from normal speech. The plot in Fig. 2 supports this observation. It contains
histogram plots of the relative portion of phone durations in 0.1 second wide in-
tervals. This shows that apart from the phones with a duration below 0.2 seconds,
the relative number of phones inside these 0.1 second wide intervals is greatest
for phones inside disfluencies. Looking at the relative fraction of phones above
or below a duration of 0.2 seconds, might be enough to differentiate between
fluent and disfluent speech.

5 Conclusion

The SCI provides an accurate measure with similar properties as the SES for
speakers who speak mostly fluent or do not use a special speech technique.
The advantage of SCI is its ability to account for modified speech of PWS who
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Fig. 2: Fluent, All, and inside disfluency phone length distributions plotted as
relative portions of phone durations. Area under step function represents per-
centage of values inside a 0.1 second wide phone length interval.

underwent therapy and regained a level of fluency and control that is more
effective than stuttering, even though speech may not be classified as natural or
normal. An extensive comparison between the objective measures SSI-4 ( % SS
and mean duration of the three longest symptoms), SES and SCI, as well as a
comparison of these procedures with subjective stuttering severity rating scales
will be a part of future work.

The data showed that there is a clear relation between the duration of phones
and their relative position to stuttering events. As indicated here, a normal
speech recognition system can be easily modified to distinguish fluent and dis-
fluent speech in utterances based on heuristic measures as long as it can produce
alignments. For this the recognition system needs to be able to recognize incom-
plete words and syllable repetitions. This insight will be used to build automatic
stuttering recognition systems that can differentiate different levels of fluency.
The comprehensively labeled dataset enables future exploration of different kinds
of disfluencies and the use of statistical learning methods such as support vec-
tor machines or neural networks. By classifying the amount of fluent, disfluent
and modified speech in a speech sample, the automated and continuous calcula-
tion of the SCI can provide a reliable measure for stuttering severity and therapy
success. This will provide valuable feedback to the client as well as the therapist.
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14. Milde, B., Köhn, A.: Open source automatic speech recognition for German. In:
Proceedings of ITG 2018 (2018)

15. Mundada, M., Gawali, B., Kayte, S.: Recognition and classification of speech and
its related fluency disorders. International Journal of Computer Science and Infor-
mation Technologies (IJCSIT) 5(5), 6764–6767 (2014)

https://doi.org/10.1016/j.jfludis.2018.08.001
https://doi.org/https://doi.org/10.1016/j.jfludis.2009.10.004
https://doi.org/10.1055/s-0029-1242747
https://doi.org/10.1055/s-2000-11084
https://doi.org/10.1044/jshr.2803.363


10 S. P. Bayerl et al.
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