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Abstract
This paper introduces an approach to automatically predict the speech fluency of preschool children as part of
Language Proficiency Assessments. We use spontaneous speech data from children with German as native and
second language aged 4–6 years, collected via a game–based elicitation method. The recordings were mainly
annotated manually on various fluency-related phenomena. The resulting feature values were compared to human
fluency ratings of the same data. The human ratings and the fluency-related acoustic features were used to build
Cumulative Link Mixed Models (CLMMs) with and without splines to test their ability to predict the human ratings with
multiple metrics (Spearman’s ρ, MAE, quadratic weighted κ). Results show that a parsimonious linear model already
reaches near-human agreement (quadratic weighted kappa κ = 0.65) and that incorporating non-linear spline effects
does not improve predictive accuracy. These findings suggest that relatively simple CLMMs can substitute additional
human raters in fine-grained fluency assessment of preschool children, which is a task that is already challenging for
trained listeners.

Keywords: Speech Fluency, Language Proficiency Assessment, Automatic Speech Assessment, Child
Speech, Disfluencies, Acquisition, Corpus (Creation, Annotation, etc.), Prosody, Speech Resource/Database, Tools,
Systems, Applications

1. Background

Language Proficiency Assessments (LPAs) of
preschool children are ubiquitous in many coun-
tries. For instance, in Germany, LPAs are manda-
tory in almost all federal states. However, the over-
all procedure and the practiced LPA method vary
from state to state and make comparisons difficult
(Faas et al., 2021). In general, between one and
two years before entering primary school, either
all children or a certain group of children take part
in an LPA. They serve as a check to see whether
they need language learning support to reach the
required level to enter school. However, the classi-
cal methods applied in Germany come with some
caveats. They induce an unfamiliar test situation
for preschool children and their inflexible tasks hin-
der the child’s production of spontaneous speech.
This negatively affects the test’s validity. In addi-
tion, the assessment is performed by just one hu-
man expert (with possibly different levels of quality),
which makes the process 1) complex, 2) time con-
suming, and 3) the result rather subjective. These
aspects lead to a loss of objectivity, reliability, and
validity of the classical methods. Therefore, Roche
et al. (2019) aimed to develop a standardised game-
based method for LPAs. In this way, LPAs can be
conducted without inducing a test setting that gen-
erates pressure for the child. The game introduces
an immersive environment for the child and en-
courages the production of spontaneous speech.
The possibility of automatic evaluation makes the

method less time-consuming than other manual
methods.

Conventional LPAs of preschool children in Ger-
many usually test for vocabulary size, grammar
skills (Schulz and Tracy, 2011; Gagarina et al.,
2019), and morphology (Mayr and Ulich, 2003) as
indicators for the child’s overall language compe-
tence. However, speech fluency was also found to
be a major predictor for language competence by
several studies (e.g. Baker Smemoe et al. 2014;
de Jong et al. 2021; Ginther et al. 2010; Iwashita
et al. 2008), and has not yet received much atten-
tion in practice. Thus, we would like to use the
proposed LPA method in Roche et al. (2019) to
investigate speech fluency in spontaneous child
speech and find a way to integrate fluency assess-
ment into LPA.

Providing a uniform definition of "fluency" is al-
most impossible, as this term is used in a number
of different sub-disciplines viewed from different
angles with different research questions in mind.
In speech pathology in the context of aphasia di-
agnosis tests for example, the term is used in non-
conversational contexts. "Fluency" does not refer
to the flow of words in connected speech, but to
smoothness in a specific task in language produc-
tion here (Lickley, 2015). In the field of second
language acquisition, the term "fluency" is used
to describe the ability to speak in a language in a
native-like way. This entails producing speech “at
the tempo of native speakers, unimpeded by silent
pauses and hesitations” (Lennon, 1990). This abil-
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ity is affected by a range of factors, such as accessi-
bility of vocabulary, formulation of syntactically cor-
rect phrases, or preparation of motor commands for
articulatory sequences (Lickley, 2015). Given this
broad range of factors affecting fluency, this might
be the reason why fluency was found to be a robust
indicator of language proficiency in general (e.g.
Baker Smemoe et al., 2014; de Jong et al., 2021;
Ginther et al., 2010; Iwashita et al., 2008). Lickley
(2015) further discriminates "fluency" in the context
of second language acquisition from fluency in "typ-
ical speech", where the term is used to describe
the smoothness of flow at several different levels
described by several language production models
(e.g. Levelt, 1993; Garrett, 1980). A basic dis-
tinction between the two levels of planning fluency
(referring to smoothness of the internal processes)
and surface fluency (referring to smoothness of
overt speech) can be made (Lickley, 2015).

In our case, we investigate speech of young chil-
dren who are still in the process of learning German,
either as L1 (native language) or L2 (second lan-
guage). Thus, we assess a combination between
fluency in the field of (second) language acquisi-
tion and fluency in "typical speech". With our LPA
method, we can only observe speech at surface
level and are thus interested in "surface fluency"
and its link to "perceived fluency" of the children, i.e.
if human listeners perceive the speech as fluent.

2. Aims

As mentioned above, aside from the typically as-
sessed aspects in LPAs like vocabulary size, gram-
mar skills, and morphology, we would like to use
data collected by means of Roche et al. (2019)’s
game-based method to develop a method to (auto-
matically) assess the speech fluency of the children.
Several studies suggest that fluency plays a consid-
erable role in assessing the language competence
level (e.g. Baker Smemoe et al. 2014; de Jong et al.
2021; Ginther et al. 2010; Iwashita et al. 2008), yet
it is not considered in typical LPAs in practice.

In previous studies, we annotated parts of our
collected data to extract several fluency-related fea-
tures and used them, combined with biographic
data from parent questionnaires, to create individ-
ual fluency profiles for the children (Kany and Trou-
vain, 2025). These profiles serve as a starting point
in the development of an individual fluency score,
as they provide an overview of all fluency-related
features that are covered by our data and could
possibly be considered in the final assessment.

Later, we conducted a human fluency assess-
ment where raters evaluated the overall perceived
fluency of the children in the recorded segments
(Kany, 2025). With those ratings in combination
with the feature values derived from our annotations

and fluency profiles, we determined the individual
effects the features have on the overall perceived
fluency. In this study, we want to use the data
and findings from the previous studies to develop
and evaluate a model that is able to predict a hu-
man fluency rating of a recorded segment by the
feature values derived from the annotations. This
constitutes a major step on the road to develop
an automatic speech fluency assessment that can
be integrated into and enhance the proposed LPA
method (Roche et al., 2019).

3. Data Acquisition

In order to develop a method to assess speech flu-
ency of preschool children, we used the "Wuschel-
App" (Roche et al., 2019) to collect data in German
child daycare centres (kindergartens).

3.1. Principle Functionality of the Game
The game was developed to be played on a tablet.
It tells a coherent story in which the main character,
a dog named "Wuschel", is faced with a variety of
obstacles and tasks, which need to be solved. To
do so, he needs the help of the child playing the
game.

The child needs to talk to the virtual character
and answer his questions to progress through the
story. The story is told in 28 scenarios with two
questions each. The second question is a follow-
up to the first one, offering the opportunity for the
child to elaborate on his/her answer. The answers
to those 56 questions are recorded and serve as
the speech material in our data.

The game’s process is controlled by a human
conductor, as the whole system consists of two
separate apps: the game app used by the child on
a tablet and the conductor app used by the conduc-
tor on a smartphone to trigger the prompts. The
task is based on the Wizard-of-Oz-Principle: the
child thinks they interact with an autonomous sys-
tem while the conductor decides when Wuschel’s
questions are played. This way, the conductor can
control the timing of Wuschel’s utterances and ad-
just them according to the child’s behaviour. This
helps to further enhance the dialog aspect of the
game and supports the authenticity of the speech
data.

3.2. Application in Practice
So far, we have collected data from 167 children
in 30 kindergartens. The kindergartens provided
us with a separate room to record our data. Dur-
ing a session, only the child, the conductor, and a
member of the kindergarten staff were present in
the room. The staff member served as a person of
trust to the child.
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Before the start of a session, the conductor in-
structed the kindergarten staff to not help the child
with their task by using any words relevant to the
solution. They were only allowed to support the
child by motivating or comforting them. Then, the
kindergarten staff brought the child into the room.
The conductor greeted the child and talked to them
for a minute before they introduced them to the
game. They told the child about the basic principle
of the game, i.e., that they have to help the dog
"Wuschel" by talking to him and that they can only
interact verbally with him. Then, the conductor with-
drew from the child and sat down behind them to
start and direct the game inconspicuously.

An average recording session lasted for about 30
minutes. This duration seems to be reasonable as
we principally received very positive feedback from
the participating children with a low dropout-rate
of 2.5%. For our recordings we used the built-in
microphone of an iPad (9th gen) as the device on
which the game was played. While the quality of
the recordings could certainly be better by using
external microphones, this would create an uncom-
fortable situation for the child and affect the natural-
ness of our speech data. After the end of a session,
the child was rewarded with colouring pictures of
the game’s characters and a medal for beating the
game.

3.3. Data from Parent Questionnaires
For the interpretation of the speech data, additional
meta data was elicited, e.g. biographical informa-
tion from the participating children. These include
the children’s age, their first language, and their
contact time with German, among other things.
Therefore, the kindergarten staff handed out a ques-
tionnaire and a declaration of consent to the chil-
dren’s parents. The documents had to be filled out
and returned to the kindergarten by the parents
before their children were allowed to participate.

4. Speech Data from the App

So far, we have collected data from 167 children in
30 kindergartens in Germany (all located in the fed-
eral state Saarland). Our corpus comprises both,
native speakers of German (L1) and second lan-
guage (L2) speakers, the majority still being mono-
lingual German L1 speakers (n=103). The children
are between 4 and 6 years old and the L2 speaking
children have a minimum of 1 year of contact time
with the German language.

The game’s structure of 28 scenarios with 2 ques-
tions each leads to a total of 56 recorded segments
of speech per child. The mean duration of these
segments in our corpus is 8.46 seconds (includ-
ing pauses) and 3.23 seconds of articulation time

(excluding pauses). This is markedly shorter com-
pared to most other fluency assessment studies
with adults (Derwing et al., 2009; Préfontaine et al.,
2016; Suzuki and Kormos, 2019; Suzuki et al.,
2021) but also to studies with children with usually
read-aloud speech from older children to receive
longer, continuous articulation phases (e.g. Gelin
et al. 2025; Harmsen et al. 2025; Sappok 2023). In
contrast, our data consists of spontaneous speech
from preschool children gathered through a game-
based elicitation method which simulates a dialog
and thus, naturally causes the duration of coherent
speech intervals to be shorter. This aspect needs
to be kept in mind, as it might be a relevant factor
for fluency assessment.

5. Processing of the Data

5.1. Cleaning
To reduce complexity in further processing steps,
we muted all parts in the recordings that did not
include any child speech. These parts usually con-
sist of adult speech from other people in the room
or background noise.

5.2. Annotation
The annotation of fluency-related phenomena such
as filler particles, disfluent pauses, lengthenings,
repetitions and repairs is a very complex task.
It is highly dependent on research agenda, sub-
discipline and specific research question (Trouvain
et al., 2025). Thus, there is no common standard
and we had to develop an annotation scheme that
fits our purpose and our specific game-based data
with its peculiarities.

The annotation of these phenomena should
serve as a foundational basis for all further re-
search, the development of automatic methods,
and the assessment of the child’s speech flu-
ency. The manual annotations are done with Praat
(Boersma and Weenink, 2024) in TextGrids. The
TextGrids contain 6 tiers (see Figure 1).

The first tier contains a manually generated tran-
script that has been automatically aligned via Web-
MAUS (Schiel, 1999). It mainly serves as means
of orientation for the annotators. The second tier
deals with the annotation of pauses. The pauses
were annotated with six possible attributes, taking
into account if the pause is perceived to interrupt
the flow of speech or not (disfluent (d) vs. fluent
(f)), as well as their position in the dialog (i.e. if they
are within or between turns or if they occur at the
beginning or end of the recorded segment).

Tier 3 covers filler particles (FPs) produced by the
child. FPs were assigned to one of four main types.
We discriminate between monophthong vowel FPs
("äh"), diphthong vowel FPs ("ei", commonly found
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Figure 1: Example utterance with annotations on 6 tiers, reproduced from Kany and Trouvain (2025). See
text for details.

in the local dialects), combinations of a monoph-
thong plus a nasal consonant ("ähm"), and FPs
consisting of only a nasal consonant ("hm"). They
were further analysed on their position with respect
to pauses. The label [-] is put in front of the label
if the filler particle is preceded by a pause, while
[+] describes that the filler particle is preceded by
speech. The same is done at the end of the label
to indicate if the filler particle is followed by speech
or pause.

Tier 4 and 5 were used to annotate a group
of phenomena that we called "other disfluencies",
comprising repairs (speech errors which are cor-
rected shortly afterwards), truncations (abandon-
ments of syllables, words or clauses at some point
during the utterance), lengthenings (prolongations
of speech sounds), and repetitions (reiterations of
words) (Kany and Trouvain, 2025). The fifth tier
is used in case nestings occur (e.g., a lengthen-
ing within the span of a repair). The sixth and last
tier serves as a possibility to provide some com-
ments or take notes in case anything interesting
or unusual occurs that is not covered by the an-
notation scheme. All annotated labels on tier 2 to
tier 5 include a number at the end to indicate if the
utterance belongs to the first or second question
of the scene. This might have an impact on the
child’s fluency because they might already be more
familiar with the task of the scene and thus more
fluent.

6. Perception Experiment

In order to be able to build a model that predicts
human perceived fluency ratings, we needed some
baseline ratings first. Thus, we decided to con-
duct a human perceived fluency assessment in an
earlier study (Kany, 2025) where people rate the

recorded segments on the child’s speech fluency.
32 raters participated with background in linguis-
tics. This way, they all had similar preconditions
and a basic understanding of language at minimum,
which should support consistency in the ratings.
In spite of that, they do not represent the entire
main target group of LPAs which are conducted by
preschool or elementary school teachers, doctors,
psychologists, or speech therapists in Germany,
depending on the federal state (Lisker, 2010).

320 different segments (from 10 children) were
used as stimuli. Each presented segment was
rated four times. The raters had to rate the overall
fluency of the child per segment on a 9-point Likert
scale. Each rater was presented with 20 segments
in random order twice. In total, 1,280 fluency rat-
ings were achieved (32 raters x 20 segments x 2
ratings per segment).

These ratings are not distributed equally over the
whole Likert scale. They show a clear tendency
towards higher ratings (see Figure 2) which might
be caused by the short duration of most stimuli.

To find possible links between the ratings and
the fluency-related features that can be derived
from our annotations, we built a first Cumulative
Link Mixed Model (CLMM) for ordinal data (Chris-
tensen, 2023) with the features from our fluency
profiles (Kany and Trouvain, 2025) as fixed effects
and rater, child, and stimulus as random effects in
R. All predictors were z-standardised with the help
of the scale function beforehand to avoid problems
caused by the different scales of the measures
and ensure comparability (R Core Team, 2025).
CLMMs are suitable for our usecase as they can
deal with our ordinal dependent variable (ratings
from 1 to 9) and allow a mixture between fixed and
random effects, such as stimulus or child. The
model only revealed three significant effects: the
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Figure 2: Frequency of the different fluency ratings
given by the human raters in the fluency assess-
ment (1 = not fluent at all, 9 = very fluent).

number of "disfluent pauses" in the stimulus, the
number of "other disfluencies" in the stimulus, and
the "articulation rate" in the stimulus. However, an
additional graphical overview of all features with
their mean value in relation to the different rat-
ings suggested some non-linear relationships that
could possibly not be modelled by the simple linear
CLMM (see Figure 3).

7. Predicting Human Fluency Ratings

7.1. Modelling Non-Linear Effects
After identifying the crucial fluency features from
the previous study and their link to the human flu-
ency ratings, we aim to build a selection of new
CLMMs that extend the baseline CLMM from the
previous study by taking the non-linearity of certain
features into account and test their ability to predict
the human ratings.

First, we conducted a check for non-linearity for
all z-standardised features by plotting the partial
effect curves from Kany’s (2025) CLMM for each
feature in R. Then, we modelled all features that
showed a considerably non-linear curve with pe-
nalised regression splines in our CLMM, as they
provide a data-driven way to capture non-linear
effects without the need to assume a specific func-
tional form in advance (Wood, 2017). The plots
support the first impression from the previous study,
that the number of FPs in the audio segment has a
non-linear effect on the fluency rating (see Figure
4): A low amount of FPs in the utterance does not
affect the perceived fluency in a negative way. Only
an extensive production of FPs seems to lead to

a strong loss in fluency. The second feature that
shows a noticeably non-linear effect curve is the
"number of other disfluencies" (see Figure 4): The
negative effect the production of more "other dis-
fluencies" has on the fluency rating plateaus in the
middle range. Only very high counts of disfluencies
lead to a further decrease of the fluency rating.

Consequently, we build 3 different CLMMs that
are compared against each other and the linear
CLMM from the previous study:

• CLMM with "number of filler particles" as non-
linear spline term

• CLMM with "number of other disfluencies" as
non-linear spline term

• CLMM with "number of filler particles" + "num-
ber of other disfluencies" as non-linear spline
terms

Based on the linear CLMM, all the models include
the following features: articulation time, articula-
tion rate, longest articulation phase (duration of
speech without any kind of disfluency), number of
disfluent pauses (pauses that were perceived to
interrupt the flow of speech in the annotation pro-
cess), duration of disfluent pauses, number of filler
particles (such as “uh” and “uhm”), and number of
other disfluencies as fixed effects. Articulation rate
was measured automatically (de Jong et al., 2021),
whereas all other features were derived through our
manual annotation introduced earlier. We further
added "stimulus" as a random effect to control for
individual variances. In contrast to our previous
study, we had to exclude the random effects "rater"
and "child" from our models, as we want to test
their ability to rate new children. In this situation,
we do not have this information.

We performed three likelihood-ratio tests
(ANOVA in R) to test if these new non-linear
models provide a better fit than the baseline linear
model. Both the CLMM with "number of other
disfluencies" modelled as a non-linear effect as
well as the CLMM with "number of other disfluen-
cies" and "number of filler particles" modelled as
non-linear effects significantly improved model fit
(LR χ2(2) = 10.73, p < 0.001; LR χ2(4) = 13.04, p
= 0.011). The CLMM with only "number of filler
particles" modeled as a non-linear effect did not
significantly improve in model fit (LR χ2(2) = 2.56,
p = 0.279), suggesting that only the non-linear
effect of "number of other disfluencies" improves
model fit significantly.

7.2. Evaluation
As our aim is to automatically predict human flu-
ency ratings, we evaluated how well the models re-
produced the ratings the audio segments received
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Figure 3: Overview of all features with their normalised mean z-value (y-axis) for stimuli awarded with a
certain fluency rating (x-axis), reproduced from Kany (2025).

Figure 4: Partial effect curves of the features "number of filler particles" (left) and "number of other
disfluencies" (right) in the baseline CLMM.

by human listeners in the previous assessment.
To this end, we applied all four models to the en-
tire dataset and compared their performance using
three metrics: Spearman’s Rho, Mean Absolute Er-
ror (MAE), and Quadratic Weighted Kappa (QWK).
The results can be seen in Table 1. All models
performed almost equally, most of the times values
differed by only less than 0.01 (thus not visible in
the table). This indicates that modelling the non-
linearity of the effects does not help the model with
the prediction of fluency ratings on a 9-point scale.
However, the models provide reasonably accurate
ratings overall. An MAE of 1.36 indicates that, on

average, their ratings differ only by about 1.36 scale
points from the human ratings on the 9-point scale.
Furthermore, the QWA of 0.65 is slightly higher
than the QWA between the human raters in the per-
ceived fluency assessment (0.51), indicating that
the agreement between the models and the human
raters is higher than the agreement between the
human raters themselves.

To get a better feel for the general performance
of the models, we mapped the models’ rating pre-
dictions and the actual human ratings onto confu-
sion matrices. Since the models performed almost
equally, we decided to only include the matrix of the

5612



Model Spearman’s Rho Mean Absolute Error Quadratic Weighted Kappa
Baseline CLMM 0.72 1.36 0.65
Filler particles as spline 0.72 1.35 0.65
Other disfluencies as spline 0.72 1.36 0.65
Filler particles + other disfluencies as spline 0.72 1.36 0.65

Table 1: Performance of the baseline linear CLMM and the three CLMMs with non-linear spline terms
evaluated using three different metrics.

model with "number of filler particles" as non-linear
effect besides the baseline linear model here (see
Figure 5), as it has a slightly lower MAE than the
other models. Overall, the matrices underline the
impression the evaluation metrics gave: The mod-
els are able to roughly predict the human ratings.

In most of the cases, the models stay within the
range of +/-2 rating points from the human rating. It
is conspicuous that the two displayed models have
neither assigned a rating of 5 nor a rating of 1 to
any of the audio segments. This has to do with
the general distribution of the human ratings (see
Figure 2). There are very few instances of a rating
of 1 in general and thus, the models tend to prefer
assigning a rating of 2 in those cases. However,
other models not included in Figure 5 at least chose
a rating of 1 in some rare cases. Contrary to that,
the rating of 5 was never given by any of the models.
This is due to the human rating distribution having
a dent at the rating of 5. Human listeners tended
to prefer making a decision towards any direction
and chose either a rating of 4 or a rating of 6 in the
assessment. As a consequence, the calculated
probabilities for those ratings were always higher
than the probability for the rating of 5 in our models.

8. Discussion and Conclusion

Aiming at a prediction of human fluency ratings, we
included non-linear effects in our statistical models
to account for the observed non-linearity of sev-
eral fluency-related features. Incorporating the non-
linear terms led to a significantly better model fit,
yet the models failed to perform better than the
baseline linear model in predicting the human flu-
ency ratings. One possible explanation is that the
non-linear terms refine the models’ probabilities for
choosing the correct human rating, which is recog-
nised and rewarded by our likelihood-ratio tests.
Still, these adjustments rarely change the most
probable (hard) rating assignment and are thus
barely visible in the final, rating-based evaluation
metrics.

Modelling non-linear effects does not seem to
yield any major benefits in predicting human per-
ceived fluency ratings after all. The scarcity of
low ratings (only 123 instances of ratings 1 and 2)
in our data and already quite robust linear effects
might be possible reasons for that. However, all in

all, the models were mostly able to assign approxi-
mately the same rating to audio segments as hu-
man listeners. Between-rater agreement showed
that they could further complement or even substi-
tute human listeners in this task. This is a quite
promising finding because fluency assessment of
preschool children on a fine-grained 9-point scale
is already challenging for trained listeners. In the
final application-oriented task of assessing a child’s
speech fluency, the ratings will become even more
robust, because 56 individually rated audio seg-
ments are aggregated into a single overall fluency
score. If one is just interested in separating chil-
dren’s fluency into three categories (e.g., "not flu-
ent", "average", "fluent") in a first step, all models
discussed here already deliver solid results.

The main limitations of this study lie in the under-
lying data: For one thing, the major caveat of our
game-based acquisition method is that we have to
work with mostly short coherent intervals of speech.
This offers less room to differentiate between fluent
and disfluent utterances. For another, we have too
few human rating data to develop our model on,
especially on the lower end of the scale. Future re-
search should therefore aim to stabilise the dataset
with additional human ratings and automate the an-
notation process of fluency-related phenomena. In
ongoing work, we fine-tuned a BERT-based token-
level sequence labelling model (Devlin et al., 2018)
on our data to automatically annotate the disflu-
ency types relevant for the CLMMs presented in
this study. Initial results look promising, as for some
types (e.g. pauses, filler particles), detection accu-
racy already exceeded 90%. In a next step, we aim
to incorporate an acoustic model to further improve
performance and add those features that could not
be detected by the BERT-based model.

Ultimately, our goal is to fully automate fluency
assessment and integrate it into the WUSCHEL
LPA framework (Roche et al., 2019) to make LPA in
German kindergartens more objective, consistent,
and efficient.
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Figure 5: Confusion matrices of the baseline linear CLMM and the CLMM with feature "number of filler
particles" modelled as non-linear spline. Values are normalised by the frequency of the rating in the
human assessment (columns).
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