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Abstract

Dutch children’s reading skills have been declining consistently for many years. One of the ways oral
reading skills are measured among primary school students in the Netherlands is the three-minute-
exam (‘Drie Minuten Toets’, DMT). The DMT is time-consuming to carry out as teachers have to
administer the tests in a one-on-one setting, in which the teacher has to indicate the word reading
correctness on-the-fly. One possible way of alleviating this workload is to use automatic speech
recognition (ASR) to aid in the assessment process. A key concern is that many ASR-models struggle
with children’s speech. However, since the DMT only requires a binary judgement of correct or
incorrect, a perfect transcription is not needed.

We explored the performance of two state-of-the-art (SOTA) pre-trained ASR-models: wav2vec2.0-
CGN and faster-whisper-v2. We had them carry out assessments on isolated word tasks, similar to the
DMT, using data from the Children’s Oral Reading Corpus (CHOREC). This corpus contains oral
reading data of word lists from native Dutch-speaking primary school children aged 6-12 from
Flanders. We compared the results of the ASR-models to those of assessors in CHOREC by using
accuracy, F1-score, and MCC as agreement metrics. We then used two different methods to improve
the baseline results, one using manually defined rules and one using a standardized Levenshtein
distances.

We found that rule-based improvements obtained the best results for the overall metrics. Faster-
whisper-v2 (accuracy = .54; F1-score = .58; MCC = .54) outperformed wav2vec2.0 (accuracy = .69;
Fl1-score = .39; MCC = .37). The MCC values show that both ASR-models showed mild correlations
with assessors. We expected the accuracy levels for both models to be lower than the lowest assessor
inter-rater accuracy level (.86). However, faster-whisper-v2 performed better than expected on
accuracy (.89). We found this result in particular to be misleading as the high accuracy scores could be
a result of the imbalanced dataset.

We conclude that the performance of pre-trained ASR-models is promising, but probably not yet good
enough for use in primary schools. Future research could aim to improve the performance of these
ASR-models through methods like fine-tuning and training, and through collaborative research with
teachers. Furthermore, diagnostic information from the DMT are currently underused. ASR-based
assessment could allow teachers to make more use of diagnostic information to help familiarize
children with the types of words they struggle with most. Prominent models for reading such as the
dual route cascaded model (DRC), the triangle model, and the connectionist dual process model of
reading aloud (CDP++) all predict that this would improve the oral reading proficiency of the
children.

Keywords: ASR, wav2vec2.0, Whisper, children’s speech, oral reading, drie-minuten-toets, drie-
minuten-toets (DMT)



1. Introduction

1.1. Background

1.1.1. Reading proficiency of Dutch children

In the Netherlands, the reading skills of children have been declining for many years (OECD, 2023).
This negative trend has been reported on by Dutch media (De Vries, 2023; NOS Nieuws, 2023) as
well as government bodies that underline the importance of this issue (Inspectorate of Education,
2024). This points to a problem that the entire Netherlands faces, with no single clear way to improve
reading proficiency at once.

One of the most common ways in which oral reading skills of Dutch primary school children are
tested is through the three-minute-exam (DMT). Dutch children aged 6-12 take this test at least once
every academic year until the end of primary school. They are provided with different word lists that
vary in difficulty and must read all of the words out loud as quickly and as correctly as possible (Van
Til et al., 2018). The test itself is administered and marked by teachers manually. If the word is read
correctly, it is not marked. If the word is read incorrectly, the teacher makes a note of this. If a child
skips a word or gets stuck on a word for five seconds, the word is marked as skipped. In the case of a
child getting stuck on a word, the teacher whispers the correct reading (Cito B.V., 2017). The teacher
has to conduct the DMT with every child individually, which is time-consuming. Moreover, the
feedback that the pupils receive does not go deeper than the overall score. Thus, it would be fruitful to
look into possible ways to improve the assessment process of the DMT. This could free up much time
for teachers to focus on other aspects of reading, or even for them to look at the DM T-results in more
detail so that they can provide more feedback to students beyond the single score.

1.1.2. Oral Reading Fluency and Models for Reading

To ground oral reading fluency in theory, we must look at models of reading. Van Til et al. (2018)
describe that the DMT aims to measure the decoding skills of primary school pupils. According to
them, decoding skills refer to one’s ability to recognize written words quickly and correctly. This is
taught to children in roughly two phases. First, the child is taught that words consist of graphemes and
that each of them represents a sound in spoken language. This is known as the alphabetical principle:
the relationships between graphemes and sounds. In addition, children start to develop their phonemic
awareness in this phase. This allows them to read words orally, because phonemic awareness refers to
the understanding that spoken words are constructed using phonemes. By the end of the first phase,
children are able to read simple words that follow a simple consonant-vowel-consonant structure. In
the second phase, children increase the speed at which they are able to read and the phonemic
awareness is extended to more complex words. In this phase, children start to develop phonemic
proficiency on top of phonemic awareness; they learn how to bend and manipulate the individual
sounds to pronounce them more naturally in words. This is done through, for example, co-articulation
(Bell, 2023). As children read more, they generally develop their reading skills to the point where they
understand written language as much as they do spoken language by the end of primary school
(Wentink, 1997).

Based on these two phases, it can be said that there are two essential processes for technical reading:
decoding and word recognition. Decoding refers to the conversion of graphemes into sounds. Word
recognition refers to the ability to find the meaning (semantics) of the read word. Of course, children
already know many words from spoken language before they learn how to read, which aids in word
recognition (Van Til et al., 2018). Naturally, a child reads faster the better they are at these processes.



Since we try to define oral reading fluency, which we will use to refer to the more specific skill of
technical reading that the DMT aims to measure from now on, it makes sense to try and find a suitable
model to represent it. However, there is no agreement on the individual importance of either decoding
or word recognition skills. Van Til et al. (2018) points out that there is not a single perfect model, as
human behavior is always different from a model representation. They mention that the focus should
be on what the models have in common. We will follow their approach, using three models to
exemplify this for this thesis: the dual-route cascaded model (DRC), the triangle model, and the
connectionist dual process model of reading aloud (CDP++). All three of these models are mentioned
in van Til et al. (2018) and they are the main computational models for reading (Castles et al., 2018).
We will introduce these models very briefly and explain how they help us define oral reading fluency.

Figure 1

The DRC-model (Coltheart et al., 2001)
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Figure 1 shows the DRC-model. This model states that the process of reading a word happens through
one of two routes: phonological or lexical. The mental lexicon plays a big role in this model as well.

The lexicon is an internal system where important information about words is stored; including
orthographic, phonological, and semantic information. When you read using the phonological route,
you first decode each letter of the word that you read. Then, using the phonological and semantic
information in the lexicon, the word and its meaning are recognized. When you read using the lexical
route, the orthographic information in the lexicon activates all information at once without the need
for decoding (Coltheart et al., 2001).



Figure 2

The triangle model (Harm & Seidenberg, 2004)

(S5

The triangle model is shown in figure 2. Each oval represents a processing layer that is active when a
word is read. The large, named ovals represent a certain type of information that is being processed.

Each of these layers has an in- and output layer. The smaller, unnamed ovals represent hidden units.
These facilitate more complex connections between the larger, named ovals. According to this model,
part of learning how to read a certain word is to know how much each processing layer should weight
in for specific situations (Chang et al., 2020; Harm & Seidenberg, 2004).

Figure 3

The CDP++ model (Perry et al., 2013)
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Figure 3 shows the CDP-++ model. Here a division of labor exists between the lexical and non-lexical
processes within a neural network. The model works by using two different routes: a direct route and
a route using a hidden layer (Perry et al., 2013).



It is impossible to argue for the support of one of these models over the other, as numerous studies
have shown advantages and disadvantages for each (Perry et al., 2013, 2013; Rapcsak et al., 2007;
Seidenberg, 2005; Woollams et al., 2007). However, there are commonalities which can help us
identify the process of oral reading as well as what makes someone successful at oral reading.

Following this, we can define oral reading skills using two important processes that also apply to the
DMT. Firstly, the process of decoding a printed letter string (input) into a pronunciation. Secondly, the
process of word recognition, which refers to the activation of a word as a whole. Word recognition is
only possible if the word is stored in the mental lexicon (Castles et al., 2018). All models predict that
oral reading goes faster and more correctly the more familiar someone is with the letters, clusters of
letters, or full words. In the models, this is exemplified through the strength of the representations and
connections of its parts (Van Til et al., 2018).

Thus, for the DMT the familiarity with the words and its parts and how strongly the words are part of
the child’s lexicon are crucial. The more familiar the child is with a certain word or part thereof, the
stronger it is established in the lexicon, the more rapid and correctly it can be obtained.

1.1.3. The Potential of Automatic Speech Recognition (ASR)

One potential way of helping teachers carry out the DMT is to use automatic speech recognition
(ASR). ASR-models have been improving for many years, but progress for atypical speech has been
lacking (Ngueajio & Washington, 2022). Children’s speech is a form of atypical speech, as it differs
from regular adult speech in, for example, acoustic variability (Jain et al., 2023). In recent years, the
fact that many ASR-models tend to struggle with children’s speech has been noted clearly (Feng et al.,
2024; Jain et al., 2023, 2024; Yeung & Alwan, 2018). For children’s oral reading ability specifically,
interest in using ASR-models as tools for recognition and assessment of children’s speech for
languages other than English has become more prominent (Harmsen et al., 2023; Klebanov et al.,
2020; Loukina et al., 2017; Mich et al., 2020; Molenaar et al., 2023; Piton et al., 2023). This thesis
will take the findings of the previous literature and add to this body of knowledge, by focusing on the
DMT and the possible use of different pre-trained ASR-models in the assessment process.

An important aspect to this is that ASR-models only provide a transcription of the audio file. The
DMT requires judgements to be made about the words that children read, Accordingly, it is important
to utilize the transcriptions ASR-models provide for this specific purpose. The most important step in
this process is the alignment of the ASR-transcription and the prompts of the DMT. A child’s attempt
at reading a word can only be judged if the correct part of the ASR-transcription is looked at for the
corresponding prompt. A common way of doing this is through the use of forced aligners such as
SCLITE or ADAGT (Harmsen et al., 2024; National Institute of Standards and Technology, 2021). We
will return to this in the methods section.

1.2. Current Study

1.2.1. Research Questions and Relevancy

The question this thesis aims to answer is: How well can current state-of-the-art (SOTA) pre-trained
ASR-models perform judgements on word list oral reading tasks by children akin to the three-minute
exam?

The relevancy of this question is embedded in the trends of Dutch children’s reading skills and ASR-
models described above. ASR-models have been improving for many years, and despite issues with
correctly identifying children’s speech, their potential as tools for educators cannot be understated
(Cleuren et al., 2008; Klebanov et al., 2020). By writing a program that can utilize different pre-
trained ASR-models and make them take on the role of the teacher in the context of the DMT, the
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possibilities of using these models can be assessed quantitatively. Note that we do not intend to test
whether ASR-models could take on the role of the teacher wholly by themselves, but that we explore
how they can be used as tools. We do not advocate for the replacement of teachers by ASR-models in
the judgement of the DMT, but for their use as tools for teachers. Since the DMT only requires
teachers to state whether each word was read correctly or incorrectly, the task that the ASR-models
have to perform is quite clear. If the ASR-models perform well, the program can be improved upon
iteratively so that teachers can use these models to aid them in the assessment process. This would
save teachers a lot of time as parts of the DMT can be automated.

Beyond this, the focus in this thesis will not be on simply quantitative metrics that showcase the ASR-
models’ performance. The quantitative results will be looked at in a more detailed way to spot what
types of errors the ASR-models make through error analysis. This does not only provide insight into
the performance of the ASR-models used in this thesis, but can also help future research in two ways.
First, it can aid the development of fine-tuned ASR-models for the DMT specifically. Second, the
types of errors can help find common errors the children make in their oral reading. Applying this to
the DMT could help teachers use diagnostic information the DMT provides to help pupils struggling
with specific types of words or sounds. An additional question is thus What are the most prominent
types of errors current SOTA ASR-models make when judging isolated word lists read aloud by
children?

1.2.2. Previous Findings

Previous studies have described that children’s speech is problematic for many ASR-models to
process correctly, because children’s speech is considered atypical when compared to the native adult
speech. Children’s speech is typically more varied than adult speech and most ASR-models are trained
on little to no children’s speech at all since this data is scarce (Cleuren et al., 2008; Jain et al., 2023).
This brings limitations to the possibility of using ASR-models to judge children’s oral reading ability.

Cleuren et al. (2008) describe the Children’s Oral Reading Corpus (CHOREC), a corpus that contains
data from Flemish primary school children, aged 6-12 years old, reading aloud word lists similar to
the DMT. We stated that ASR-models tend to struggle with judging children’s read speech for isolated
word lists, but this does not insinuate that different teachers are always in agreement about
judgements. In their publication on CHOREC, Cleuren et al. (2008) investigated how consistently the
assessors agreed on judgements and found that across all participating schools the inter-rater
agreement varied between 86.4% and 99.6%. Harmsen et al. (2023) also looked at inter-rater
agreement of teachers assessing native Dutch children’s oral readings of word lists. These word lists
were taken from the Dutch automatic reading tutor (DART) corpus and are developed to be like those
in the DMT. Teachers were instructed to assess the children’s oral reading using DMT guidelines.
They found moderate agreement between teachers, stating that “for around 40% of the words, less
than 80% of the teachers agreed” (Harmsen et al., 2023, p. 14). A main advantage of using ASR-
models for judgements is that it will make the same judgements objectively and consistently. For this
to be successful however, the ASR-model must be making these judgements correctly and reliably.

The aforementioned key issue of ASR-models struggling with children’s speech is prevalent, but there
are many studies that show hopeful results for its capabilities; both for pre-trained and fine-tuned
models. In their paper, Piton et al. (2023, p. 4576) explore the possibilities of commercially developed
pre-trained ASR-models (IBM Watson) to generate transcriptions for analysis of French and Italian
children’s speech. While they conclude that these ASR-models themselves do not provide fine-grained
analysis of children’s speech themselves, they also speak positively of the possibilities for using the
transcripts to classify children’s speech as correct or incorrect.



If we turn to fine-tuned ASR-models’ performances, the results are much more optimistic. First, the
previous findings for languages other than Dutch. Klebanov et al. (2020) created an app for children
to use for oral reading using ASR. They state that the ASR-transcriptions proved to be very useful
when they scored the recordings of children, not needing orthographic transcriptions after training the
ASR-model on external corpora only. Bernstein et al. (2017) developed an app using a hybrid-based
ASR-model for children. The purpose of this app was to explore the possibility of self-administered
oral reading tests. They showed that children were able to self-administer the oral reading test quite
well: the words correct per minute (WCPM) scores from automatic (ASR) assessments correlated
highly with those of teachers. Mich et al. (2020) developed a web application for assessment of
reading skills of Italian Children. They used a fine-tuned Kaldi model based on words that they knew
the children were going to be assessed on. They conclude that teachers can use their system for
assessment of children’s oral reading skills. Finally, Jain et al (2023) illustrates how the fine-tuning of
models for children’s speech specifically can improve an ASR-models performance on recognizing
children’s speech. They showed that the performance of a Whisper-based ASR-model’s performance,
which consisted of adult speech, would improve significantly when fine-tuning the model using
children’s speech data. They take special note of the improvements that were made when they
included linguistically diverse correct and erroneous readings such as accented speech.

For Dutch, the results are similar. Molenaar et al. (2023) made use of four Kaldi-based models and
two Whisper-based models to assess Dutch children’s oral reading accuracy. They found that the best
performing model was a Kaldi-based one that had a language model that contained both prompts and
orthographic transcriptions. This would imply that here, the orthographic transcriptions are crucial.
For DMT-like tasks specifically, Harmsen et al. (2023) evaluated the performance of three ASR-
models (one based on Kaldi and two based on Whisper) on child speech data from the DART corpus.
They found that the ASR-model based on Whisper performed best, meaning that it was the best at
predicting a teacher majority vote; it performed the most similar to teachers. This best-performing
model had two important characteristics. First, it was able to produce pseudo- and non-words. Second,
the model was provided with the prompts for the correct word readings.

These studies show the potential usefulness of ASR-transcriptions for assessment of children’s oral
reading skills. For this to be possible, the ASR-transcriptions must be aligned and utilized for this
purpose. For the DMT, this means that the ASR-transcriptions must be compared to the prompt and
judged as correctly or incorrectly read. While the fine-tuning of models is not within the scope of this
thesis, it is known to improve the ASR-transcriptions and in turn the performance of the ASR-model
for the task it was fine-tuned for. This will be kept in mind and touched on when discussing results.
Especially because for the DMT the words that children need to read are always known, making fine-
tuning a realistic possibility in practice.

1.2.3. Selection of ASR-models for this Study

In this thesis, two SOTA ASR-models will be used. The first model we will use will be referred to as
wav2vec.20-CGN (GroNLP, 2023). This is a pre-trained on the corpus gesproken Nederlands (CGN)
(Taalunie, 2014). The second model we will use will be referred to as faster-whisper-v2. This is a
modified version of Whisper called faster-whisper-v2 (Klein, 2023; Radford et al., 2022).

In order to justify the choice for these models, it is first important to note that Whisper and
wav2vec2.0 are SOTA ASR-models. We mentioned earlier that the performance of end-to-end models
are generally better than hybrid models (Parikh et al., 2023; Shraddha et al., 2022). Thus, it is no
surprise that many papers of recent years have been using either wav2vec2.0 (Ahn et al., 2024;



Baevski et al., 2020), Whisper (Jain et al., 2024; Van der Klis et al., 2023), or both (Fan et al., 2024)
as representatives of current SOTA ASR-models.

For wav2vec2.0, we opted to use the model pre-trained on CGN (GroNLP, 2023). This choice was
made because, to our knowledge, it is the largest wav2vec2.0 model pre-trained on Dutch speech.
CGN has seen widespread use when dealing with Dutch speech for ASR-purposes (Dyck et al., 2021;
Poncelet & Van Hamme, 2023).

For Whisper, we opted for a modified version called faster-whisper-v2 (Klein, 2023). Earlier research,
which compared the word error rate (WER) of different ASR-models on Dutch children’s read speech
from the JASMIN corpus (Taalunie, 2008), showed that the best performing models were as follows:
faster-whisper v2 w/VAD, whisper v2 w/VAD, and faster-whisper-v2. Their respective WER values
were: 19.1%, 20.1%, and 20.3% (Van Gompel, 2023). VAD stands for voice activity detector and it is
used to filter out parts of audio files with no speech. However, when we tried to use faster-whisper v2
w/VAD and whisper v2 w/VAD, the transcriptions were often incomplete. This was too problematic to
use, because up to half of the recording could be missing. For this reason, we opted for faster-whisper-
v2.

1.3. Hypotheses

The previous literature, as discussed in previous sections, allows us to formulate the following four
hypotheses. The first three aim to answer the main research question: How well can current state-of-
the-art (SOTA) pre-trained ASR-models perform judgements on word list oral reading tasks by
children akin to the three-minute exam?

1: We expect the ASR-models’ judgements to show moderate agreement with the judgements of
assessors in CHOREC. This prediction is based on the fact that our ASR-models and approach will
share commonalities with the best-performing ASR-model in Harmsen et al. (2023), but they will also
lack aspects that made the best-performing ASR-model perform the way it did. Again, we cannot
expect to obtain the same results in our study as in the previous studies, because of the inherent
differences between the study’s data, participants, and tasks. However, we do use them as rough
estimations of what we can expect, which is why we expect moderate correlations. Harmsen et al.
(2023, pp. 13-14) found that ASR-models performed better when they could predict non-existing
words. The models we will use can do this. Furthermore, we will use the results of the ASR-models to
manipulate the decision-making of the models. This is comparable to what teachers do, as they tend to
be lenient when certain specific reading errors are made e.g., teachers tend to allow schwa-insertions
in consonant clusters). This should help the ASR-models perform better than the lesser-performing
models in this study. However, we will not be fine-tuning ASR-models or providing them with the
expected lists of prompts. Fine-tuning or training of models has been proven to benefit ASR-models’
performance in general (Jain et al., 2023; Klebanov et al., 2020; Mich et al., 2020; Molenaar et al.,
2023).

2: We expect the ASR-models’ inter-rater agreement to assessors to be lower than the lowest inter-
rater agreement value of assessors in CHOREC. Numerous studies have pointed out that ASR-models
struggle with children’s speech (Feng et al., 2024; Jain et al., 2023, 2024; Yeung & Alwan, 2018).
Since we will use the ASR-transcriptions to base the judgements off, we expect that their judgements
will be less similar to the assessors in CHOREC than the assessors in CHOREC are similar to each
other.

3: We expect that faster-whisper-v2 will outperform wav2vec2.0-CGN. Previous research has
emphasized the potential of Whisper-based models for children’s speech specifically (Jain et al.,



2024). Furthermore, Van Gompel (2023) showed that faster-whisper-v2 performs much better on
children’s speech that many of its contemporaries, including other Whisper-based models. This is
important, because even though other research has shown that wav2vec2.0 can outperform Whisper
(Barcovschi et al., 2023; Jain et al., 2023), there is no direct comparison between faster-whisper
compared to wav2vec2.0.

The final hypothesis aims to answer the sub question: What are the most prominent types of errors
current SOTA ASR-models make when judging isolated word lists read aloud by children?

4: We expect that the most common type of errors made by the ASR-models can be grouped similar to
the error group types outlined by the assessors in CHOREC. We expect that when we categorize the
errors made by the ASR-models to be similar to the reading error categories defined in CHOREC
(Cleuren, Duchateau, & Sips, 2008). We expect this because the authors of CHOREC were able to
define categories that could encompass all types of reading errors they found. When the ASR-models
makes a mistake, we should be able to classify it into a general category. Due to the comprehensive
list of error categories in CHOREC, we expect that when we categorize the errors of the ASR-models,
they will be in categories comparable to those in CHOREC. The results section will show these error
categories and the comparisons to the error categories we defined ourselves.



2. Methodology

2.1. Data

The data used for this thesis came from the CHOREC corpus (Cleuren et al., 2008). We developed
two pipelines for this thesis in Python 3.11 (Python Software Foundation, 2022). We included two
pipelines, as they differ slightly based on which ASR-model is used. Pre-processing, obtaining the

baseline results, and doing both experiments can be replicated using these scripts (Groenhof, 2024a,
2024b).

2.1.1. Participants

In total, the CHOREC corpus contains oral speech recordings of 400 Flemish children who speak
Dutch as their native language. At the time of recording, the children were elementary school students
attending either regular elementary schools (N = 274) and elementary schools for children with
specific learning disabilities (N = 126). All children were between 6 and 12 years old.

2.1.2. Pre-Processing

2.1.2.1. Reading Materials

For our research, not all the participant data is relevant. The DMT only contains existing words (Cito
B.V., 2017). This means that only the data in CHOREC for which children performed the real word
reading task (RWRT) is relevant. As mentioned in the introduction, this data is fitting for our purposes
because the structure of the reading material for the RWRT in CHOREC is very similar to that of the
DMT.

The DMT asks teachers to mark whether each word was read correctly or not. While the teacher
marks words that were read incorrectly or skipped, no feedback is given to the pupils beyond a
numerical score (Cito B.V., 2017). This means that the task at hand is binary: either a word was read
correctly (0) or it was read incorrectly (1). A problem with CHOREC is that there is not a full
orthographic transcription available for recordings of children’s oral speech. Luckily, the inclusion of
a reading error layer in the annotations will suit our purpose well. If the teacher judged the word as
read correctly, they did not annotate anything. If they judged the word as read incorrectly, they
annotated the words using codes provided in the annotation protocol (Cleuren et al., 2008). The
reading error layer can therefore be referenced to see how the assessors classified each word: read
correctly when no annotation was made (0) and read incorrectly when one or more error codes were
made (1). Not all files were annotated with a reading error layer. For this reason, the audio recordings
of 15 children had to be excluded from our research. Thus, the total number of children whose
recordings we used in this thesis is 385.

Table 1 shows the number of RWRT recordings available, separated by word list. Each of the word
lists in CHOREC consists of 40 words that were presented to the child in isolation from one another.
The 1LG, 2LG, and 3+4LG each contained only 1-syllable, 2-syllable, and 3- or 4-syllable words
respectively (Cleuren et al., 2008). In short, they increase in difficulty. While this is not the exactly the
same as the DMT, it does align with the types of words children are expected to read for the DMT. We
can see that we have a different number of available recordings per word list, the most complex word
list (3+4LG) has the fewest recordings available while the simplest word list (1LG) has the most. All
word lists were equal in length, containing 40 words each.



Table 1

Available recordings by word list

Word list Recordings (N)
1LG 377

2LG 359

3+4LG 320

Total 1056

2.1.2.2. Recording Quality

We assessed the quality of all recordings by calculating the signal-to-noise ratio (SNR) of all
recordings using a Python script with Librosa (McFee et al., 2015). We did this because to ensure that
no poor-quality audio recordings would be present in the dataset. While there is no consensus on what
is considered to be a high value for SNR, 20dB is often used as a reference for high SNR values (Hu
et al., 2020; Sadeghi et al., 2024). We used this as an initial threshold. Audio files that had an SNR
below 20dB were listened to manually to check if there was a lot of background noise. If this was the
case, the recording was excluded from the research. If there was not a lot of noise, the recording
remained as part of the data.

The justification for the manual check is that the creators of CHOREC mention that all of their data
was recorded in a controlled environment with good equipment (Cleuren et al., 2008), which should
prevent any recordings from being of poor quality.

2.1.2.3. Train and Test datasets

Once the data had been gathered, we separated the full dataset into a training and test set. This is a
well-known practice within machine learning. Usually, a model is trained and/or fine-tuned using a
training set. The training set is used to test how modifications to the model affect the results. When
the best possible outcomes are achieved in the training set, the model is applied to the test set to see if
the training and/or fine-tuning has improved the results (Galarnyk, 2022). While we did not train or
fine-tune the ASR-models, we did intend to improve upon the baseline results. For this reason, we
defined a training to test changes on to find the best possible results before applying them to the test
set.

The most important rule we followed when we defined the training and test sets was to ensure mutual
exclusivity on speaker level: no child’s speech appeared in both sets. Had we not done this, it could
have led to over-fitting, which hurts the generalization of the results (Moon et al., 2015; Simonnet et
al., 2018). Imagine that the recordings of a particular child are split among the sets. If we had
improved the results based on the recordings in the training set, it may have led to an inflated amount
of improvement in the test set. The improvements in the test set could be a result of a bias for this
child’s way of oral reading. In turn, the results could be much worse when used on a different dataset
in which that particular child is not present. In this case, the results cannot be generalized. For this
reason, we made sure that no same child’s recordings were present in both training and test sets.

In the same vein, we wanted to make sure that the training set was balanced. Table 2 shows an
overview of speaker characteristics in the training set. There was an exact even split of gender for
each school year. The years 2, 3, and 4 account for most data in CHOREC, which is why more
participants from these years were selected. Overall, the training set contained 27.18% of all relevant
data in CHOREC, leaving 82.82% for the test set.
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Table 2

Description of participants in training set

School year Gender Number of participants in training set
™)

1 Female 2

1 Male 2

2 Female 15
2 Male 15
3 Female 15
3 Male 15
4 Female 15
4 Male 15
5/6 Female 1
5/6 Male 1
Total 96

2.2. Measurements for the Performance of ASR-models

If we want to obtain results that can show how well ASR-models can take on the task of assessing a
DMT, we require measurements of how human-like their assessments are. Because teachers are the
norm for the DMT, we consider the assessors in CHOREC to be the ground truth. To answer our
research questions, we must have metrics that can quantify the level of agreement between the ASR-
models and the assessors. Because we take the assessors’ judgements as the ground truth due to the
fact that this is how the DMT is assessed (Cito B.V., 2017), an ASR-model performs the best when its
judgements deviate the least from the assessors.

Total number of words read correctly

WCPM = (1)

( Time taken in seconds )
60

A possible metric for this is WCPM, which we mentioned before as it was used in the study done by
Bernstein et al. (2017). Equation 1 shows how this metric is calculated (Kim et al., 2021). All
equations in this thesis were coded into pipelines using the NumPy library (Harris et al., 2020). This
metric seems well-fitting for the DMT especially, as the duration for each word list would be exactly
60 seconds long and the child’s score is equivalent to a WCPM score (Cito B.V., 2017). The WCPM
of assessors and ASR-models could be calculated and compared to see if there are significant
differences. Bolafos et al. (2011) used this method to show that their ASR-based system, FLORA,
performed similarly to teachers when asked to assess passages of text read out by children.

We do not think this measure is in any way poor or unsuited for our research. However, previous work
that we want to compare our results to did not use WCPM (Cleuren et al., 2008; Harmsen et al.,
2023). Since we want to be able to compare it directly to previous work and we do not want to bloat
our results with too many metrics, we opt for other overall measures instead.

In this thesis, all metrics will be calculated using a confusion matrix. A confusion matrix can be
defined as a contingency table which summarizes the performance of a binary classifier. It does this
by comparing the predictive labels, the ASR-model’s judgements, to the actual labels of the data, the
assessors’ judgements. In doing so, the data is categorized into four key metrics based on whether the
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predictive and actual labels align. (Stehman, 1997). Table 3 explains the meaning of these four metrics
applied to the data of this thesis. For our data, a ‘negative’ (0) corresponds to a word that was read
correctly and a ‘positive’ (1) corresponds to a word that was read incorrectly.

Table 3

Overview of possible outcomes in a confusion matrix

Outcome ASR-model judged word as... Assessors judged word as...
True negative (TN)  Correctly read Correctly read

True positive (TP)  Incorrectly read Incorrectly read

False negative (FN)  Correctly read Incorrectly read

False positive (FP)  Incorrectly read Correctly read

Table 4 shows how we obtained the judgements from assessors in CHOREC. For the assessors, a
word was noted as correctly read (marked as a “0”) when the reading error layer was empty for a
word (i.e., there was no error). All remaining words were marked as an incorrectly read word (marked
as a “1”), as any note in the reading error layer indicates a reading error according to the assessors.
For the ASR-model transcriptions, the transcription for each word was compared to its prompt. If they
were identical, it was marked as a correctly read word (marked as a “0”). In all other cases it was
marked as an incorrectly read word (marked as a “1”).

Table 4

Determination of judgements from assessors

Prompt Reading Error Judgement
groen 0
groen 13 1

In order to use the ASR-transcriptions to make the same type of judgements as the assessors in
CHOREC, we needed to be able to compare the ASR-transcription to the prompts. This required
alignment of the ASR-transcriptions to the prompts to ensure that the prompt was compared to the
child’s attempt at reading that prompt. To do this, we aligned the ASR-transcriptions to the prompts
using ADAGT (Harmsen et al., 2024). We opted for this alignment algorithm as it provides two-way
alignment: forwards and backwards. Children often stutter and restart words. However, only the last
attempt counts for the DMT (Cito B.V., 2017). We noticed that the additional backwards alignment
that ADAGT offers aligned the ASR-model transcriptions better consistently than other commonly
used alignment methods such as SCLITE (National Institute of Standards and Technology, 2021). The
alignment allowed us to compare the ASR-transcriptions to the prompts. Table 5 shows examples of
how we determined the judgements of the ASR-models. If the ASR-transcription for a word differed
from its prompt, the word was judged as incorrectly read (marked as a ““1”). If the ASR-transcription
and its prompt matched, the word was marked as correctly read (marked as a “0”).
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Table 5

Determination of judgements from ASR-transcriptions

Prompt Aligned ASR-transcription Judgement
groen groen 0
groen groon 1

After the confusion matrix has been generated, we calculate several metrics following Chicco &
Jurman (2023). An overview of these metrics, how they are calculated, and an explanation of what
they represent is provided in Table 6. These metrics provide quantitative values that aid us in
explaining the performance of the ASR-model with regards to specific cases. For example, a low
precision value would indicate that the ASR-model judges a lot of words as incorrectly read when the
assessors judge them as correctly read.

Table 6

Explanation of confusion matrix metrics used in this thesis (Chicco & Jurman, 2023).

Metric Formula Explanation

Accuracy (TN+TP)/(TN+TP+FN+FP) Proportion of words that were judged
in the same way by both the ASR-
model and the assessors.

Precision, also referred to as TP/(TP+FP) Proportion of words that were judged

positive predictive value as incorrectly read by the ASR-model

(PPV). that were also judged as incorrectly
read by the assessors.

Recall, also referred to as true  TP/(TP+FN) Proportion of words that were judged

positive rate (TPR) or as correctly read by the assessors that

sensitivity were also judged as correctly read by
the ASR-model.

Fl-score 2* (Precision * Recall)/ A measure of predictive performance,

(Precision + Recall) representing both precision and recall

in a single metric.

The metrics in Table 6 provide different insights into the performance of the ASR-models, since they
all provide quantitative measure of agreeability between the ASR-model and the assessors. However,
while these metrics are helpful for insights, we argue that Matthew’s Correlation Coefficient (MCC) is
a better representation of overall agreement.

MCC (TP-TN) — (FP-FN)
100 = )
/(TP + FP).-(TP+ FN)- (TN + FP)- (TN + FN)

Other metrics of overall agreement, such as Cohen’s Kappa (Cleuren et al., 2008) and F1 score (Gao
et al., 2024) are widely used instead of MCC (Equation 2). However, a recent body of work has
argued strongly for the use of MCC when dealing with binary classification instead. Other metrics,
including accuracy and F1-score often have inflated results. This is because, unlike MCC, they can
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give high scores even if the prediction does not perform well in all confusion matrix categories. In
other words, MCC considers all four elements of the confusion matrix (TN, TP, FN, and FP) and
considers them proportionally to the size of positive and negative elements in the data set. MCC is
thus more robust than both accuracy and F1-score, as they do not account for this proportionality
(Chicco & Jurman, 2020, 2023).

Consequently, MCC is more suitable for our research than accuracy and F1-score as they do not work
well with imbalanced datasets; they are often too optimistic about the predictive performance (Chicco
et al., 2021; Chicco & Jurman, 2023; Lakshmi & Prasad, 2014; Mudadla, 2023). This point is crucial,
because the oral reading data in CHOREC is imbalanced due to there being far more correctly read
words than incorrectly read words (Cleuren et al., 2008).

Thus, MCC will be used as the overall measure of agreement between ASR-models and assessors.
This value will indicate the performance of a given ASR-model: the closer to 1 this correlation gets,
the better the ASR-model performs.

A question that may arise at this point is why we decide to include accuracy and F1-score regardless.
The main reason for this is interpretation and comparability with previous studies. While MCC is
preferrable for inter-rater agreement, the initial CHOREC paper does not use it (Cleuren et al., 2008).
Accuracy allows for a direct comparison of performance between inter-rater agreement of the
different assessors in CHOREC and the ASR-model compared to the assessors. Similarly, at the
moment of writing, F1-score score sees much more widespread use compared to MCC as stated by
Chicco and Jurman (2021; 2020, 2023). Thus, while accuracy and F1-score will not be as important
for our results compared to MCC, they will allow us to compare results to previous studies and
improve the interpretability of the results.

While it is hard to compare our results to earlier studies due to differing datasets, speaker
characteristics, and tasks, this provides us with a rough reference point of what could be expected.
Since we intend to only use pre-trained ASR-models and to not do any fine-tuning, we expect that the
results will not be as good as the best performing models in the mentioned studies that were fine-
tuned (Harmsen et al., 2023; Molenaar et al., 2023). We also do not expect the ASR-models to
perform as well as assessors. Consequently, we expect the inter-rater agreement between assessors in
CHOREC to be higher than the inter-rater agreement between the ASR-model and the assessors
(Cleuren et al., 2008). As discussed in earlier sections, previous studies have shown that ASR-models
tend to struggle with children’s speech. Furthermore, the best results have been acquired through the
use of fine-tuning and training of models, which is not something we will do for this thesis. Therefore,
the hypotheses we will make will be quite conservative about how well the ASR-models we will use
will fare.

The interpretation of MCC we use here is based on Powers (2008). According to them, MCC can be
interpreted in the same way as Pearson Product-moment Correlation Coefficient (PCC). We will
interpret our results using the following way to describe the strengths of the correlations, in absolute
values, is as follows: 0 is no correlation, .01-.39 is a weak correlation, 0.4-.79 is a moderate
correlation, .8-.99 is a strong correlation, and 1 is a perfect correlation (Loughbrough University,
n.d.). Obtaining higher MCC values is much more difficult than it is for other well-known correlation
metrics, such as Pearson’s 1, as it takes more variables into account; such as proportionality of positive
and negative values in the total dataset.
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2.3. Baseline Results

The baseline results provided us with all agreement metrics previously described: accuracy, precision,
recall, F1-score, and MCC. Accuracy, F1-score, and MCC showed overall performance of the ASR-
models. Precision and recall allowed us to zoom in more: if one of them was much lower than the
other, this enabled us to say more about the types of errors the ASR-model made.

2.4. Experiments to Improve Results

After obtaining the baseline results, we wanted to explore in what way and how much the
performance of ASR-models could be improved. For this, we would ideally fine-tune the ASR-models
for Dutch oral read children’s speech. However, this was out of the scope for this thesis. Thus, we
chose explicit data post-processing instead. For the baseline results, a word was only judged as read
correctly by the ASR-model if its hypothesis was identical to the prompt. Any deviation led to it being
judged as read incorrectly. Based on this, we postulated that if we allowed the ASR-models to be more
lenient, the results would improve. It has been shown that assessors can still assess a word as being
read correctly when the reading deviates from the prompt in certain cases (Harmsen et al., 2023). We
wanted to allow the ASR-models to let children deviate from the prompt in certain cases as well. We
conducted two experiments to do this, using different methods: a rule-based method using confusion
pairs (section 2.4.1.) and a method based on Levenshtein distances (section 2.4.2.).

2.4.1. Experiment 1: Rule-Based Improvements

For this experiment, we tried to minimize the most common disagreements between the ASR-model
and assessors. First, we categorized the most frequent disagreements and then evaluated the changes
in MCC when we allowed the ASR-transcription to deviate from the prompt in the ways described by
these categories.

We first performed error analysis to gain an understanding of what types of errors were commonly
made in the baseline results. We compared the ASR-transcriptions to the prompts in cases where the
judgement differed between ASR-model and assessors. Table 7 shows an example of such a case. This
is what we will refer to as a confusion pair from this point onwards (Tillemans, 2007). In this
example, it would mean that there were 85 instances where the word “cola” was transcribed as “kola”
by the ASR-model, causing it to be judged as read incorrectly when assessors judged it as read
correctly.

Table 7

Example of a confusion pair with error category

Error category Prompt ASR-model Assessor ASR-model Occurrences
name transcription judgement judgement )
Substitution k/c  cola kola Correct Incorrect 85

By looking at the most frequently occurring confusion pairs, we could categorize the types of errors
made by the ASR-model. This use of confusion pairs is a common error analysis approach for
obtaining a better understanding of the errors (Hussein et al., 2021; Prasad & Jyothi, 2020; Tejedor-
Garcia et al., 2022). Once the errors had been categorized, we used these categories to change ASR-
model’s judgements in post-processing. If the difference in prompt and hypothesis was only due to
one of these categories, we changed the ASR-model’s judgement from incorrectly read to correctly
read. This allowed us to experiment with the categories to see the effects on the agreement metrics.
This introduction of lenience is further justified by the fact that assessors allow readings to deviate
from the prompts in certain ways (Harmsen et al., 2023). By looking at the most frequent confusion
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pairs, we could find deviations which the assessors allow. In turn, this allowed us to post-process the
data so that the ASR-model’s transcription could take certain deviations into account; allowing them
to be judged as correct readings of the prompt.

Taking the example shown in Table 7, we could take all confusion pairs of type “substitution k/c”” and
change the ASR-model’s judgement from read incorrectly to read correctly, changing the overall
agreement metrics. By allowing different categories of confusion pairs to be judged as correctly read,
the ASR-model’s judgements became more lenient. We computed and evaluated the agreement
metrics using this more lenient approach. We tried to find and categorize as many of the most
common confusion pairs to maximize improvements in accuracy, F1-score, and MCC.

2.4.2. Experiment 2: Similarity-Based Improvements

The second approach used a standardized form of Levenshtein distances. Table 8 shows different
deviations between prompts and ASR-model transcriptions. The Levenshtein distance was calculated
by counting the total number of insertions, deletions, and substitutions in the ASR-model transcription
compared to the prompt. A higher Levenshtein distance indicates a larger deviation from the prompt
(Nam, 2019). In the baseline results, only a Levenshtein distance of 0 would lead to the ASR-model
judging a word as read correctly.

Table 8

Examples of possible Levenshtein distances and similarity values

Prompt ASR-model Insertions Deletions Substitutions Levenshtein Similarity
transcriptions (N) ™) ™) distance (standardized)

cola kola 0 0 1 1 75

moeder moder 0 1 0 1 .83

moeder moedder 1 0 0 1 .83

sneeuwwitje sneeuwitje 0 1 0 1 91

3)

T Levenshtein distance
Similarity = 1
Length of prompt

An issue with the Levenshtein distance is that it is not standardized. This problem is demonstrated in
Table 8. All examples have a Levenshtein distance of 1, but depending on the length of the prompt
this can represent a small or large deviation. Because of this, we used a standardized version of the
Levenshtein distance described by Higuera & Mico (2008). In their paper, they describe a version of
the Levenshtein distance which considers the length of a string, standardizing its value as a
proportion. Equation 3 shows how we calculated the standardized Levenshtein distances for each
prompt, as shown in Table 8. From this point onward, we will refer to this concept as ‘similarity’. The
ASR-models’ judgements become more lenient the lower the similarity value is.

Once the similarity values were calculated, we could introduce leniency by letting the ASR-model
judge a word as read correctly if it met a similarity level rather than only allowing transcriptions
which were identical to the prompt. Changing this similarity threshold affected the agreement metrics.
The ideal similarity level was the one for which the MCC value is highest. By calculating and
interpreting all agreement metrics for all similarity levels using steps of .05 on the training sets, we
could find the similarity level at which the highest MCC could be obtained. This similarity level was
then applied to the test sets.

16



3. Results

In this section, we will present all of the relevant results. Note that in this results section, we analyzed
and interpreted the data at face value. The discussion section will delve deeper into the interpretation
and possible explanations of the results, which will in turn affect our conclusion on whether or not the
results support the hypotheses or not.

3.1. Excluded Participants
Figure 4
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The results of the SNR-analysis, as shown in figure 4, show that almost all recordings have an SNR-
value of at least 20dB (N =926, M = 32.07, SD = 5.80). After the recordings with SNR-values under
20dB (N = 11) were manually checked to assess the audio quality, none were judged as poor quality.
For this reason, we decided to exclude no recordings because of poor audio quality.

3.2. Assessor Judgements

Since we are trying to assess ASR-models’ performance on this task by comparing the ASR-model
judgements to assessor judgements, it should first be made clear how the assessors in the datasets
judged the children’s oral reading.

Table 9 shows descriptive statistics for the assessor judgements. We calculated the error rate by
counting the number of times words were judged as read incorrectly and dividing that by the total
number of words in the dataset. We can see that the test dataset consisted of 30,760 read words, of
which 11.59% were judged as being read incorrectly. The training dataset, consisted of 11,480 read
words, of which 5.35% were judged as being read incorrectly. The difference in error rate between
training and test datasets is quite large, which we will touch on in the discussion. In addition, the
overall error rate (8.97%) shows how imbalanced the dataset is; 91.03% of the words were read
correctly and 8.97% were read incorrectly.
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Table 9

Descriptive statistics for assessor judgements.

Dataset Words judged  Correctly Error rate
™) read (N) (%)

Training 11,480 10,897 5.35

Test 30,760 27,556 11.59

Total 42,240 38,453 8.97

3.2.1: Error Analysis

The assessor judgements were based off the information in the reading error labels. We used these to
define the most common error categories children made when reading. These errors are made in
95.26% and 96.14% of all erroneously read words in the training and test datasets respectively. While
these were the most common, they do not represent this percentage of all errors. The reading error
layer often consisted of multiple error codes, meaning that a child could make multiple errors at once.

Table 10 shows that the most common type of errors children made in their oral reading, according to
assessors, was the replacement of existing words into pseudowords. Both ASR-models used in this
thesis can generate pseudowords, which should allow them to catch these reading errors. Furthermore,
most other categories are a result of either substitutions, insertions, or deletions. Once again, the ASR-
models’ capability of generating pseudowords is helpful to catch these reading errors, as these types of
errors often lead to either different words in the read language or pseudowords.

Table 10

Most common errors according to assessor judgements. Evror category descriptions taken from
Cleuren, Duchateau, & Sips (2008)

Error category Part of total errors in  Part of total errors
training set (%) in test set (%)

An existent word is replaced by a pseudoword 31.22 41.70

An existent word is replaced by another existent 24.32 26.86

word that is orthographically similar

Decoding that is not followed by an attempt at 8.92 16.12

synthetized reading

Insertion of an arbitrary consonant 8.78 -

Deletion of an arbitrary consonant 7.63 -

Substitution of vowels 7.48 11.46

Deletion of the suffix “-en” or “—er” 6.91 -

Total 95.26 96.14

Note. We only found the most common errors in each set, which is why we did not enter all values for
the test set. When the errors covered 95%, we considered them to be comprehensive enough.

3.3. ASR-models’ Baseline Results

In this section, we will first look at the baseline results. These results were generated from the raw
ASR output and ADAGT-alignment. A word was only judged as correctly read if the ASR-
transcription matched the prompt exactly.
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Table 11 shows the descriptive statistics of both ASR-models’ judgements. The error rates were
calculated in the same way as for the assessor judgements: we counted the number of times words
were judged as read incorrectly and divided that by the total number of words in the dataset. Only this
time, we did not look at the assessor judgements, but the ASR-models’ judgements. The error rates are
higher for all models and datasets than the assessor judgements. In other words, the error rates
indicate that the ASR-models judged the children’s oral reading of words as incorrect more often than
the assessors did. Additionally, wav2vec2.0-CGN model has a much higher overall error rate
(52.17%) than the faster-whisper-v2 model (19.11%). This means that the latter is less likely to
produce FPs than the former, which is extremely beneficial for an imbalanced dataset such as this due
to there being relatively few incorrectly read words to begin with (8.97%, see Table 9). Regardless,
even though faster-whisper-v2 outperforms wav2vec2.0-CGN here, its judgements lead to a much
higher error rate compared to the assessor judgements.

Table 11

Descriptive statistics for baseline results

ASR-model Dataset Words judged  Correctly Error rate
™) read (N) (%)
Wav2Vec2.0-CGN  Training 11,480 6,430 56.01
Wav2Vec2.0-CGN  Test 30,760 14,775 48.03
Total/Overall 42,240 20,205 52.17
Faster-Whisper-v2  Training 11,480 9,790 14.72
Faster-Whisper-v2  Test 30,760 24,379 20.74
Total/Overall 42,240 34,169 19.11

3.3.1. Agreement Metrics

In order to see how the ASR-models perform, we assessed them by calculating agreement metrics
between them and assessor judgements. The more alike their judgements were, the higher the values
for the agreement metrics. In Table 12 we can see an overview of all agreement metrics. From here we
can see that the results for faster-whisper-v2 are generally better than those for wav2vec2.0-CGN.
Accuracy, precision, F1-score, and MCC are all higher for faster-whisper-v2 than wav2vec2.0-CGN.
The only exception is recall, in which wav2vec2.0-CGN outperforms faster-whisper-v2.

Table 12

Agreement metrics for baseline results

ASR-model Dataset Accuracy Precision Recall  Fl-score MCC
Wav2vec2.0-CGN Training .60 .10 .85 17 .19
Wav2vec2.0-CGN Test 57 .19 .94 31 29
Faster-whisper-v2 Training .86 21 .60 31 .30
Faster-whisper-v2 Test .84 .37 73 .49 44
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Figure 5

Proportion of FNs, FPs, TNs, and TPs for each ASR-model and dataset
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Note. For FNs and FPs, the ASR-model performs better when this number is low. For TNs and TPs,
the ASR-model performs better when this number is high.

Figure 5 shows the proportionate number of FNs, TPs, TNs, and TPs for each ASR-model and dataset.
Faster-whisper-v2 performed better than wav2vec2.0-CGN, as the former produced more TNs/TPs
and fewer FNs/FPs than the latter. This helps explain why faster-whisper-v2 generated better precision
values but lower recall values than wav2vec2.0-CGN. Precision only looks at TPs and FP: more FPs
leads to a lower precision value. Wav2vec2.0-CGN generated many more FPs than faster-whisper-v2,
explaining the difference in precision values. Similarly, recall only takes into account TPs and FNs.
Since wav2vec2.0-CGN generated fewer FNs than faster-whisper-v2, it generated higher values for
recall. Wav2vec2.0-CGN generated more FPs, while faster-whisper-v2 generated more FNs.

Subsequently, we can see how the accuracy values represent this. Accuracy is the proportion of TNs
and TPs relative to all FPs, FNs, TNs, and TPs. Figure 5 shows a larger impact of FPs that of FNs due
to how many were generated. This explains why faster-whisper-v2 has higher accuracy ratings than
wav2vec2.0-CGN.

Regarding the MCC values, we can also see that faster-whisper-v2 outperforms wav2vec2.0-CGN in
all cases. For the training set, wav2vec2.0-CGN (.19) and faster-whisper-v2 (.30) both obtained weak
correlations. For the test the faster-whisper-v2 obtained a moderate correlation (.44), while
wav2vec2.0-CGN obtained a weak correlation (.29).

3.3.2. Error Analysis

To get a better understanding of the types of errors made by the ASR-models, we analyzed the errors
and attempted to group them into general categories, similar to what was done to the reading errors
found in CHOREC (Cleuren et al., 2008; see Table 10). This was done by looking at the confusion
pairs sorted by frequency and finding patterns therein. Of course, we only did this for the training set
as the test set only functioned as a way to test our final improvements. Our focus was on reducing the
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number of FPs as much as possible, as these accounted for the vast majority of errors made by both
models.

For example, both ASR-models often generated FPs because they inserted spaces in compound words.
A word like ruziemaken (‘to argue’) would be transcribed as ruzie maken. Therefore, the ASR-model’s
transcription did not match the prompt exactly and it was judged as read incorrectly by the ASR-
model.

Table 13 shows an overview of the error categories that we defined by looking at the most frequently
occurring confusion pairs. When defining these, we did not base them on CHOREC but on patterns
we saw in the data. These will be used in the remainder of the results section for error analyses. Since

we based these off of the training set, this section will only focus on the error categories made in

them.

Table 13

Error category categories

Error category Example Example Explanation

name prompt ASR-output

Insertion spaces  Ruziemaken (to Ruzie maken  Addition of one or more spaces into the
argue) prompt

Insertion Dichtbij (close) Dichtsbij Addition of a letter that is not part of the

prompt.
Deletion final Huis (house) Hui Removal of final letter
Deletion liquids  Groei (growth)  Goei Removal of a liquid inside a consonant
cluster

Substitution Groen (green) Groon Replacement of ‘oe’ by ‘00’ or vice versa

0e/00

Substitution k/c  Kleuren Cleuren Replacement of ‘k’ by ‘c’ or vice versa
(colors)

Substitution Auto (car) Outo Replacement of ‘au’ by ‘ou’ or vice versa

au/ou

Substitution i’y ~ Reis (travel) Reys Replacement of ‘i’ by ‘y’ or vice versa

Substitution Groen (green)  Groem Replacement of a nasal by a different nasal

nasals

Substitution Stoppen (to Stopen Replacement of a double consonant by a

double/single stop) single one or vice versa

consonants

Substitution Feest (party) Fest Replacement of long vowels by a short one

long/short or vice versa

vowels

Substitution Zacht (soft) Sacht Replacement of a voiced fricative by a

fricative voice voiceless one or vice versa.

Substitution Duur (duration) Tuur Replacement of a voiced plosive by a

plosive voice voiceless one or vice versa

Ch confusions Chocolade Shocolade Replacement or deletion of “ch”.
(chocolate)
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Table 14 shows the total number of errors we caught by defining different error categories. These
categories caught the greatest number of errors in the training set we could find. We did this using a
well-known technique called all-pairs testing (Berger, 2003). For example, we allowed the ASR-
models to judge words as read correctly if they fell into the “Ch confusion” and the “Insertion spaces”
error categories. We did this for all possible combinations of error categories. We found that enabling
all of the error categories shown in Table 14 yielded the best results. In total, these error categories
accounted for 34.13% of the FPs in wav2vec2.0-CGN’s and 42.98% of FPs in faster-whisper-v2’s
training sets.

Table 14

Error category distribution for the training datasets

Error category Wav2vec2.0-CGN Faster-whisper-v2
Frequency (N) Part of total Frequency (N) Part of total
errors (%) errors (%)
Ch confusions 350 7.68 204 15.25
Substitution long/short 295 6.47 52 3.89
vowels
Insertion spaces 238 5.22 122 9.12
Substitution plosive voice 167 3.66 63 4.71
Deletion final 74 1.62 0 0
Substitution oe/00 69 1.51 4 .30
Substitution double/single 64 1.40 17 1.27
consonants
Substitution k/c 55 1.21 0 0
Insertion 48 1.05 95 7.10
Substitution nasals 45 1.00 3 22
Substitution au/ou 41 1.00 2 15
Substitution fricative 36 .80 1 .08
voice
Deletion liquids 33 .79 12 .90
Substitution i/y 11 72 0 0
Total 1526 34.13 575 42.98

We tried to compare our error categories (Table 14) to the most common error categories defined in
CHOREC (Table 10). However, a major issue with the categorization of errors in CHOREC is that
many error categories overlap. For example, the most common type of error in CHOREC according to
the assessors was that an existent word was replaced by a pseudoword. However, many of the other
categories would lead to pseudowords as well; such as the insertion or deletion of an arbitrary
consonant. Furthermore, the definition of the second most common type of error in CHOREC,
replacement of an existent word by another existent word is just as unclear. This made it hard to
analyze these results using these categories, so any conclusions we draw from them are with due
caution. We attempted to group our error categories in line with those from CHOREC as much as
possible, but this process was definitely not perfect and will be touched upon in the discussion. Here,
we only looked at the training set. However, later we will also analyze the test set in the same way.
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In Table 15 we can see that there are numerous mismatches between the error categories we created
and those in CHOREC. Many of our categories did not fit in those defined in CHOREC and vice
versa. The best-fitting category seems to be substitution of vowels, where many of our defined
categories fit in. For this category, wav2vec2.0-CGN judged more words as read incorrectly due to
this error (9.70%) than the assessors in CHOREC (7.48%), and faster-whisper-v2 (4.34%).

Table 15

Defined error categories in training dataset grouped by most common error category categories
according to CHOREC (Cleuren et al., 2008)

CHOREC Defined error categories Part of total Part of total Part of total

error errors in errors in errors in

category wav2vec2.0- faster-whisper- CHOREC
CGN (%) v2 (%) (%)

Insertion of an  Insertion 7.68 7.10 8.78

arbitrary

consonant

Deletion of an  Deletion liquids .79 .90 7.63

arbitrary

consonant

Substitution of  Substitution long/short 9.70 4.34 7.48

vowels vowels

Substitution oe/00

Substitution au/ou

Substitution i/y
Deletion of the None None None 6.91
suffix “-en” or
“_op
Not a common Ch confusions 15.96 30.65 -
error in
CHOREC Insertion spaces

Substitution plosive voice
Deletion final

Substitution double/single
consonants

Substitution k/c
Substitution nasals

Substitution fricative voice
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Additionally, it is important to note on the defined error categories in Table 15 is that these were
defined by looking at confusion pairs in both ASR-models’ training set results. It is therefore possible
that an error category may have been common for one ASR-model, but not the other. For example, the
error category “Deletion final” was the fourth most common type of error for wav2vec2-CGN, while
faster-whisper-v2 did not make this error at all (see Table 14).

3.4. Experiment 1: Rule-Based Improvements

In this section, we will look at the performance of the ASR-models with rule-based manipulations.
These manipulations allowed ASR-transcriptions that differed from the prompt in a way described by
the earlier defined error categories (see Table 15) to be judged as correctly read. We set out to do this
to reduce the number of FPs, in turn increasing the TNs. Since our changes only affect FPs and TN,
we will only be looking at the changes therein for this section.

Table 16 shows the descriptive statistics of both ASR-models’ judgements after we applied the
manually defined rules. We can immediately see that the error rates are lower in all cases compared to
the baseline results (see Table 11). However, the error rates still indicate that the ASR-models judged
the children’s oral reading of words as incorrect more commonly than assessors did. The only
exception to this is faster-whisper-v2’s performance on the training set (8.66%), which has a lower
error rate than assessors judgements (8.97%, see Table 9). Regardless, these errors indicate, much like
the baseline results, that faster-whisper-v2 outperforms wav2vec2.0-CGN in this regard.

Table 16

Descriptive statistics for results with rule-based improvements

ASR-model Dataset Words judged  Correctly Error rate
™) read (N) (%)
Wav2Vec2.0-CGN  Training 11,480 8,363 27.15
Wav2Vec2.0-CGN  Test 30,760 21,230 30.98
Total/Overall 42,240 29,593 29.94
Faster-Whisper-v2  Training 11,480 10,486 8.66
Faster-Whisper-v2  Test 30,760 27,388 10.96
Total/Overall 42,240 37,874 10.34

3.4.1. Agreement Metrics

We once again assessed the performance of the ASR-models by calculating their agreement metrics
with the assessor judgements. In this section, all results represent the values obtained after improving
the results with rule-based improvements.

Table 17 shows an overview of all obtained agreement metrics. Here we can see the exact same trends
as for the baseline results (see Table 12). Faster-whisper-v2 outperforms wav2vec2.0-CGN in all
metrics but recall. The improvements show in all metrics for both ASR-models except for recall.
Since the improvements only focused on reducing the number of FPs this is not a surprise, as these
improvements do not affect recall. Turning to MCC, Wav2vec2.0-CGN still showed weak values in
both training (.27) and test (.37) sets despite the improvements. Faster-whisper-v2 showed moderate
MCC values in both training (.40) and test (.54) sets after the improvements.
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Table 17

Agreement metrics for results with rule-based improvements

ASR-model Dataset Accuracy Precision Recall F1-score MCC

Wav2Vec2.0-CGN  Training 73 14 .85 24 27

Wav2Vec2.0-CGN  Test .69 24 .94 .39 .37

Faster-Whisper-v2  Training 91 32 .60 41 40

Faster-Whisper-v2 ~ Test .89 48 73 .58 .54
Figure 6

Proportion of FPs and TNs each ASR-model and dataset after applying rule-based improvements
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Note. This figure only shows FPs and TNs because the number of FNs and TPs were unaffected.

As mentioned before, this method of improvement only reduced the number of FPs and increased the
number of TNs. Therefore, it is only relevant to look at the differences here. In Figure 6, we can see
how the proportion of FPs and TNs changed between the initial and improved results. Note that if the
proportion of FPs lowers by an amount, the number of TNs increases by the same amount. There was
more improvement for wav2vec2.0-CGN (.14 and .12 more TNs and fewer FPs in training and test
datasets respectively) compared to faster-whisper-v2 (.05 more TNs and fewer FPs in both datasets).
Despite this, faster-whisper-v2 still outperformed wav2vec2.0-CGN. As was seen in the baseline
results (see Table 12 & Figure 5), this may be largely due to faster-whisper-v2 generating fewer FPs in
the first place.

3.4.2. Error Analysis

We did not carry out in-depth error analysis for the final results. This would have required us to try
and categorize the remaining errors into new, previously unidentified ones. However, we noticed two
trends when looking at the results which could constitute to a large number of the errors we failed to
catch.

First, we saw numerous examples of errors that were made by the ASR-models that did not fit into a
single defined error category, but into multiple error categories at once. Table 18 shows two examples
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of this. These prompts were erroneously transcribed in the same way. They both contain a substitution
long/short vowels error as well as a substitution plosive voice error. Our pipeline was not able to find
these types of errors, leading to many errors not being caught.

Table 18

Example of multiple errors in a single ASR-model transcription

Prompt ASR-model transcriptions
Potlood (pencil) Botlod
Deur (door) Ter

Second, the alignment of ASR-transcriptions to the prompts may have led to issues. We justified the
use of ADAGT for alignment, and in many cases the availability of both forward and backward
alignment was beneficial as either method would sometimes be more successful. Despite this, as Table
19 shows, we did spot occasions where neither of these alignment directions could correctly align the
ASR-output with the prompt. The reason this could be problematic is that the alignment may ascribe
an attempt at reading a specific word to the wrong prompt. This could hurt further analysis, because
the reading mistake may be different from the one indicated by the alignment.

Table 19

Example of ADAGT-alignment going wrong

Prompt ADAGT forward alignment  ADAGT backward alignment
Appel (apple) Spelen (to play) Spelen (to play)
Auto (car) Ouders (parents) Ouders schilder (parents painter)

3.5. Experiment 2: Similarity-Based Improvements

An overview of all metrics at all similarity level intervals for both ASR-models in the training dataset
can be found in Appendix A. Here, we use a figure to portray the most important results in a concise
manner.
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Figure 7

MCC values by similarity levels
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Figure 7 shows all the obtained MCC values per similarity level separated by model. For both models
and, we can see that the MCC values steadily increases as the similarity level increases as well. There
are however slight differences in results depending on the model used.

For the wav2vec2-CGN, the results show higher MCC values at similarity levels lower than 1. The
highest MCC value was obtained at similarity level .9 (.25). This is a noticeable improvement over the
baseline results which allowed only for a similarity level of 1, as this similarity obtains an MCC value
of .19 (see Table 12).

For faster-whisper-v2, we can see that the highest MCC values were obtained by the highest similarity
scores. The highest MCC value was obtained at similarity levels 1, .95, .90, and .80 (.30). This
essentially means that this method of improving the results was ineffective for faster-whisper-v2.
Similarity level 1 is identical to the baseline results.

Using these results, we applied the similarity-based improvements to the test sets by using the
similarity levels that obtained the highest MCC values. Table 20 shows these results. We compared
these results to the baseline results (see Table 12). Wav2vec2.0-CGN showed improvements in all
metrics but recall. However, the MCC values remained weak. For faster-whisper-v2, the best results
were obtained at similarity levels that had no effect on the agreement metrics. The highest MCC after
similarity-based improvements (.44) was obtained at similarity levels .95 and 1. The results of these
similarity levels are identical to those of the baseline results. While lower similarity levels .9 and .8
also showed the highest MCC on the training set (see Figure 7), they obtained lower MCC values (.42
& .4) here. This experiment was more successful for wav2vec2.0-CGN than faster-whisper-v2.
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Table 20

Similarity-based improvements results (test set)

ASR-model Similarity Accuracy Precision Recall Fl-score MCC
Wav2vec2.0-CGN 9 75 ,22 .89 35 .36
Faster-whisper-v2 1 .84 37 73 49 44
Faster-whisper-v2 95 .84 37 73 49 44
Faster-whisper-v2 9 .85 37 .66 47 42
Fater-whisper-v2 8 .89 47 45 46 4

In these results, we noticed a trend in the accuracy values that has implications for one of our
hypotheses. Looking at the accuracy values in Table 20, we can see that as the similarity decreases the
accuracy increases. We decided to look at whether this trend also showed in the training set.

Figure 8

Accuracy values by similarity levels
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Figure 8 shows that the accuracy values are higher at lower similarity levels. This is a result of the
imbalanced dataset. At some point, the similarity value is so low that it will judge all words as being
read correctly. In Figure 8, this is represented by an accuracy value of .95, which was obtained by
both models at numerous low similarity levels. In context, this value makes sense. When we looked at
assessor judgements, we saw that the error rate in the training set was 5.35% (see Table 9). These high
accuracy values at lower similarity levels are a result of this. By judging all words as read correctly,
even if they differ from the prompt greatly, the ASR-models’ accuracy values will always be .95. This
is a key issue of the metric which we will return to in the discussion.

3.6. Overall Results

In this final section of the results, we present only the most crucial results from the attempted
improvements. We will discuss their relevance to the hypotheses for our research questions in the
discussion section. Therefore, this is not done here. The information presented here has already been
provided, but here it is shown with less context to summarize it more concisely. The tables will
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mention metrics and in how far they improved after applying each method. Improvement refers to the
increase in value of that metric in the test set before and after improvements were applied.

Table 21 shows the overall results from the rule-based improvements. Here we can see that the
accuracy, F1, and MCC scores improved for both ASR-models. Most notably, the improvements
seemed to have a larger effect on MCC for faster-whisper-v2 than wav2vec2.0. Both showed similar
improvements in terms of F1-score. In terms of accuracy, there was a larger improvement for
wav2vec2.0-CGN compared to faster-whisper-v2. Despite this, faster-whisper-v2 outperformed
wav2vec2.0-CGN for all three metrics in all cases.

Table 21

Overview of most important rule-based improvements results compared to base results, test set only
for final results

ASR-model Accuracy F1-score MCC
(improvement) (improvement) (improvement)

Wav2vec2.0-CGN .69 (.12) .39 (.08) .37 (.08)

Faster-whisper-v2 .89 (.05) .58 (.09) 54.(.1)

For the similarity-based improvements, results are slightly different. This method did not affect the
baseline results of faster-whisper-v2, as can be seen in Table 22. For faster-whisper-v2, the best MCC
was obtained at similarity score 1. This means that these results are identical to the baseline results.
For wav2vec2.0-CGN, we can see that there was a slight improvement in F1-score and MCC at the
best-performing similarity level of .90. A much larger improvement can be seen in accuracy.
Interestingly, in wav2vec2.0-CGN’s case this method improved the results more than the rule-based
improvements method for all metrics except for F1-score.

Table 22

Overview of most important similarity-based improvements results, test set only for final results

ASR-model Similarity Accuracy F1-score MCC

level (improvement) (improvement) (improvement)
Wav2vec2.0-CGN 9 75 (.18) .35 (.04) .36 (.07)
Faster-whisper-v2 1 .84 (0) .49 (0) .44 (0)

Note. values taken from the similarity value with the highest MCC.

Finally, we looked at the precision values for each improvement method compared to the baseline
results. The results are shown in Table 23. We found that precision was the most important metric
underlying accuracy, F1-score, and MCC. For both ASR-models, this was by far the lowest scoring
metric. This should come as no surprise since both ASR-models generated many FPs. Despite the
improvements, there is much to gain by finding ways to improve it further. The more FPs can be
accounted for, the better the accuracy, F1-score, and MCC would be. This would of course only be so
if the metrics are not negatively impacted when trying to get rid of more FPs, as too much leniency
would introduce more FNs instead.
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Table 23

Overview of results for precision

ASR-model Improvement method Precision (improvement)
Wav2vec2.0-CGN _test Rule-based 24 (.05)
Wav2vec2.0-CGN _test Similarity-based 22 (.03)
Faster-Whisper-V2_test Rule-based A48 (.11)
Faster-Whisper-V2 _test Similarity-based 37 (0)

Note: values for similarity-based improvement models taken from the similarity value with the highest
MCC.
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4. Discussion

To reiterate, our research question is as follows: How well can current state-of-the-art (SOTA) pre-
trained ASR-models perform judgements on word list oral reading tasks by children akin to the three-
minute exam? In order to answer this question, set out three hypotheses. We also defined a sub-
question, What are the most prominent types of errors current SOTA ASR-models make when judging
isolated word lists read aloud by children? We defined a separate hypothesis to answer this sub-
question.

4.1. Hypothesis 1

Using MCC scores to represent the correlations between ASR-model and assessor judgements, we
found that faster-whisper-v2’s results show moderate correlations, supporting the first hypothesis.
However, wav2vec2.0’s results only showed weak correlations even after the experiments, which does
not support the first hypothesis.

In the baseline results, the MCC was weak for wav2vec2.0-CGN (.29), but moderate for faster-
whisper-v2 (.44). Faster-whisper-v2 performed as well as we had hypothesized in the baseline results.
While both experiments improved the metrics, they did not lead to moderate MCCs for wav2vec2.0
(.36 for rule-based improvements, .37 for similarity-based improvements). Faster-whisper-v2’s results
only improved using rule-based improvements, leading to an MCC of .54. While this is an
improvement compared to the baseline results (.44), it is still a moderate MCC. These findings do not
support the hypothesis, due to wav2vec2.0’s results. However, as a stand-alone, faster-whisper-v2’s
results do support the hypothesis.

A natural question that arises from this is what could help explain this difference in performance.
Section 4.3 will provide more insight as to why we think faster-whisper-v2 outperformed
wav2vec2.0-CGN. Here, we want to focus on why we think the inclusion of wav2vec2.0-CGN over
other ASR-models may have been the core issue.

One aspect that could play a major role is the trust we put in wav2vec2.0-CGN due to it being an end-
to-end model. Recent literature has spoken highly of end-to-end models, with evidence showing that
they outperform hybrid-based models (Parikh et al., 2023). This leads to an impactful limitation in
this study. We have not included any hybrid-based models, such as Kaldji, in this thesis because it is
not considered a SOTA ASR-model as end-to-end models are currently representatives of this title. As
a result, we may have overlooked a potential model that could have done extremely well for the task
at hand.

Two recent studies that help clarify how problematic this exclusion is are those done by Mich et al.
(2020) and Molenaar (2023). Both of these studies show that Kaldi-based models can perform well on
oral children’s speech. The latter study is especially relevant, as it focuses on Dutch children’s oral
reading. The findings show that a Kaldi-based model with prompts and orthographic transcriptions in
its language model outperformed even two Whisper-based models. What’s more, the Kaldi-based
model that only included CGN in its model shows a weak correlation as it has an MCC of .24. This is
close to the baseline result for wav2vec2.0 in our study. While we cannot compare our MCC values to
this study directly, it shows that a Kaldi-based model has obtained results in another study similar to
the results we obtained for this study. In our study, we should have given more thought to hybrid-
based models like Kaldi and included them, so that we could directly compare the results.

Future studies should bear this in mind when selecting which ASR-models to use and include in their
research. Excluding Kaldi, or any other ASR-model, from a study because it is not considered SOTA
anymore is not enough reason to do so.
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Another insight that is applicable to both wav2vec2.0-CGN and faster-whisper-v2 comes from the
same study (Molenaar et al., 2023). The study includes two different Whisper models: Whisper-Lv2
and Whisper-PR. The former’s language model is Whisper large-v2, the same pre-trained ASR-model
that underlies faster-whisper-v2. The latter uses the same language model but also includes the
prompts. The results show that the MCC for Whisper-Lv2 (.01) was much lower than for Whisper-PR
(.28), showing that the inclusion of prompts leads to a large improvement of performance. It would
have been interesting to see if the effects on the results of this study had we provided prompts to the
ASR-models’ language models.

Furthermore, providing prompts to the ASR-model is feasible for tasks that include children reading
out predetermined lists of words. To illustrate, the DMT has two versions of three word lists, each
containing 150 prompts. This means that the DMT has a total of 900 prompts (Cito B.V., 2017). Since
all of these are known, they can be added to the language model of ASR-models when using them on
audio recordings of the DMT.

In terms of future implications, there are two important aspects with regards to the inclusion of
prompts in the language model of ASR-models. First, they can lead to improvements in the
performance of the ASR-models. Second, since we are dealing with predetermined word lists,
providing prompts is a realistic method of further improving the results. Therefore, future studies on
the use of ASR-models to help assess oral reading exams could provide the language models of the
ASR-models they include with the prompts.

4.2. Hypothesis 2

We found that the obtained accuracy values showed that the second hypothesis is supported by the
results for wav2vec2.0-CGN, but not by faster-whisper-v2. Both ASR-models’ accuracy values are
lower than the lowest inter-rater agreement value of assessors in CHOREC in the baseline and
similarity-based improvements results (<.86). For the rule-based improvements, wav2vec2.0-CGN’s
accuracy value also supports this hypothesis (.69), but faster-whisper-v2’s does not (.89). Faster-
whisper-v2 performed better than we hypothesized when the rule-based improvements were applied.

4.3. Hypothesis 3

We found that faster-whisper-v2 outperformed wav2vec2.0-CGN in all overall metrics (accuracy, F1-
score, and MCC) in the baseline, rule-based improvements, and similarity-based improvements
results. Therefore, the results support this hypothesis. There are multiple factors that can help explain
why faster-whisper-v2 outperformed wav2vec2.0-CGN.

When we look at the results underlying the overall metrics, precision and recall, we can see that
wav2vec2.0-CGN outperforms faster-whisper-v2 in recall. This is a consequence of the type of errors
that each model was more likely to make. Wav2vec2.0-CGN made more FP errors, while faster-
whisper-v2 made more FN errors. Having more FPs hurts precision, while having more FNs hurts
recall. This explains the difference in the baseline results for precision and recall between the ASR-
models. Since the values for precision were noticeably lower than recall for both ASR-models, we
focused our improvement methods on reducing the number of FPs as much as possible. We expected
these improvements to affect wav2vec2.0 more than faster-whisper-v2, because there was much more
to improve. This was confirmed in the final results, as both improvement methods reduced the
proportional number of FPs more for wav2vec2.0-CGN than faster-whisper-v2. Despite this, the
precision value for wav2vec2.0 did not reach the value faster-whisper-v2 obtained in the baseline
results, let alone after the post-improvements value.

This proneness of making FPs may be the single most important reason as to why wav2vec2.0-CGN
obtained lesser results than faster-whisper-v2. For the task at hand, assessment of word correctness of
children’s oral reading using word lists, faster-whisper-v2 may be inherently better because of this.
We know that faster-whisper-v2 is well-suited for children’s oral read speech (Van Gompel, 2023).
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However, the imbalanced nature of word lists may have played a much larger role in why we obtained
the results in this thesis. When children are asked to read word lists aloud, it seems the vast majority
of words are read correctly. This is true for both CHOREC and DART (Cleuren et al., 2008; Strik et
al., 2022). If faster-whisper-v2 is less prone to making FP errors, it is inherently better at judging
children’s oral reading for word lists for this reason. However, In section 4.1. we mentioned that the
inclusion of prompts in the language model of ASR-models could potentially lead to large
improvements in their performances based on Molenaar (2023). Since we did not do this, we do not
know what the results would be for either ASR-model in this study if this was applied. It could be that
wav2vec2.0-CGN would generate far fewer FPs if it is provided with the prompts, which would
improve its performance drastically. We already made a call for future research to provide the ASR-
models with prompts in section 4.1., which is why we refrain from doing so again. However, it is just
as relevant for this hypothesis as it is for hypothesis 1.

Future studies that aim to assess ASR-models’ performances on oral word reading tasks should bear in
mind that the data will most likely be imbalanced. It is likely that more words will be read correctly
than incorrectly. If certain ASR-models are known to generate few FPs or deal well with imbalanced
datasets specifically, they should be considered for inclusion in these studies.

4.4. Hypothesis 4

Upon analyzing and interpreting the results, we found them and the way in which we obtained them
problematic. For this reason, we find the results to be ambiguous, although comparison of the error
categories we created and the most common types of errors according to the assessors in CHOREC
seem to not support the hypothesis.

A flaw in our approach is that our defined error categories only found errors if there was one type of
error, the ASR-transcription could only differ from the prompt in the way described by the error
category. This is not how the error categories in CHOREC were created, as they allow for different
types of errors to be present in the same word. An incorrectly read word can, for example, have a
vowel insertion error, a consonant deletion error, or both (Cleuren, Duchateau, & Sips, 2008). We
were not able to adjust our pipeline to be able to do this for this thesis. Had we been able to do this, it
would have led to less ambiguous results as the comparison of our error categories to those in
CHOREC would be more straightforward. An additional benefit of changing the pipeline so that it can
find multiple error categories in the same word is that more confusion pairs would be found. This
would make the rule-based improvements more impactful than they are in this thesis.

Although we consider the results to be ambiguous, they do not seem to support the hypothesis. For
example, substitution errors of consonants accounted for 16.54% of all FPs in wav2vec2.0-CGN’s and
22.35% of all FPs in faster-whisper-v2’s training sets respectively. The equivalent error category in
CHOREC, which is made up of six categories that have some overlap, was 14.82% (Cleuren,
Duchateau, & Sips, 2008). While this is close to the value in wav2vec2.0-CGN, the fact that there is
overlap may have inflated this number. This could be an indication that this type of error, which was
common according to both wav2vec2.0-CGN and faster-whisper-v2, was not as common in CHOREC
according to the assessors. This is not the only case in which the commonality of an error category
differed in the ASR-models compared to in CHOREC. A large part of errors we found in wav2vec2.0-
CGN (15.96%) and faster-whisper-v2 (30.65%) could not be categorized into an error category
common in CHOREC.

In future studies using CHOREC, we advise researchers to orientate to see whether it is possible for
them to design a pipeline that can take multiple error categories into account for single words.
Without this, the results are too ambiguous to strongly advocate for or against the hypothesis.
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4.5. General Discussion
Beyond specific hypotheses, there are some points of discussion regarding the approach and results of
this thesis. Some of these raise issues that are a threat to the validity and generalisability of the results.

In the introduction, we mention that CHOREC was chosen as the dataset since its RWRT is structured
in a similar way as the DMT (Cleuren et al., 2008). While this is a major upside, there are also
drawbacks to using CHOREC. First, the children, whose recordings make up the data, are Flemish. It
would be preferable to use a dataset that contains speech of native Dutch children such as DART
(Strik et al., 2022). The main reason for this is that while both Dutch and Flemish children speak
Dutch natively, they speak different kinds of Dutch which can be distinguished from each other (van
Halteren & Oostdijk, 2018). It is not within the scope of this thesis to delve into specific differences,
but ASR-models’ performance would most likely be different if applied to Dutch children. Ideally,
recordings of DMTs should be used for this type of research. Second, the metadata of CHOREC
turned out to be incomplete. For example, the school grade the child was in at the moment of
recording was missing for some of the data. This made it more difficult to define the training set, as
we wanted to have as even of a split as possible. While we could have inferred the school grade by
calculating the children’s age, this would be imperfect as age can vary slightly in every school grade.
These drawbacks of CHOREC hurt the generalisability of our results.

For future researchers doing similar research on the DMT, we recommend the use of DART instead of
CHOREC when assessing Dutch children's oral reading skills of word lists. This is especially
important if the school grade of the child is an important variable, since this is not present for all
children in the metadata. However, it would be ideal to record DMTs and use this data, though this
would require a large amount of work to obtain the data.

A problematic aspect of our approach is that we did not separate data by type of school the children
were attending. At the time recordings were made for CHOREC, children were attending a regular
primary school or a primary school for children with learning disabilities (Cleuren et al., 2008). In our
research, we only generated results for all children within the training and test datasets. It is unlikely
that one dataset contains many more children attending primary schools for children with learning
disabilities than the other dataset. However, it still could happen, which would lead to an
overrepresentation of these children in one dataset and an underrepresentation in the other. We could
have separated all children who were attending regular primary schools and children who were
attending primary schools for children with learning disabilities. Alternatively, we could also have
made sure that these children were represented in both datasets in a balanced way.

Another potentially problematic aspect of how we defined the training and test sets is the percentage
of errors they contained according to the assessors. The training set contains considerably fewer errors
(5.35%) than test set (11.59%). Because of this, neither of them is representative of the percentage of
errors in all data (8.97%). This hurts the generalisability of the results. For future research, the aim
should be to keep the error rates of the training and test sets as close to the error rate of all data. This
should be possible, since the error rates can be calculated based on the data available in CHOREC
alone (Cleuren, Duchateau, & Sips, 2008).
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5: Conclusion

The goal of this thesis was find out how well SOTA pre-trained ASR-models could perform
judgements on word list oral reading tasks by children. Wav2vec2.0-CGN and faster-whisper-v2
performed as expected by the hypotheses. both showed moderate agreement with the assessors using
MCC, indicating decent overall performance. Furthermore, faster-whisper-v2 outperformed
wav2vec2.0-CGN in both MCC as well as accuracy. While wav2vec2.0-CGN’s accuracy supports the
hypothesis, faster-whisper-v2 performed better than expected.

We cannot provide a clear overview of the most prominent types of errors the ASR-models made, as
our approach to error categorisation led to ambiguous results. Error categories common according to
ASR-models were not common according to assessors in CHOREC.

While the results are promising, especially those for faster-whisper-v2, the use of pre-trained ASR-
models is not advisable based on these results. While the accuracy of faster-whisper-v2 may look like
“human-like” performance at face value, the accuracy value can be misleading. In terms of MCC only
moderate correlations were found, which leave much room for improvement. In order to comfortably
use ASR-models in practice, the resulting metrics need to be improved.

While the use of these pre-trained ASR-models may not be advisable yet, better results can be
achieved by methods provided in this thesis. The error categories could be defined more in-line with
how they were in CHOREC, which would allow for multiple error categories to be spotted in a single
word. The list of prompts could be provided to the ASR-models’ language models to help them judge
words better. Furthermore, hybrid-models should not be ruled out simply because they are no longer
considered SOTA.

5.1. Suggestions for Future Studies

In future, it could be beneficial for researchers to work together with teachers to see if the results from
ASR-models are usable for them in practice. Bernstein (2017) showed that self-administered oral
reading assessment is feasible for children as young as 5. Perhaps the DMT could be self-administered
by using ASR-based assessments. This would alleviate a lot of time and energy primary school
teachers are currently putting into the DMT. One possible way in which this could be tested is through
a large-scale experimental study in which one group of teachers use the results of ASR-models to help
them assess oral children’s word reading and one group of teachers uses the standard DMT-procedure.
The results could be compared to see if the use of the results of ASR-models leads to valid
judgements. Furthermore, the teachers who used the results of ASR-models could share their
experiences. This could then help researchers find the most suitable way of implementing ASR for
teachers.

If this were to be possible, it could lead to improvements in the DMT and even reading education in
general. Teachers would have more time to either teach more reading, or to obtain more diagnostically
relevant information from the DMT results. We know that the three most prominent models for oral
reading proficiency, the DRC-model, the triangle model, and the CDP++ model, all predict that
children’s oral reading skills will increase as they become more familiar with the letters, clusters of
letters, or full words that they are asked to read (Castles et al., 2018; Coltheart et al., 2001; Harm &
Seidenberg, 2004; Perry et al., 2013).

If this is successful, teacher could use this extra time to help pupils become more familiar with the
types of letters, clusters of letters, and/or full words they struggle with most. This would require the
ASR-based assessment to be able to categorise the errors. For example, if these errors show that a
child only makes errors in words with consonant clusters, the teacher could use this information to
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help familiarise this child with consonant clusters more through the reading materials used in class.
Van Til et al. (2018) even states that teachers could take note of common errors in the current DMT to
help find patterns in the errors being made, though it is not considered necessary.

The potential of ASR-based assessment to aid teachers is there. It would increase the amount of time
teachers would have for other parts of the teaching process instead of conducting the DMT.
Furthermore, there is much diagnostic information hidden in the results of the DMT that are not
currently used. This information could help teachers accurately tackle the parts of reading that
children specifically struggle with. Future research could explore these possibilities.
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Appendices

A: Full Similarity-level Based Improvements Tables
The following tables show all results of the similarity-based improvements.

Table A.1

Similarity-based improvements results for wav2vec2.0-CGN (training set)

Similarity TN TP FN FP Accuracy Precision Recall Fl-score MCC
.05 10904 0 575 1 .95 0 0 0 0
1 10904 0 575 1 .95 0 0 0 0
15 10904 0 575 1 .95 0 0 0 0
2 10903 1 574 2 .95 33 0 0 .02
.25 10894 2 572 12 .95 14 0 0 .01
3 10883 5 570 12 .95 29 .01 .02 .04
.35 10875 11 564 30 .95 27 .02 .04 .06
4 10862 16 559 43 .95 27 .03 .05 .07
45 10810 38 537 95 .94 29 .07 11 12
.5 10784 48 527 121 .94 .28 .08 12 13
.55 10638 81 494 267 .93 23 .14 17 15
.6 10523 111 464 382 .93 23 19 21 17
.65 10264 159 416 641 91 2 .28 23 19
7 10015 206 369 890 .89 19 36 25 21
75 9824 250 325 1081 .88 19 43 .26 23
.8 9265 306 269 1640 .83 .16 .53 25 22
.85 8345 395 180 2560 .76 13 .69 22 23
9 7716 455 120 3189 .77 12 79 21 25
.95 7128 485 90 3777 .66 11 .84 .19 22
1 6346 491 84 4559 .6 1 .85 18 0.19
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Table A.2

Similarity-based improvements results for faster-whisper-v2 (training set)

Similarity TN TP FN FP Accuracy  Precision Recall Fl-score MCC

.05 10877 1 582 20 .95 .05 0 0 0
1 10877 1 582 20 .95 .05 0 0 0
15 10873 1 582 24 .95 .04 0 0 0
2 10873 2 581 24 .95 .08 0 0 .01
.25 10871 2 581 26 .95 .07 0 0 0
3 10868 5 578 29 .95 15 .01 .02 .02
.35 10866 9 574 31 .95 23 .02 .04 .05
4 10866 12 571 31 .95 28 .02 .04 .06
45 10854 17 566 43 .95 28 .03 .05 .08
.5 10851 24 559 46 .95 .34 .04 .07 1
.55 10802 35 548 95 .94 27 .06 .1 11
.6 10791 58 525 106 .95 .35 .1 .16 17
.65 10757 87 496 140 .94 38 15 22 22
i 10664 116 467 233 .94 .33 2 .25 23
75 10626 153 430 271 .94 .36 .26 3 .28
.8 10537 189 394 360 .93 .34 32 .33 3
.85 9982 257 326 915 .89 22 44 .29 .26
9 9776 321 262 1121 .89 22 .55 31 3
.95 9591 349 234 1306 .87 21 .6 31 3
1 9559 352 231 1338 .86 21 .6 31 3
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