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Abstract

Guidelines are required for accurate and consistent transcription of speech corpora, especially when they contain
more challenging, e.g. spontaneous or under-resourced speech. This paper presents a workflow and guidelines for
transcribing spontaneous and under-resourced child speech in AusKidTalk, the first Australian English child corpus.
Speech samples were elicited using a story-telling task and are 3.5 minutes long per child on average. Orthographic
transcriptions were generated using automatic speech recognition (ASR) tools and corrected manually. A novel
hand-correction protocol consisting of guidelines, hand-correction interface, and ground truth transcriptions together
with consistency metrics were developed. Nine annotators submitted hand-corrections for 261 children’s story-telling
task, and 25 ground truth tasks. Manual correction was 11-fold of speech time with a 3.5-minute-long story-telling
task corrected in approximately 40 minutes. Efficiency is attributed to the quality of automatic transcription with 23%
word error rate. Manual correction was accurate with annotators achieving consistent results on 15/25 ground truth
submissions. Most inconsistent ground truth submissions were caused by a single, challenging ground truth task.
These results show that our workflow yields efficient and accurate transcriptions, although transcriptions of potentially
more challenging narrative tasks (e.g., elicited from younger children) might require further corrections.

Keywords: child speech corpus, corpus building, automatic speech recognition (ASR), ASR-assisted tran-

scription

1. Introduction

Speech corpora, the large collections of transcribed
and aligned audio recordings, are crucial resources
in speech technology and science, required for
training automatic speech recognition (ASR) tools
and for revealing speech variation in large datasets
(Liberman, 2019; Sobti et al., 2024). Developing
accurate transcription, a key part of every speech
corpora, is resource intensive (Glenn et al., 2010),
therefore corpora are often developed using read
speech, removing the need for orthographic tran-
scription (e.g., Garofolo et al., 1993; Burnham et al.,
2011; Panayotov et al., 2015; Kressner et al., 2024).
Spontaneous speech, which provides more life-like
samples, requires labour-intensive orthographic
transcription prior to its use to train ASR models
or conduct more detailed analysis (e.g., phonetic
transcription), increasing annotation time and cost
(e.g., Pitt et al., 2005; Grennum, 2009; Schuppler
et al., 2017; Mereu and Vietti, 2021).

ASR-assisted transcription augmented by man-
ual correction is a known method to reduce tran-
scription time (Bazillon et al., 2008; Cieri, 2009).
For example, the approximate time-need for man-
ual transcription with manual verification is 50 x the
length of speech time, while automatic transcrip-
tion with manual verification is 15x the length of
speech time depending on the level of detail in the

transcription (Cieri, 2009). Yet, details of ASR tools
and guidelines of hand-correction are not always re-
ported in detail, introducing challenges for reliability
and replicability of orthographic transcription (tran-
scription guidelines not reported: Pitt et al. 2005;
Gronnum 2009; Gao et al. 2012; Mereu and Vietti
2021, transcription guidelines reported: Schuppler
et al. 2017; Pérez-Espinosa et al. 2020; Rumberg
et al. 2022).

This paper addresses this gap by providing guide-
lines for systematic integration of manual correc-
tion with automatically generated orthographic tran-
scriptions, when transcribing semi-spontaneous,
continuous child speech in AusKidTalk, the first Aus-
tralian English (AusE) child corpus (Ahmed et al.,
2021). This will enable future researchers to adapt
the guidelines for other corpora containing sponta-
neous speech as well as the techniques to evaluate
the quality of both human and automated annota-
tions, offering practical methods to enhance anno-
tation workflows.

1.1. Automatic corpus transcription

When building novel corpora for high resource
languages, ASR tools reduce transcription time,
and thus costs, by generating orthographic tran-
scription automatically, allowing for manual correc-
tion instead of transcription (Bazillon et al., 2008;
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Glenn et al., 2010; Szalay et al., 2025). For French
scripted speech, manual transcription time is re-
ported as 9 times the length of audio duration and
ASR-assisted as 4 times the length of audio dura-
tion (Bazillon et al., 2008). For French spontaneous
speech, however, manual transcription time was 10
times and ASR-assisted was 9 times the speech
time (Bazillon et al., 2008). Larger gains were re-
ported for longer manual transcription times, with
manual transcription times being as high as 25 to
50 times the speech time and ASR-assisted cor-
rection being 5 to 15 times (Cieri, 2009).

ASR transcription accuracy, however, is reduced
when the training corpora differ from the new
speech data on which ASR tools are applied (Shiv-
akumar and Georgiou, 2020; Szalay et al., 2022b;
Wassink et al., 2022; Sobti et al., 2024). ASR
models trained on General American English per-
form less well on the marginalised ethnolects of
African American and Native American Englishes,
as well as on Australian English, the de-facto of-
ficial language of Australia (Wassink et al., 2022;
Szalay et al., 2022b). ASR systems trained on
adult speech perform 2-5 times worse on children’s
speech relative to adults’ due to age-dependent
anatomical, articulatory and language variations
(Shivakumar and Georgiou, 2020).

These shortcomings have demonstrated neg-
ative impact on the use of ASR in corpus tran-
scription (Gorisch et al., 2020; Mereu and Vietti,
2021; Liu et al., 2023; Kempe et al., 2024; Sza-
lay et al., 2025). For example, Dialogic ItAlian, a
corpus of ltalian conversational speech, was tran-
scribed using free ASR tools provided by YouTube
then hand-corrected (Mereu and Vietti, 2021). How-
ever, the accuracy of automatic transcription is re-
duced on non-native speakers compared to na-
tive speakers of ltalian (Mereu and Vietti, 2021).
In AusKidTalk, a single word production task by
AusE-speaking children was transcribed using the
UNSW ASR tool, then hand-corrected (Szalay et al.,
2025; Shahin et al., 2020). Comparison of the auto-
matic and hand-corrected transcriptions indicated
that automatic transcription was less accurate for
younger children (Szalay et al., 2025). Similarly,
Batchalign, the custom-built ASR tool for annotating
data in the Child Language Data Exchange System
(CHILDES) corpus shows reduced performance on
children relative to adults, in particular for younger
children and children with mild to moderate speech
disorders (Liu et al., 2023; Kempe et al., 2024). In
these corpora, automatic transcription was applied
to reduce transcription time; however, ASR tools
performed less accurately on foreign-accented and
younger speakers (Mereu and Vietti, 2021; Szalay
et al., 2025; Liu et al., 2023; Kempe et al., 2024).
Thus, limitations of existing ASR systems motivate
the need for manual correction of automatically

generated transcriptions while the uneven perfor-
mance of ASR tools across varieties necessitates
investing more resources into manually correcting
speech from under-resourced varieties (Gorisch
et al., 2020).

Commercially available ASR systems, such as
IBM-Watson, Google, and Amazon, might yield
higher accuracy than custom ASR tools (e.g.,
UNSW ASR, Batchalign) due to larger training data.
However, they require uploading speech data to
the developers’ server, potentially preventing re-
searchers from using them due to constraints of
ethical research data storage and sharing. The
orthographic transcription system developed for
speech researchers, OCTRA, also relies on com-
mercially available ASR tools or ASR tools run on
servers located on academic service platforms in
various European countries, making data upload
challenging due to different data protection princi-
ples between countries and regions (Draxler and
Pémp, 2022).

1.2. Manual corpus transcription

When ASR tools are not available or not suit-
able, orthographic transcription is developed man-
ually (e.g., Pitt et al., 2005; Grgnnum, 2009; Gao
et al., 2012; Schuppler et al., 2017; Rumberg et al.,
2022); although manual transcription is more time-
consuming and prone to disagreements in transcrip-
tion, especially for spontaneous speech (Bazillon
et al., 2008; Glenn et al., 2010). To improve the
accuracy of manual transcription, manual transcrip-
tion may be conducted by linguistically trained an-
notators with a background in phonetics or speech
language pathology, or a professional transcription
company (Rumberg et al., 2022). However, annota-
tors may require multiple hours of corpus-specific
training to achieve consistency (Schuppler et al.,
2017). The need for expert annotators, combined
with the time needed for training them, further in-
creases transcription costs.

To reduce costs, crowd-sourced transcriptions by
non-experts were tested against expert transcrip-
tions and reached comparable accuracy for English,
German, and Italian; however, crowd-sourcing was
not possible for Flemish due to lack of transcribers
(Sprugnoli et al., 2017). For crowd-sourced tran-
scriptions, quality control using ground truth or auto-
matic screening methods becomes crucial. (Sprug-
noli et al., 2017; Lee and Glass, 2011).

Corpora differ in the details of orthographic tran-
scription and annotation, with more detailed tran-
scriptions needing longer time (Bazillon et al., 2008;
Cieri, 2009; Esteve et al., 2010). Some corpora
report transcribing back-channels or non-linguistic
affirmations, fillers or filled pauses (Schuppler et al.,
2017; Pérez-Espinosa et al., 2020), repetitions and
broken words (Schuppler et al., 2017), and unde-
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fined vocalisations (Pérez-Espinosa et al., 2020).
Some child corpora reported annotating develop-
mental speech errors (Rumberg et al., 2022; Sza-
lay et al., 2022a), while another did not (Pérez-
Espinosa et al., 2020). Other corpora did not report
the level of detail in manual orthographic transcrip-
tion and annotation (Pitt et al., 2005; Gao et al.,
2012; Mereu and Vietti, 2021).

The more detailed the manual transcription, the
lower the agreement between transcribers (Bazil-
lon et al., 2008; Esteve et al., 2010). To improve
transcription consistency and agreement on sponta-
neous speech, some corpora used an iterative con-
sensus procedure with multiple annotators working
on the same data (e.g., Gao et al., 2012; Rumberg
et al., 2022). In the KidsTALC corpus, German
continuous child speech was transcribed consecu-
tively by two speech language pathologists and by a
professional transcribing company, discussing tran-
scriptions until a consensus was reached (Rumberg
et al., 2022). A Mandarin corpus of child speech
was first transcribed by a team of junior transcribers
and then reviewed by a senior transcriber; however,
details on the transcribers’ research background
and training were not reported (Gao et al., 2012).

1.3. Transcribing AusKidTalk

Transcribing AusKidTalk, the first AusE-speaking
child corpus, shares many of the challenges de-
scribed above (Ahmed et al., 2021; Szalay et al.,
2022a, 2025). Efficient transcription of AusKidTalk
required ASR tools as manual transcription is pro-
hibitively cost-intensive due to the size of the corpus
(Szalay et al., 2022a, 2025). However, due to the
limitations of current ASR tools on AusE-speaking
children, manual correction was required (Szalay
et al., 2022a, 2025). Therefore, a semi-automatic
workflow was developed for transcribing the single
word production task in AusKidTalk consisting of
an ASR toolkit generating automatic transcription
and a protocol for hand-correction (Szalay et al.,
2022a, 2025).

Our goal was to (1) apply our existing AusKidTalk
ASR toolkit to generate automatic transcriptions
for a semi-spontaneous narrative speech task in
AusKidTalk that reduced transcription costs and (2)
develop novel guidelines and methods for hand-
correction to increase transcription accuracy. To
achieve consistency between annotators, a novel
hand-correction protocol was developed consisting
of annotation guidelines, corpus-specific training
materials, a custom-built hand-correction interface,
and ground truth consistency checks.

This paper reviews details of the narrative speech
task and the existing ASR toolkit designed for
AusKidTalk, then discusses guidelines, new tools,
and results of hand-correction. Our workflow can
be adapted for other corpora containing sponta-

neous speech and provides techniques to evaluate
the quality of both human and automated annota-
tions, offering practical methods to enhance anno-
tation workflows.

2. The AusKidTalk toolkit

2.1. AusKidTalk data description

At the time of writing, AusKidTalk comprises data
collected from 620 AusE-speaking children aged
3-12. Speech samples were collected using
three scripted (single word production, sentence
repetition, non-word repetition) and two semi-
spontaneous tasks (story-telling, emotional speech
elicitation) (Ahmed et al., 2021). All tasks were
prompted using visual and/or audio stimuli to allow
for the inclusion of pre-literate children as young
as 3 years old. The story-telling task, Task 3, was
designed to elicit semi-spontaneous continuous
speech by presenting a cartoon video and then
prompting the child to tell the story in sentences
using picture prompts (Ahmed et al., 2021). The
cartoon depicted a green-skinned boy on a skate-
board finding a large egg, crashing into the egg,
and becoming friends with the green dinosaur that
hatched (Doggy Dog Cartoons, 14:37-15:27). The
video contained pictures and background music
without any speech. Having watched the video,
children were invited to retell the story using their
own words while viewing a series of 13 key-event
picture prompts one-by-one.

The five AusKidTalk tasks and prompts were
presented on an Android tablet while speech was
recorded onto a PC using a lapel microphone and
directional microphones (Ahmed et al., 2021). As
there was no direct synchronisation between tasks
and prompts on the tablet, and audio recorded
onto the PC, the Android app played a 1s high-
frequency tone to mark the start of each task and
recorded timestamps at the start and end of each
task and prompt (Szalay et al., 2022a, 2025). The
entire session was recorded with each audio file
containing the five tasks, background noise, and
multiple speakers producing task-related and con-
versational speech: the child and the interviewer
(e.g., “What's in this picture?”) (Szalay et al., 2022a,
2025).

Children’s responses combined picture descrip-
tions and non-responses (“I don't know”). The con-
tent of picture descriptions was expected to be re-
lated to the story and contain some key words (e.g.,
“boy, dinosaur”); however, spontaneous speech
was characterised by false starts (“di- dinosaur”),
partial and/or unintelligible words, and filler words
for hesitation (e.g., “erm”) inherent to spontaneous
child speech. Morphological and syntactic errors
typical to child speech, such as non-adult like use

5796



of pronouns or auxiliaries were present, as were
incomplete sentences (Lee and Canter, 1971). The
combination of spontaneous speech and two speak-
ers — the child and the interviewer — increased the
difficulty of orthographic transcription.

2.2. Automatic transcription using the
existing toolkit

To reduce annotator burden, time-aligned ortho-
graphic transcriptions were generated using exist-
ing but suboptimal tools (Szalay et al., 2025)." Task
3 was identified in the audio using high-frequency
tone detection and time-aligned with the 13 pic-
ture prompts based on the timestamps recorded
during data collection (Szalay et al., 2025). Diarisa-
tion was conducted using NeMo and orthographic
transcription with the UNSW ASR (Szalay et al.,
2025; Shahin et al., 2020). The output, a Praat
textgrid with time-aligned word-level orthographic
transcription (Fig. 1), was screened for quality, with
high-quality audio-textgrid pairs passed on for hand-
correction (Fig. 2).2

Wbt tfoe ¢

TR
:fm;kr EHEE)

Uh 1l
4.-“ Bt K. lu"

e L= [-FEEA - |

Figure 1: Output of the automatic annotation work-
flow with picture prompt (tier 1), automatic word-

level transcription (tier 2), and child turn (tier 3).

3. Methods of hand-correction

3.1. Developing hand-correction
guidelines

Hand-correction guidelines for the automatically
generated transcriptions were developed to assist
annotators with accuracy and consistency. Annota-
tors were instructed to correct automatic transcrip-
tion of the child’s speech in five steps. In Step 1),
annotators identified child-turns produced during
each picture prompt: the child speaking without
adult interruption was a turn (Table 1). The turn
ended when the adult started talking. For every
picture prompt, annotators generated one turn for

The technical description of these tools is reported
in detail in Szalay et al. (2025).

2A similar hand-correction workflow for AusKidTalk’s
single word production task is reported in (Szalay et al.,
2022a).

every time the child spoke without adult interruption.
Turns were identified instead of sentences as the
goal was transcribing all continuous child speech
in each picture-prompt interval instead of providing
linguistic analysis of the child’s use of sentences.

In Step 2), annotators corrected the orthographic
transcription of the child’s speech. Annotators tran-
scribed the child speech only, capturing what the
child said as opposed to what they thought the child
meant. That is, transcriptions were to reflect syn-
tactic and morphological errors. For example, “he
smile” was transcribed as-is, instead of being cor-
rected to “he smiles/he smiled”, avoiding assuming
either present or past tense. Apostrophes were
used to avoid assuming underlying grammar (e.g.,
the transcription “the boy’s” was preferred over as-
suming “boy is” or “boy has”). Colloquialisms were
transcribed as pronounced (e.g., “gonna”). Every
complete word was transcribed irrespective of sen-
tence quality (e.g., in “A dino... the dino”, both
instances of “dino” were transcribed). Phoneme-
level errors (e.g., [botu] for “bottle”) were not tran-
scribed and the intended word was transcribed us-
ing standard AusE orthography. Nonwords, such
as unintelligible and partial words (e.g., “din”) were
transcribed as XXX. Hesitations (e.g., “uhm”) were
not transcribed. Annotators were instructed not to
use any punctuation marks other than capitalising
the first turn of the picture-interval and ending the
last turn with a period. When a child named the
protagonist of the story — the green stop-motion
boy — as “baby Hulk”, ‘Hulk” was capitalised as a
proper noun.

In Step 3) annotators marked the location of any
hesitations between the corrected words using the
position of the words in the turn. Hesitations were
marked when the child paused noticeably between
two words (unfilled pause) or when the child in-
serted a filler, such as “erm” between two words
(filled pause). In Step 4), they identified words
containing overlap between speakers or overlap
between the child and background noise (Table 1).
In Step 5), they reviewed their corrections.

3.2. Developing a hand-correction
interface

To streamline the hand-correction procedure, a cus-
tom Praat interface was developed that prompted
annotators to carry out Steps 1)-5) for every picture
prompt using a series of pop-up windows.® The
custom interface loaded the audio and the textgrid
for every picture prompt one-by-one, automatically
generating speaker-turns by merging the words
identified as belonging to the child during diarisa-
tion. Having loaded the first picture-prompt, the in-

8Code available via
https://github.com/rbtbecontinued/auskidtalk
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audio identification alignment diarisation "
recognition
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Corrected &
. Data Manual . .
Pre-screening e ‘ —_— time-aligned
Passed | distribution correction Passed

transcription

Figure 2: AusKidTalk annotation pipeline. Top row: Pre-processing. Bottom row: Hand-correction. Red:
raw audio containing five speech tasks. Blue: automated procedure. Yellow: manual procedure. Green:

orthographic transcription.

Term Definition Marker
Picture prompt | Audio recorded during the presentation of a picture | Boundaries
Child turn Child speech produced without adult interruption Boundaries
Nonword Unintelligible or partial word XXX
Pause, filled A hesitation with a non-word {X}

Pause, long A hesitation over 1s {.}

Pause, short A noticeable gap in speech shorter than 1s {}

Overlap Child speech concurrent with adult speech or noise | {O}

Table 1: Terms, definitions, and their transcription markers used during hand-correction.

terface first prompted annotators to carry out Steps
1) and 2) simultaneously by editing turn-interval
boundaries and transcription.

After completing orthographic transcription, the
interface prompted the annotator to mark hesita-
tions (Step 3). The possible positions before and
after each word where hesitations may occur were
automatically numbered in consecutive order in a
pop-up window. For instance, as in “{1} He {2} is
{8} riding {4} his {5} skateboard {6}.”, every number
corresponds to a possible hesitation. Annotators
were prompted to identify the location and evaluate
the type of hesitation: a) filled pause (e.g., “erm”),
b) long unfilled pause (i.e., silence of 1s or more),
or ¢) short unfilled pause (i.e. a noticeable pause
shorter than 1s). Then, the script automatically in-
serted hesitation markers into the transcription as
{X} for filled pause, {..} for long pause, and {.} for
short pause (Table 1). Consequently, after Step 3),
the transcription might read, “He {X} is riding {..} his
skateboard.”

In Step 4), the interface listed all words in the
turn, and annotators were prompted to select any
words that were produced concurrently with the
interviewer or background noise (e.g., tapping,
coughing). Once an overlap was flagged, an over-
lap marker {O} was automatically inserted after the
selected word in the transcription. For instance,
the resulting transcription could be “He {X} is {O}
riding {..} his skateboard {O}.” indicating that the
child’s speech overlaps with background noise or

adult speech during “is” and “skateboard”.

In Step 5), the interface prompted annotators to
review their transcription and listen to the speech
before continuing to the next picture prompt to be
corrected. Once the annotator completed correc-
tions to the first picture prompt, the interface auto-
matically saved the annotator’s work and loaded
the next one.

3.3. Reliability checks

To evaluate annotator reliability, a ground truth (GT)
method was chosen (Szalay et al., 2022a). To pre-
pare GT files, six files were transcribed and an-
notated by expert annotators with a background
in speech pathology and phonetics in an iterative
consensus procedure starting from ASR-generated
transcriptions (Szalay et al., 2022a). Audio-textgrid
pairs, including both novel and GT files were as-
signed to annotators automatically using a web in-
terface allowing for downloading uncorrected files
and uploading corrected files (Szalay et al., 2022a).
GT files were assigned automatically to every an-
notator as the first two files for training and as every
10th file after training. Annotators were blinded as
to which files were GT files except for the first two
files used as training.

When annotators uploaded corrections to a GT
file, their work was compared to GT transcription
and an evaluation report was generated automati-
cally to assist the supervisor. The report contained
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information on 1) number of child speech turns
identified; 2) alignment accuracy; 3) transcription
accuracy; and 4) hesitation and overlap marking ac-
curacy, comparing these metrics to pre-set passing
thresholds, as follows.

First, the number of turns identified by the anno-
tator was counted. Agreement of 100% with the GT
file was required to pass. Alignment between anno-
tators’ turn and GT turn was calculated (Equation
1, Paulo and Oliveira 2004; Gonzalez et al. 2020).
Turn alignment of <0.95 was considered an error,
with a passing threshold of >90% agreement for
the turns in a file.

DurShared

DurGT + DurCurrent — DurSharad)

To evaluate transcription accuracy, overall word
error rate (WER) in the entire file, as well as WER
of each turn was calculated. Nonwords marked
by XXX were included when calculating WER, to
deter annotators from overusing this marker. For
example, a disagreement between an annotator
transcribing “din dinosaur” and the GT transcription
containing "XXX dinosaur" was coded as an error.
Differences in the use of contractions (“boy’s” vs.
“boy is”) were considered errors as the disagree-
ment reflects both a phonetic difference (/z/ vs. /oz/)
as well as potential grammar difference. Overall
WER, as well as minimum, mean, median, and
maximum WER of turns were reported. The pass-
ing threshold was <5% overall WER and <5% real
word to XXX ratio.

Overlap =

Agreement values for hesitation markers and
speaker-overlap markers between annotators’ and
GT transcription were evaluated. Ratios were cal-
culated for the short, long, and the filled pause
markers, as well as for the speaker-overlap marker
(Table 1). While there was no required minimum for
identifying markers, a ratio closer to 1 was expected
for long and filled pause markers and speaker-
overlap markers than for short pause markers. Ad-
ditionally, an annotator who did not identify any
hesitation or overlap markers received a warning
from the supervisor. The location of hesitation and
speaker-overlap markers was not compared and
not evaluated.

When annotators reached passing rates on all
metrics, they were allowed to download a new
audio-textgrid pair for hand-correction. When the
passing rate was not reached, annotators received
written feedback and were assigned additional train-
ing until they passed.

4. Results and Discussion

4.1. Applying the existing toolkit to the
narrative task

Out of the 620 children’s Task 3 files, data from
429 were successfully pre-processed (Fig. 2). The
remaining 191 failed pre-processing for multiple
reasons. For example, 74 children’s data were
recorded using a paper protocol, thus time-stamps
were not recorded, making pre-processing impossi-
ble, while for others, automatic high frequency tone
detection failed.

The 429 audio-textgrid pairs were pre-screened
for quality with 297 (297/429, 69%) passing pre-
screening. Audio-textgrid pairs were excluded
when the audio was too noisy (31 files, 7%), in-
cluded speech from tasks other than Task 3 (87
files, 20%), contained diarisation errors (13 files,
3%) or the picture prompts were misaligned with
the audio (1 file, 0.2%).

Pre-screening revealed that on average, 1.9
speakers (standard deviation = 0.7) per sample
were identified in 297 audio files, slightly lower than
the expected two (interviewer and child). Consis-
tent with this, NeMo diarisation failed to separate
the child from the adult in 60 files. As 60 files were
deemed to be a too large subset to exclude from
hand-correction but too small to spend time on ad-
justing NeMo’s parameters, they were distributed
for hand-correction (Fig. 2). Relatively low diari-
sation quality is attributed to the short duration of
Task 3 (3.5 minutes on average) and to the lim-
ited amount of speech produced by the interviewer.
These results on data and diarisation quality from
431 audio-textgrid pairs are consistent with prelimi-
nary results examining data and diarisation quality
using a subset of the data (201 files) (Szalay et al.,
2025).

4.2. Quality of automatic transcription

At the time of writing, of the 298 accepted audio-
textgrid file pairs, 261 (261/298, 88%) were hand-
corrected, including the six GT files. The qual-
ity of automatic transcription and alignment was
evaluated by comparing automatically generated
textgrids to annotator’s hand-correction in data from
these 261 children.

4.2.1. Turn-identification

In the sample of 261 hand-corrected files, 3261
turns were identified automatically, with an aver-
age of 12.5 turns per child (standard deviation
= 1.3), whereas annotators identified a total of
3965 turns with an average of 15.2 turns per child
(standard deviation = 4.2). Out of the 3261 auto-
matically identified turns, 2724 (83.7%) matched
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to a single manually-identified turn, indicating a
83.7% agreement rate between automatically gen-
erated and manually-identified turns. 451 auto-
matically generated turns (13.8%) corresponded to
multiple manually-identified turns, consistent with
turns being missed during automatic diarisation. 86
of the automatically generated turns (2.6%) were
removed. An additional 134 turn-intervals were
missed by the automatic alignment and added man-
ually by the annotators.

The relatively high accuracy of turn identification
(83.7%) compared to the poor speaker diarisation
is attributed to interviewer-behaviour: interviewers
were trained to only prompt the child at the start
and the end of picture prompts. Therefore, when
automatic diarisation included adult speech in the
child’s turn, the adult speech typically fell at the be-
ginning and/or the end of the turn. Thus, to remove
adult speech, the child’s turn had to be shortened
rather than split into multiple turns.

4.2.2. Turn overlap

There were 3175 automatically generated turns
corresponding to one or more manually-corrected
turns, yielding 3831 turn-pairs. Mean overlap rate
for all turn-pairs was 0.7 (s.d. = 0.37); the median
however, was considerably higher at 0.9. When
only turn-pairs in which the automatic turn matched
onto a single manually-identified turn were consid-
ered, mean overlap rate was considerably higher
at 0.9 (s.d. =0.2).

4.2.3. Word Error Rate

Evaluating WER on all turn-pairs yielded a high
WER of 166.9% (s.d. = 690%), with WER ex-
ceeding 100% due to inclusion errors. Inclusion
errors were caused by incorrect diarisation, result-
ing in automatic transcription of adult speech, which
was then removed by the annotators. Low overlap
rate between automatically generated and hand-
corrected turns caused by poor diarisation corre-
lated with high WER (Spearman’s rho for mono-
tonic relationship between overlap rate and WER =
-0.78). When only turn-pairs in which the automatic
turn matched onto a single manually-identified turn
were considered, mean WER was considerably
lower at 35.9% (s.d. = 53.1%, Spearman’s rho for
WER-Qverlap correlation = -0.45). When only turn-
pairs with 1:1 overlap were considered, mean WER
was 23.3% (s.d. = 21.8%). These WER results are
consistent with errors in transcription being caused
by imperfect diarisation. Thus, having to remove
transcription of the adult speech is likely to have
increased annotator workload, showing the impor-
tance of accurate diarisation in transcription.
WER by children’s age and sex were analysed
using turn-intervals with 1:1 overlap rate from 252

children; one child was excluded for missing age
information and eight for not having any turn-pairs
with a 1:1 overlap rate. The 252 children were di-
vided into three age groups: 83 children aged 3-5
years (F = 42, M = 41), 78 children aged 6-8 years
(F =36, M=42),and 91 children aged 9-12 years (F
=49, M = 42). WER decreased as age increased,
but there were no considerable differences between
female and male children, potentially increasing
hand-correction time for younger children due to
lower quality ASR (Table 2). These results are
consistent with preliminary results on automatic
transcription of the story-telling task in AusKidTalk
(Szalay et al., 2025). However, due to the 23%
WER, hand-correction is still required, necessitat-
ing investing time and resources in hand-correction
as well as in the development of hand-correction
software (Gorisch et al., 2020).

Female Male Both
sexes
Age Group
3-5 32 (28) 32 (24) 32 (26)
6-8 19 (19) 24 (23) 22 (21)
9-12 17 (17) 21 (18) 19 (18)
Total 21 (22) 25 (22) 23 (22)

Table 2: Mean WER as percentage (s.d.) by Age
group and Sex. Numbers in bold show overall
WER.

4.3. Reliability of hand-correction

A team of nine annotators with a background in
linguistics and phonetics submitted 261 transcrip-
tions for the story-telling task (Figure 3). They hand-
corrected one file in approximately 40 minutes on
average. Hand-correction time decreased consid-
erably from their first to second file, with annotators
spending up to three hours on their first file, and
completing their second in 45 minutes. Average
file duration was 3.5 minutes, indicating that hand-
correction, together with marking disfluencies and
nonwords, was 11x longer than audio duration. As
the time-need of transcription greatly varies with
transcription method (manual vs. ASR-assisted),
speech type (scripted vs. spontaneous), and anno-
tation detail (content words only vs. partial words,
hesitations, disfluencies), the time cost of a compa-
rable task was selected as a benchmark, reported
as 15 times the length of audio for manual verifi-
cation of automatic transcription with incomplete
marking of partial words, filled pauses, disfluencies,
and background noise (Cieri, 2009). Our result —
correction time 11 times longer than audio — is more
efficient than the cost of transcription time being
x15 longer than audio time reported for comparable
annotation (Cieri, 2009).
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Figure 3: Hand-corrected transcription with picture
prompt (tier 1), automatic word-level transcription
(tier 2), and hand-corrected child turn (tier 3) with a
pop-up window prompting the annotator to review
their transcription.

Seven annotators submitted a total of 25 ground
truth files, of which 15 (60%) reached a passing
score. Out of the 10 failed GT submissions, six
failed on the same GT file from Child 651, a 5-
year old typically developing male. No annotator
achieved passing score on Child 651. This sug-
gests that the 60% pass rate is partially caused
by one GT file being more difficult than the others,
as with Child 651 not included, the pass rate is
78% (15/19). Reviewing annotators’ work between
the last passed and a failed Child 651 submission
showed that annotators submitted accurate tran-
scriptions between the two, demonstrating accurate
and reliable transcription. However, the 100% fail
rate on Child 651 questions whether transcriptions
of more difficult speakers (e.g., younger or with
speech disorders) can be accepted at face-value
without further revision.

One of the seven annotators was removed from
the project due to consistently failing consistency
checks on easier GT files. The remaining two an-
notators contributed less than ten novel files to the
project after passing their training sessions; there-
fore they did not reach the first GT checkpoint.

Although using automatic transcription as a start-
ing point sped up hand-correction time, it might
have biased annotators towards accepting the
ASR’s transcription. To counter this potential bias,
annotators were explicitly instructed to practice
awareness of the bias, and to make independent
judgements for transcription. Instruction to use
XXX to transcribe unintelligible utterances rather
than relying on the ASR output combined with reg-
ular monitoring of annotator’s work and feedback
sessions proved to be an effective strategy, as re-
flected in the pass rates observed in the GT files.
For instance, when in one GT file, the ASR tran-
scribed a word ambiguous between “when” and
“went” as “when”, multiple annotators transcribed
the ambiguous word as XXX, replacing the auto-

matic transcription with the nonword marker.

The overall AusKidTalk reliability (60%-78%) ap-
pears to be high; however, the failed consistency
checks are due to genuine mistakes by trained an-
notators. In contrast, when crowd-sourced tran-
scriptions of adult conversational speech were eval-
uated using ground truth methods, the passing rate
was lower (26%-73%), but failed annotations were
often clear cases of spammers submitting repeated
and nonsense words, while genuine annotations by
untrained transcribers were of good quality (Sprug-
noli et al., 2017). As in AusKidTalk, even trained
annotators made genuine mistakes due to the diffi-
culties associated with child speech and the level of
annotation required, crowd-sourcing for untrained
annotators is not recommended for transcribing
continuous, semi-spontaneous child speech.

5. Conclusion: Generalisability and
lessons learnt

We applied an ASR-assisted transcription method
to a semi-spontaneous continuous speech produc-
tion task (Fig. 2, Szalay et al. 2025). Automatic
speech processing tools performed speech diari-
sation using NeMo and automatic word recognition
using the UNSW ASR (Szalay et al., 2025; Shahin
et al., 2020). Automatic transcription was greatly
assisted by designing the data collection protocol
with automatic annotation in mind: the collection of
high tones separating tasks, time stamps for tasks
and prompts, and interviewer training contributed
to the implementation of automatic transcription.
Automatically generated transcriptions were cor-
rected manually by a team of annotators using a
set of guidelines and an interface developed for the
narrative task of the AusKidTalk project.
Comparing automatically generated and manu-
ally corrected transcription showed that the quality
of automatically generated transcription was sensi-
tive to diarisation errors. When NeMo diarisation
failed, the adult’s speech was transcribed as child
speech, which then manually had to be removed
by annotators, increasing annotation time and cost.
Future work may compare other diarisation meth-
ods to NeMo, aim to adjust diarisation parameters
of NeMo, or apply diarisation prior to task identifi-
cation such that the entire recording is diarised.
ASR errors remained high after adjusting for er-
rors caused by diarisation (23%); however, the
UNSW ASR was trained on American English child
speech rather than other parts of the AusKidTalk
corpus (Shahin et al., 2020), thus accent differ-
ences between American and Australian English
(e.g., the presence/absence of post-vocalic /v/, dif-
fering vowel pronunciations) are likely to have neg-
atively impacted ASR quality and increased hand-
correction time (Tatman and Kasten, 2017; Sza-
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lay et al., 2022b; Wassink et al., 2022). In future
work, the currently transcribed speech samples
can be used for fine-tuning open, state-of-the-art
systems that can be run locally on the corpus for
better performance. For example, Whisper ASR
has achieved 7%-14% WER on the My Science
Tutor corpus containing spontaneous child speech
recorded from virtual tutoring sessions when it was
trained on the same corpus (Southwell et al., 2024;
Attia et al., 2024). Similarly, using Task 3 transcrip-
tion from AusKidTalk to fine-tune ASR models might
allow for greater accuracy in transcribing the emo-
tion elicitation task, the other spontaneous task in
AusKidTalk.

Working with annotators showed that despite an-
notators having a background in linguistics and pho-
netics, annotator agreement can be challenging to
achieve for spontaneous speech, consistent with
previous work (Glenn et al., 2010). However, semi-
automatic consistency and reliability checks as-
sisted with separating high-quality annotations from
inconsistent and potentially inaccurate annotations,
similar to recommendations for crowd-sourced an-
notations (Sprugnoli et al., 2017; Lee and Glass,
2011). The results of annotator agreement suggest
that child speech transcription might not be suitable
for crowd-sourcing. Despite the limitations noted
here, the results show that accurate annotations
can be achieved with regular consistency checks.
Our approach promises more rapid data handling
with a correction speed 11 times the speech time,
together with techniques for quality control transfer-
able to other corpora.
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