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Abstract

This study provides validity evidence for auto-
mated scoring of oral reading fluency (ORF)
using off-the-shelf automatic speech recogni-
tion (ASR) models. A corpus of 320 audio
recordings of 63 children collected with a digi-
tal literacy platform was used to estimate words
correct per minute (WCPM) with six model
variants.

1 Introduction

Children need to develop Oral Reading Fluency
(ORF) as a prerequisite for reading comprehen-
sion, writing, and success in other academic disci-
plines. Children typically start learning decoding
skills in kindergarten and gradually improve ORF
through elementary school by reading increasingly
more complex texts and acquiring vocabulary Maki
and Hammerschmidt-Snidarich, 2022. Because of
the importance of ORF, elementary school teach-
ers regularly track its development from kinder-
garten to 2nd or 3rd grade. ORF is a latent vari-
able with three components: rate, accuracy, and
prosody (Kim et al., 2021). However, it is most
commonly operationalized as words correct per
minute (WCPM) (Valencia et al., 2010). Tradi-
tional ORF assessments require students to read for
one-minute, and are manually scored by counting
the number of words read, minus the errors, ex-
cluding repetitions and insertions. WCPM includes
information about rate and accuracy, but ignores
prosody (Kim et al., 2021). In the U.S., teach-
ers and school administrators measure ORF mainly
with standardized reading passages presented on pa-
per by a human proctor and provide WCPM scored
manually. DIBELS Shaw and Shaw, 2002 and
FASTBridgeChrist, 2018 are popular paper-based
standardized assessments of ORF used nationwide.
Although each test lasts one minute per student
plus setup and scoring time, they are very burden-
some for teachers. Assessing an entire classroom

can take substantial time, and many school districts
require teachers to measure ORF once or twice per
year from kindergarten to 2"¢ grade.

Digital reading devices are increasingly avail-
able in classrooms and homes (e.g., computers,
tablets).Algahtani, 2020; Hou et al., 2024. These
devices create an opportunity for automated ad-
ministration and scoring of ORF assessments. Re-
searchers have attempted to develop automated
OREF assessments since the 90’s (Mostow, 2016).
However, recent advances in automatic speech
recognition (ASR) technology have increased inter-
est in this topic (Bhardwaj et al., 2022). While the
U.S. has no widely administered automated ORF
assessments, other countries have already deployed
national automated OREF testing (Silva et al., 2021).

Beyond replacing manual paper-based testing
in schools, automated ORF assessments can be
built into digital literacy platforms, such as read-
ing apps and intelligent tutoring systems (ITS) Xu
et al., 2019. This approach is a form of stealth
assessment because it can be conducted while chil-
dren read stories on a digital device without their
awareness of testing. Stealth assessments, a type
of formative assessment, seek to measure students’
abilities without the burden and stress of formal
educational testing Rahimi and Shute, 2024. Digi-
tal literacy platforms with built-in ORF assessment
can then use the scores to provide specific supports
(e.g., decoding drills), track progress, and inform
teachers.

This study aims to collect preliminary validity
evidence supporting the use of state-of-the-art ASR
models for automated ORF scoring for stealth as-
sessment. These models could be integrated into
digital literacy platforms used in schools and stu-
dents’ homes. Stealth assessment of ORF would
allow teachers to monitor students’ ORF growth
trajectories and identify at-risk students. Stealth
assessment of ORF could also provide proximal
outcome measures for educational interventions.
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This study addresses the research question: Do off-
the-shelf ASR models provide valid and reliable
OREF scores for use in stealth assessment?

2 Literature Review

2.1 Stealth Assessment

Stealth assessments Shute et al., 2022 are auto-
mated learning assessments embedded in digital
learning environments (e.g., reading apps, digital
games) to elicit evidence of an ability or skill. It
is called stealth not because the learners do not
or should not know about the ongoing assessment,
but because the assessment is invisible (i.e., there
is no typical question in front of the learners to
respond to). As learners interact with the digital
learning environment, the software records their
interactions, the stealth assessment model analyzes
them, and the system uses the results to provide
continuous ability estimates or categorical skill pro-
files. Then, the learning environment can use the
estimates or skill profiles to adapt to learners’ level
of competency (e.g., change the level of task diffi-
culty), provide appropriate learning supports (e.g.,
feedback), and report to the teacher or the learners
themselves (e.g., dashboards) so that they can take
appropriate actions to address learning challenges.
Alternatively, the learning system can adapt the
next challenges. The accuracy of stealth assess-
ments depends on the quality and frequency of the
signal recorded by the digital learning environment.
For ORF scoring, the signals are recordings of stu-
dents reading passages on digital reading devices.
In classroom settings, signal quality may depend
on background noise levels and the quality of the
microphone and noise-filtering software used.

2.2 Oral Reading Fluency Scoring

Previous studies have used several methods to esti-
mate WCPM from recordings of student readings.
These methods typically used ASR models and/or
extracted audio features to predict WCPM with
machine learning. Project LISTEN scored WCPM
through the Reading Tutor system Mostow, 2016,
which was an ITS for reading. Reading Tutor col-
lected speech data in real time from students and
analyzed it using forced alignment. This system
provided real-time feedback, alerting the student
whether they spoke a word correctly or incorrectly.
By acknowledging self-corrections and restarts,
the system avoided penalizing students incorrectly,
which would otherwise inflate the system’s perfor-

mance, as measured by its Word Error Rate (WER)
(Chen and Mostow, 2011).

Project CORE developed a WCPM scoring
model using the Bavieca ASR model (Nese and
Kamata, 2021). The authors evaluated the model’s
performance on a sample of 13,766 audio files of
2nd- to 4th-grade students reading standardized
passages for up to 90 seconds. They estimated
standardized effect sizes between ASR scoring and
the human criterion, controlling for passage length.
They used a criterion of 0.15 standard deviations as
the maximum acceptable difference between ASR-
estimated WCPM and the human criterion. They
found that ASR performance depended on passage
length, but most results were within 0.15 SD of the
human criterion. The ASR model performed ac-
ceptably with short (25 words), medium (50 words),
and long (85 words) passages, but degraded to un-
acceptable levels with a fixed 60-minute reading
time and a variable-length passage. Using the same
dataset, Kara et al. predicted WCPM using relative
silence times (RSTs), which are between-word si-
lence times divided by the total silence time for the
passage. They used NLP to create 40 meaningful
word chunks and derived 80 features by averaging
RSTs before and after each chunk. Then, they pre-
dicted WCPM using random forests with the 80
RST-based features. This approach produced pre-
dicted WCPM that correlated strongly with human-
rated WCPM (r = 0.764).

Project FLORA addressed challenges in chil-
dren’s speech recognition such as higher pitch and
inconsistent pronunciation (Bolafios et al., 2011).
The system used the Boulder Language Technolo-
gies (BLT) ASR engine, leveraging Hidden Markov
Models and Gaussian Mixture Models to improve
accuracy. A critical factor of FLORA was its abil-
ity to process audio much faster than it is spo-
ken for real-time feedback (Bolafios et al., 2011).
Their system used forced alignment against a ref-
erence to calculate the WCPM. They found that
the FLORA system produced WCPM scores that
differed from human-rated scores by an average
of 3.62 words. Cohen’s kappa between FLORA’s
WCPM estimates and human scores ranged from
0.87 t0 0.97.

2.3 Automatic Speech Recognition Models for
Children’s Speech

Older systems that scored WCPM produced ac-
ceptable results in some conditions but struggled
with the high variability of children’s speech. New
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ASR systems based on wav2vec2.0 (Baevski et al.,
2020) and Whisper (Radford et al., 2023) architec-
tures promise score WCPM accurately for diverse
children’s speech under a variety of classroom con-
ditions. However, while there are many recent
studies evaluating wav2vec2.0 (Gao et al., 2025;
Peng et al., 2021; Getman et al., 2023; Xu et al.,
2021) and Whisper (Jain et al., 2023, 2024; Mole-
naar et al., 2023; Liu et al., 2024; Dietz Smith
et al., 2025) for children ASR using word error
rate (WER) and sentence error rate (SER) metrics,
research using these new ASR models for ORF
scoring has been scarce.

Recent research on automated detection of read-
ing errors (i.e., miscue detection) of children
wav2vec2.0 and Whisper provide a foundation for
scoring WCPM. By fine-tuning tiny, based, small,
medium and large Whisper models with children
speech, researchers have been able to obtain sub-
stantially reduced WER and SER (Jain et al., 2023,
2024; Molenaar et al., 2023; Liu et al., 2024; Di-
etz Smith et al., 2025). Dietz Smith et al. (2025)
extended Whisper for miscue detection of English
children’s speech by sending both the audio record-
ing and and the target text to the model, and new to-
kens for end-to-end (E2E) miscue detection. Send-
ing the correct text to the model improved verbatim
transcription of the Whisper medium model from
15% to 11% with the CMU Kids corpus (Eskenazi
et al.,, 1997). The authors also expanded Whis-
per’s tokenizer to include the special miscue tokens
<OMIT>, <SUBSTITUTE>, and <INSERT> so
that the model could perform E2E by labelling mis-
cues directly during transcription. E2E showed
promising results, with macro-F1 >0.50) but con-
sistently showed low recall, especially for substitu-
tions.

3 Methodology

3.1 Data

We collected audio data for the current study using
the Storiza digital literacy platform (Leite et al.,
2025), which uses generative Al to create decod-
able stories for elementary school children matched
to specific lessons in the UFLI Foundations phonics
program (Lane and Contesse, 2022). We recruited
parents in the U.S. through the UFLI Foundations
Facebook Group and asked them to supervise their
children as they read and recorded at least one
story per week for six weeks. The stories ranged
from 50 to 400 words. The audio data consisted

of 320 recordings of 63 children (37 females, 25
males, 1 not reported; kindergarten: 6; 1% grade:
22; 2" grade: 24; 3" grade: 11) totaling about 9
hours of audio. On average, each story is 1min29s,
ranging from 7.03s to Smin36s. The geographic
distribution of these participants (by ZIP code) is:
14.1% Northeast, 23.3% South, 20.9% Midwest,
and 41.7% West. The platform recorded children
reading stories as .wav files and stored the story
text.

A team of 10 linguistics students, supervised
by a linguist, performed detailed annotation of
the recordings, including classifying the types of
reading errors students made (Rose et al., 2026).
Correct word production accounts for 70.17% of
all words, consistent with the grade-level findings
of Hasbrouck and Tindal (2017) for early readers.
Among error categories, disfluency errors are the
most frequent (10.93%), followed by phonological
(7.42%), orthographic (3.65%), and grammatical
errors (2.46%). Figure 1 presents the distribution
of error categories in the data. Details about this
corpus are presented in Rose et al..

3.2 Analysis

We applied six ASR model variants drawn from
two families to estimate WCPM. From the
Wav2Vec 2.0 framework (Baevski et al., 2020),
we include wav2vec2-base-960h, pretrained
and fine-tuned on LibriSpeech (Panayotov et al.,
2015), and wav2vec2-large-xlsr-53-english,
a cross-lingual model fine-tuned from
wav2vec2-large-xlsr-53 on English data
from Common Voice (Ardila et al., 2020). Both
are encoder-only models that learn speech rep-
resentations through self-supervised pretraining
on unlabeled audio followed by supervised
fine-tuning for ASR. From the Whisper family
(Radford et al., 2023), we evaluate four model
sizes (i.e., tiny, base, small, medium) which vary
in parameter count and capacity. Whisper is a
sequence-to-sequence model trained in a fully
supervised fashion on large-scale weakly labeled
web audio, and unlike Wav2Vec 2.0, generates
transcriptions autoregressively through a decoder.
All models are used off-the-shelf without any
fine-tuning on child speech.

The estimation of WCPM involved four steps:
1) Submit the child voice recording to each ASR
model variant to obtain the ASR hypothesis, which
is a prediction of the words read by the child (i.e.,
transcription); 2) Perform word-level alignment
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of the ASR hypothesis against the reading pas-
sage using the jiwer Python library (Jitsi, 2024).
This alignment is made using the Levenshtein dis-
tance with both strings normalized to lowercase
and with punctuation removed (except apostrophes,
which are phonologically meaningful in contrac-
tions); 3) Identify substitutions, deletions, and in-
sertions based on the alignment results. 4) Calcu-
late WCPM = ((N — S — D) /t) x 60, where N is
the total reference word count, .S and D denote sub-
stitutions and deletions, and ¢ is the audio duration
in seconds. Following the curriculum-based mea-
surement (CBM) convention (Deno et al., 1982),
WCPM is computed against the reference text us-
ing the same alignment, with only substitutions
and deletions counted as errors. Insertions, such as
repetitions, fillers, and extra words, are excluded,
as they already penalize the reader by consuming
reading time (University of Oregon, 2023; Deno
etal., 1982).

We used the validity evidence framework of
the Standards for Educational and Psychological
Testing (American Educational Research Asso-
ciation et al., 2014) to evaluate the WCPM es-
timates. Specifically, we evaluated validity evi-
dence with respect to internal structure, content,
response process, and relationships with other vari-
ables. For internal structure evidence, we mea-
sured ASR transcription quality by computing
WER and Character Error Rate (CER) between
the ASR hypothesis and a human-verified tran-
script of the child’s actual speech, following stan-
dard ASR evaluation convention (Morris et al.,
2004). Word Error Rate (WER) is defined as
WER = (S + D + I)/N, where I denotes inser-
tions. CER is calculated similarly to WER but at
the character level. We also estimated the relative
bias of WCPM, defined as mean((WCPMegtimated —
WCPMannotated)/ WCPMannotated), t0 assess how
much the ASR-model WCPM deviates from the
manual score. Following Nese and Kamata, we
consider the relative bias of WCPM estimates to be
acceptable if smaller than 0.15 standard deviations.

For evidence related to content, we use a fixed-
effects regression model (Allison, 2009) to esti-
mate the relationships between the model-based
WCPM estimates and characteristics of the pas-
sages used for ORF assessment, controlling for
manual WCPM scores, fixed effects of child and
week of participation. For ORF automated assess-
ment, it is desirable that when WCPM variation
from the manual WCPM scores and due to child

and time are accounted for, the residuals of WCPM
scores are unrelated to the particular characteristics
of the reading passage used to assess ORF. In other
words, this evaluates whether the passage has no
method effects (Podsakoff et al., 2003). This is
important validity evidence given that traditional
ORF measures such as the DIBELS (Shaw and
Shaw, 2002) use expert-written standardized read-
ing passages, while the automated ORF estima-
tion implemented within a digital literacy platform
uses a different Al-generated reading passage for
every assessment (Leite et al., 2025). Therefore,
finding no relationship with passage characteristics
would indicate that the ORF assessment is robust
to random reading passage variation. The passage
characteristics we evaluated include readability, as
measured by Spache readability scores (Spache,
1953), syntactic complexity (Szmrecsdnyi, 2004),
and lexical diversity (Jarvis, 2013) as measured by
the Moving-Average Type-Token Ratio (Covington
and McFall, 2010).

For response process evidence, we report the test-
retest reliability of WCPM scores and the relation-
ship of test-retest reliability estimates with grade
level and recording duration. We estimated test-
retest reliability by identifying all pairs of record-
ings the same student completed within the same
week. We then estimated test-retest reliability as
the Pearson correlation between WCPM estimates
from two recordings, which equals the intraclass
correlation (ICC) with only two measures.

To assess validity with respect to relationships
with other variables, we examined the relationship
between WCPM and grade level. We stratify all
metrics by grade level and report mean WCPM,
WER, and CER per grade, following the norma-
tive framework of Hasbrouck and Tindal (2017).
Grade-level stratification enables detection of sys-
tematic ASR degradation at early grades, where
child speech is most acoustically distinct from adult
speech (Potamianos and Narayanan, 2003).

4 Results

4.1 Internal Structure Evidence

Table 1 presents WER and CER for two Wav2Vec2
variants. Both models substantially underper-
formed compared to Whisper. Wav2Vec2 Large
achieved a WER of 0.727 compared to Whisper
medium’s 0.2613. Given their high transcription
error rates, we did not use Wav2Vec?2 variants for
WCPM estimation.
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Tables 2 and 3 present WER, CER, WCPM, and
relative bias for four Whisper variants at sentence
and story level. Larger models consistently yielded
lower WER and CER. At both the story and sen-
tence levels, the relative bias of WCPM showed a
non-monotonic relationship with model size: Tiny
and base models underestimated WCPM, while
small and medium models overestimated it. How-
ever, using 0.15 standard deviations as a guideline
for acceptable relative bias of WCPM (Nese and
Kamata, 2021), all Whisper variants produced ac-
ceptable relative bias at the story level, and only
Whisper tiny exceeded the threshold at the sentence
level.

4.2 Evidence Related to Content

The results of the fixed-effects regression model
shown in 4 indicate that the WCPM scores esti-
mated with the Whisper variants were not related to
passage readability or syntactic complexity. How-
ever, WCPM estimates from Whisper tiny and
small were significantly and positively related to
lexical diversity, indicating that when two students
with the same oral reading fluency read two dif-
ferent passages, reading the passage with higher
lexical diversity was associated with a higher esti-
mated WCPM. Therefore, we found evidence that
these Whisper variants are vulnerable to method
bias due to passage. However, WCPM estimates
with Whisper base and medium were not related to
lexical diversity.

4.3 Response Process Evidence

Table?? presents the test-retest reliability estimates
for the WCPM scores from manual annotation and
Whisper models of different sizes. Overall esti-
mates (n = 424) ranged from 0.693 for manual
annotation to 0.756 for Whisper Small, but the con-
fidence intervals indicate that there is no significant
difference between them. However, WCPM esti-
mates depended strongly on recording duration and
grade. Test-retest reliability estimates with record-
ings lasting at least 60 seconds (n = 348) were
between 0.693 and 0.782, while with recordings
shorter than 60 seconds (n = 76), estimates were
between 0.252 and 0.298. Test-retest reliability es-
timates were higher with 1st grade (n = 149) and
3rd grade (n = 56) students, ranging from 0.718
to 0.861. Reliability was lower with 2nd grade
students (n = 200), ranging from 0.593 to 0.661.
It was much lower with Kindergarten students (n
= 19), ranging from 0.252 to 0.298. Within each

subgroup, model-based reliability estimates did not
differ significantly from manually annotated esti-
mates, and did not depend on model size.

4.4 Evidence of Relationship with Other
Variables

Tables 6 and 7 present grade-level WCPM break-
downs for Whisper medium, which consistently
shows the lowest WER and is used for grade-level
analysis. Both annotated and predicted scores show
consistent grade-level progression, confirming that
the pipeline captures developmental fluency growth
from Kindergarten through 3rd grade. The posi-
tive bias widens at higher grades from +0.043 at
Kindergarten to +0.065 at 3rd Grade+ at sentence
level, and from 40.056 to 4+0.111 at story level,
indicating that subtle miscues produced by more
fluent readers are increasingly harder for general-
purpose ASR to detect. Story-level WCPM values
are markedly lower than sentence-level for both
annotated and predicted scores (54.81 vs. 76.90),
as story-level aggregation captures inter-sentence
pauses and passage transitions that reduce the over-
all reading rate.

5 Discussion

We found that the relative bias of WCPM estimates
from Whisper variants had a non-monotonic rela-
tionship with model size. This non-monotonicity
may stem from the interaction of two error sources:
smaller models may underestimate WCPM due to
high transcription error rates, while larger models
may overestimate it by auto-correcting child mis-
pronunciations. Story-level WER is slightly higher
than sentence-level for most models, suggesting
that error accumulation across longer contexts
poses a greater challenge for ASR. The pipeline
captures developmental fluency progression across
grade levels, though with a positive bias that widens
at higher grades as subtle miscues become harder
for general-purpose ASR to detect.

Standardized oral reading fluency assessments
such as DIBELS Shaw and Shaw, 2002 and FAST-
BridgeChrist, 2018 use a fixed 60-second reading
time. While we did not evaluate WCPM estimation
from fixed 60-second passages, the evaluation of
test-retest reliability provides some evidence that
60-second passages may be too short for reliable
WCPM estimation using off-the-shelf Whisper vari-
ants. These results are consistent with the findings
of Nese and Kamata, indicating that automated
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WCPM estimation was inadequate with 60-second
passages.

6 Conclusion

Off-the-shelf ASR models may offer a practical,
scalable solution for automated ORF assessment
that can provide substantial time savings for teach-
ers, enable weekly monitoring of student ORF tra-
jectories, and facilitate personalized digital inter-
ventions such digital reading platforms and intelli-
gent tutoring systems (Xu et al., 2019). Automated
WCPM scoring can be used to estimate an indi-
vidualized growth curve for each student, which is
helpful to detect at-risk students. Among the mod-
els evaluated, we found that Whisper medium per-
formed best, providing valid and reliable WCPM
scores under certain conditions, such as with pas-
sages longer than 60 seconds and with 1st grade
students. However, test-retest reliability was low
in some conditions, such as with passages shorter
than 60 seconds and with kindergarten students.
Therefore, while promising, ASR pipelines need
further refinement to support general application
for ORF assessment in digital literacy platforms
across elementary grades.

One limitation of the WCPM pipeline we used is
that it relies solely on word-level ASR alignment,
missing disfluency-based errors such as hesitations,
self-corrections, and sounded-out words. As shown
in Figure 1, disfluency is the most frequent error
category in the corpus (10.93%), and Whisper sup-
presses these during transcription (Radford et al.,
2023), directly contributing to the observed posi-
tive bias. The current study is also limited in that
it operationalizes ORF solely in terms of WCPM,
ignoring prosody. Recent studies show that incor-
porating prosody into ORF assessment improves its
ability to predict reading comprehension (Wolters
et al., 2022; Kim et al., 2021).

Because all models used in this study were
trained on adult speech, future research should fine-
tune them on child read-aloud recordings to reduce
bias and increase reliability. A more diverse corpus
would benefit the fine-tuning process. A limitation
of the current corpus (Rose et al., 2026) is that it
was recruited via a Facebook Group of teachers
and reading tutors, likely oversampling motivated
readers and undersampling children with specific
learning disabilities, such as dyslexia. This limits
the generalizability of results to struggling read-
ers, who are poised to benefit the most from regu-

lar formative ORF assessment. Lastly, the largest
Whisper model evaluated in this study was Whisper
medium. We did not examine Whisper large due
to resource constraints, and it is likely to provide
improved results.
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7 Tables and Figures

Table 1: Wav2Vec?2 evaluation on sentence-level data (n
=3013).

Model WER CER
Wav2Vec2 Base  0.768  0.695
Wav2Vec2 Large 0.727 0.683

Table 2: Sentence-level ASR evaluation (n = 3013, hu-
man WCPM = 76.90)

Model WER CER WCPM Rel. Bias
Whisper tiny 0.450 0283 63.57 —0.1733
Whisper base 0379 0234 69.88 —0.0913
Whisper small 0.294 0.183  77.75 +0.0111
Whisper medium 0.2613 0.165  80.61 +0.0482

Table 3: Story-level ASR evaluation (n = 320, human
WCPM = 54.81)

Model WER CER WCPM Rel. Bias
Whisper tiny 0.4324 0.2735 4945  —0.0978
Whisper base 0.358 0.228 5438  —0.0078
Whisper small 0294 0.194 5823  +0.0624
Whisper medium  0.2768 0.1871  60.00 +0.0947

479


https://doi.org/10.21437/Interspeech.2021-1344
https://doi.org/10.21437/Interspeech.2021-1344
https://doi.org/10.21437/Interspeech.2021-1344
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1109/TSA.2003.818026
https://doi.org/10.1007/s11423-023-10232-1
https://doi.org/10.1007/s11423-023-10232-1
https://doi.org/10.1007/s11423-023-10232-1
https://doi.org/10.1007/s11423-023-10232-1
https://doi.org/10.18653/v1/2026.conll-main.35
https://doi.org/10.18653/v1/2026.conll-main.35
https://doi.org/10.4324/9781138609877-REE58-1
https://doi.org/10.4018/ijdet.2021070105
https://doi.org/10.4018/ijdet.2021070105
https://www.jstor.org/stable/998915
https://www.jstor.org/stable/998915
http://www.benszm.net/omnibuslit/Szmrecsanyi2004.pdf
http://www.benszm.net/omnibuslit/Szmrecsanyi2004.pdf
https://dibels.uoregon.edu
https://dibels.uoregon.edu
https://doi.org/10.1598/RRQ.45.3.1
https://doi.org/10.1598/RRQ.45.3.1
https://doi.org/10.1080/10888438.2020.1850733
https://doi.org/10.1080/10888438.2020.1850733
https://doi.org/10.21437/Interspeech.2021-777
https://doi.org/10.21437/Interspeech.2021-777
https://doi.org/10.1111/bjet.12758
https://doi.org/10.1111/bjet.12758
https://doi.org/10.1111/bjet.12758

Table 4: Regression Coefficients (Standard Errors) of estimates from fixed-effects regression model

Whisper Tiny Whisper Base Whisper Small Whisper Medium

Manual WCPM 0.7314*** (0.0528) 0.8304*** (0.0559) 0.8425*** (0.0519) 0.8704*** (0.0625)
Readability —2.615 (1.346) —2.481 (1.444) —1.970 (1.196) —1.926 (1.180)
Syntactic complexity  0.6770 (0.7926) 0.7917 (0.8610) 0.7730 (0.8540) 0.7321 (0.8164)
Lexical diversity 43.89** (15.65) 24.60- (12.75) 23.81* (9.902) 15.29 (10.32)

Note. Standard errors in parentheses. *p < .10; *p < .05; **p < .01; *** p < .001
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Figure 1: Distribution of error categories in the corpus.
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Table 5: Test—Retest Reliability Estimates with 95%

Confidence Intervals by Group and Measure

Group Measure 7 [95% CI]
Manual 0.693 [0.640, 0.740]
Whisper Tiny 0.744 [0.699, 0.784]
Overall Whisper Base 0.730[0.682, 0.771]
Whisper Small 0.756 [0.712, 0.794]
Whisper Medium 0.754 [0.709, 0.792]
Manual 0.696 [0.638, 0.747]
Whisper Tiny 0.762 [0.715, 0.803]
> 60 sec Whisper Base 0.755[0.705, 0.797]
Whisper Small 0.772 [0.726, 0.812]
Whisper Medium 0.782 [0.737, 0.820]
Manual 0.332[0.115,0.519]
Whisper Tiny 0.276 [0.054, 0.472]
< 60 sec duration Whisper Base 0.303 [0.083, 0.494]
Whisper Small 0.377 [0.165, 0.555]
Whisper Medium 0.335[0.119, 0.521]
Manual 0.298 [—0.180, 0.663]
Whisper Tiny 0.271 [—0.209, 0.646]
Kindergarten Whisper Base 0.252 [—0.228, 0.634]
Whisper Small 0.253 [—0.228, 0.634]
Whisper Medium  0.276 [—0.203, 0.649]
Manual 0.829 [0.771, 0.873]
Whisper Tiny 0.822[0.762, 0.868]
1st Grade Whisper Base 0.828 [0.770, 0.873]
Whisper Small 0.852 [0.801, 0.891]
Whisper Medium 0.861 [0.813, 0.897]
Manual 0.592[0.493, 0.675]
Whisper Tiny 0.660 [0.574, 0.732]
2nd Grade Whisper Base 0.627 [0.535, 0.705]
Whisper Small 0.661 [0.575, 0.733]
Whisper Medium 0.652 [0.564, 0.725]
Manual 0.718 [0.560, 0.825]
Whisper Tiny 0.800 [0.680, 0.878]
3rd Grade Whisper Base 0.835[0.733, 0.900]
Whisper Small 0.825[0.717, 0.894]
Whisper Medium 0.836 [0.735, 0.901]
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Table 6: Mean WCPM by grade level at sentence level (n = 3013).

Method Kinder. 1st Grade 2nd Grade 3rd Grade Mean

(146) (941) (1391) (535) (3013)
Manual 47.66 69.32 80.66 88.42 76.90
Whisper medium  49.70 72.60 84.04 94.21 80.61
Rel. Bias +0.043 +0.047 +0.042 +0.065 +0.048

Table 7: Mean WCPM by grade level at story level (n = 320).

Method Kinder. 1st Grade 2nd Grade 3rd Grade Mean

(20) (122) (132) (46) (320)
Manual 26.33 49.01 58.69 71.46 54.81
Whisper medium ~ 27.82 53.50 64.13 79.39 60.00
Rel. Bias +0.056 +0.091 +0.092 +0.111 +0.095
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