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Abstract

This paper reports on a set of three recent experiments utilizing large-scale speech
models to assess the oral reading fluency (ORF) of students in Ghana. While ORF
is a well-established measure of foundational literacy, assessing it typically requires
one-on-one sessions between a student and a trained rater, a process that is time-
consuming and costly. Automating the assessment of ORF could support better lit-
eracy instruction, particularly in education contexts where formative assessment is
uncommon due to large class sizes and limited resources. This research is among the
first to examine the use of the most recent versions of large-scale speech models for
OREF assessment in the Global South.We find that the best performing model, Whis-
per V2, with no additional fine-tuning, produces transcriptions of Ghanaian students
reading aloud with a Word Error Rate of 10.3. When these transcriptions are used
to produce fully automated ORF scores, they closely align with scores generated
by expert human raters, with a correlation coefficient of 0.98. These results were
achieved on a representative dataset (i.e., students with regional accents, recordings
taken in actual classrooms), using a free and publicly available speech with no addi-
tional fine-tuning. This model’s strong performance on real-world classroom data,
combined with its accessibility and simplified implementation, suggests potential
for scaling ORF assessment in lower-resource, linguistically diverse educational
contexts.

Keywords Automatic Speech Recognition - Educational assessment - Foundational
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Introduction

UNESCO estimates the number of illiterate individuals to be over 800 million,
nearly 10% of the global population, the majority of whom live in the Global South
(Pritchett, 2013). Education systems require multiple components to effectively
teach reading, with regular and high-quality assessment of basic reading skills being
a critical element. Frequent formative assessment has been shown to be an important
component of effectively teaching students to read fluently, as it can inform class-
room-level teaching practice, providing real-time feedback to students and teachers
(Black & Wiliam, 2009; Nag, 2017).

One of the most widely used measures of foundational literacy skills is oral
reading fluency (ORF),which is generally considered a reliable predictor of read-
ing comprehension, particularly in early grades (Fuchs et al., 2001; Spear-Swerling,
2006). However, assessing ORF typically requires a one-to-one interaction between
the assessor and the student for several minutes, meaning there is considerable
time, cost, and complexity associated with administering and grading these tasks
(Magliano & Graesser, 2012). For governments and educational institutions in many
countires, conducting these types of literacy assessments regularly can be particu-
larly challenging due to large rural populations, unreliable infrastructure, and weak
organizational capacity (Dubeck & Gove, 2015). Given the fact that even the larg-
est scale reading assessments are currently administered infrequently and to a small
fraction of students in each country, automating ORF assessment would be a valu-
able development.

Automatic Speech Recognition (ASR) models may be able to automate ORF
assessment, however, ASR models have previously failed to perform satisfactorily
on child voice datasets (Jain, Barcovschi, Yiwere, Bigioi, et al., 2023a, b). This has
primarily been due to several factors that differentiate children’s speech from adult
speech, such as a higher pitch, developing vocabulary, and irregular pronunciation
(Gerosa et al., 2009). In the context of LMICs, there are added complications, most
notably limited data representing regional accents, and restricted access to record-
ing equipment (Feng et al., 2024; Nouza et al., 2023). However, the rapidly evolv-
ing capabilities of the newest generation of large language, speech, and multi-modal
models (e.g., GPT-4, BardGemini, Claude, Whisper V2, and wav2vec 2.0) may have
changed this. The growth in the size of training datasets and the number of model
parameters appears to have dramatically improved their overall performance bench-
mark and ability to generalize to new datasets, and in some cases has led to the
emergence of new and unexpected abilities (Stiennon et al., 2022; Wei et al., 2022).
In the specific case of large-scale speech models there have been considerable
advances in ASR technology, particularly with open-source models such as wav2vec
2.0 and Whisper V2, which have demonstrated human-level performance across a
range of datasets. Based on these results, it seemed plausible that large-scale speech
models could potentially assess ORF, however, there has been limited research on
the potential use of this new generation of language and speech models for liter-
acy assessment, and the research that exists has been conducted almost exclusively
in high-income countries. It is critical to ensure that less well-resourced education
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systems can also harness the potential advantages of these technologies. This study
addresses this gap in the literature in three ways.

First, we introduce a publicly available dataset, the University of Oxford & Ris-
ing Academies Ghanaian Student Oral Reading Fluency Dataset (hereafter referred
to as the Ghana ORF Dataset). This dataset consists of the results from ORF tasks,
administered to 130 students between the ages of 9 and 18 in Ghana. The Ghana
OREF dataset contains the original passages, the audio recording of students reading
these passages, and high-quality human transcriptions. Secondly, this paper provides
the first empirical research on the ability of the most recent generation of open-
source ASR models to transcribe the speech and oral reading of Ghanaian students.
Third, this study compares automatically generated WCPM scores to those produced
by expert humans. By triangulating the findings from these three experiments—test-
ing model performance on a representative Ghanaian dataset, benchmarking against
a U.S. dataset to examine accent and environment effects and validating automated
scoring against human raters—we aim to better understand the feasibility and limita-
tions of using large-scale speech models for automatic ORF assessment. The top-
line finding—that the best-performing model produces ORF scores highly similar to
those of human raters—has important implications for educational assessment, and
particularly for the formative assessment of reading ability in the Global South.

Prior Work
ASR Model Architectures and Benchmarks

Automatic Speech Recognition systems have been an active area of research for a
long time, but in the past 5 years innovative approaches to model architecture have
led to dramatic performance increases. While ASR has been commonplace in vari-
ous use cases from telephone call-routing, to captioning live television, to transcrib-
ing communications, these were typically tightly controlled contexts, and ASR
models often struggled when asked to deal with new datasets (Adams, 2011). This
was primarily because the most common approach for training ASR models was
using a supervised training paradigm, where models were trained using collections
of high-quality corpora of paired audio records and human generated transcripts
(Jain, Barcovschi, Yiwere, Corcoran, et al., 2023a; Nouza et al., 2023). However,
this approach limited the size and diversity of the datasets that were available to
train models and resulted in a situation where ASR models matched or exceeded
human-level performance on canonical ASR evaluation datasets but have struggled
with overfitting and domain shift when tested on other datasets or in “real-world”
settings (Geirhos et al., 2020; Panayotov et al., 2015; Radford et al., 2022).

In response to these challenges, other researchers proposed unsupervised pre-
training methods, most notably wav2vec 2.0 (Baevski et al., 2020). Unsupervised
learning approaches have the advantage of being trained on audio without requir-
ing human labels, thus unlocking large datasets of unmarked speech for use and
has made it feasible to train models on up to 1,000,000 h of audio (Zhang et al.,
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2022). However, this approach comes with a notable drawback; because the model
is trained only on input speech, a fine-tuning phase is needed for them to perform
tasks such as speech transcription, often be a complex process that requires a skilled
practitioner to implement (Radford et al., 2022).

Recognizing the strengths and limitations of both approaches, more recent
research has started to explore an approach dubbed “lightly supervised” which uses
both unsupervised and supervised data, relax the need for all data to be human-val-
idated transcripts and allowing the use of audio transcriptions found on the internet,
such as subtitles for movies or shows and audio books (Radford et al., 2022). The
largest and most successful implementation of this approach to date is Whisper V2,
which was trained on over 680,000 h of audio from diverse recording setups, envi-
ronments, speakers, and languages. When tested across a variety of ASR datasets,
Whisper V2 purported to outperform wav2vec 2.0, achieving an average Word Error
Rate (WER) of 12.8 compared to 29.3 (Radford et al., 2022).

Bias and Differential Performance in ASR

The issue of algorithmic bias has been a concern for many years, with research dat-
ing back to the 1960s highlighting the potential for bias in educational testing (Baker
& Hawn, 2022). In recent literature, researchers have used various terms to describe
bias, including unfair, discriminatory, and demographic disparity (Mehrabi et al.,
2021; Mitchell et al., 2021). Some sources of bias are related to insufficient accurate
datasets that are used to train models.

Algorithmic bias has been observed in various educational contexts, including
dropout prediction, course failure prediction, automated essay scoring, language
proficiency assessment, and student emotion detection” (Jiang & Pardos, 2021;
Kizilcec & Lee, 2021; Loukina et al., 2014). A previous example of this could be the
inclusion of student demographics as predictors of grades, which can maintain bias
by predicting lower grades for certain groups (Jiang & Pardos, 2021).

In the specific case of ASR, differences in accents can also impact the accuracy
of transcription, as training datasets may not account for regional differences in pro-
nunciation. For instance, in 2020, researchers found that large-scale commercially
available ASR models had a significantly higher WER for black Americans than
for white Americans—a fact they attributed to the datasets used to train the models
(Koenecke et al., 2020). While there is some evidence that the most recent genera-
tion of ASR models have been trained on larger and more diverse datasets, thereby
performing better on various cases, they still may not fully account for regional dif-
ferences in accent and pronunciation. However, given the large number of poten-
tially impacted groups and the sizeable, and sometimes non-public, datasets used to
train the models, it can be challenging to determine whether an algorithm functions
equally well for different groups or if it perpetuates bias (Tempelaar et al., 2020).
For these reasons is it critical to have diverse data sources and model evaluation
datasets, particularly for linguistically or culturally underrepresented groups, to
address algorithmic bias effectively (Suresh & Guttag, 2021).
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ASR in Educational Settings

While some limited applications of ASR in educational contexts were used in the
past, they were mainly restricted to adult language learning products. This was
likely because there are several differences between adults’ and children’s speech
— both acoustically and linguistically — that create extra challenges to build accurate
ASR for children. The acoustic frequency of children’s speech is higher than adults
because of their shorter vocal tracts, and children are also more likely to use imagi-
native words, ungrammatical phrases, incorrect pronunciations, all of which present
challenges for language modelling (Gray et al., 2014). Due to the limited scale of
high-quality child speech datasets available, it has historically been challenging to
adapt ASR models to these characteristics. Additionally, most datasets are collected
in classrooms, and background noise is ubiquitous and difficult to eliminate from
recordings without moving students to a separate room, which would be unfeasi-
ble. For these reasons until the last few years, ASR was often considered too com-
plex, time-consuming and expensive to implement in a classroom with young stu-
dents (Cincarek et al., 2009; Gerosa et al., 2009; Gray et al., 2014). However, with
recent progress in ASR for adult speech (with top performing models now rivaling
human level performance on many tasks, including transcription), there has been
an increase in its application to non-adult educational settings (Baevski et al., 2020;
Radford et al., 2022).

A variety of approaches have attempted to enhance the performance of automatic
child speech recognition systems, and some context-specific finetuned speech mod-
els have shown improved performance (Bolafios et al., 2013a, b; Fan et al., 2022).
However, their implementation in real-world educational environments is hindered
by two main challenges. Firstly, fine-tuning can be a complicated process that
demands advanced technical skills, and the acquisition and labeling of the fine-tun-
ing dataset remains an expensive and labor-intensive undertaking (Jain, Barcovschi,
Yiwere, Corcoran, et al., 2023a; Radford et al., 2022). Secondly, models that dem-
onstrate human level performance when trained on a specific dataset can struggle to
perform well when tested on a new dataset (Geirhos et al., 2020).

Research in fine-tuning self-supervised speech model learning have shown
improvements in child speech recognition. In one set of experiments, Jain et al.,
(2023a, b) explored using wav2vec 2.0 with different pretraining and fine-tun-
ing approaches. Their models outperformed the unmodified wav2vec 2.0 on child
speech, when tested on well-established student speech corpora, such as MyST Cor-
pus, PFSTAR dataset, and CMU Kids dataset. They reported that, with as little as
10 h of child speech data for fine-tuning, they were able to achieve a WER below 15,
on par with adult speech. In a subsequent study, they compared WhisperV2, a large
ASR model released by OpenAl, with fine-tuned self-supervised models like wav-
2vec 2.0. Whisper, trained with significantly more data and multilingual resources,
was expected to improve child speech recognition through fine-tuning. The results
showed significant improvements in ASR performance compared to the non-fine-
tuned Whisper model, reaching parity with human raters. We consider these results
(summarized in Fig. 1 below) to be the best results to-date in child speech transcrip-
tion. However, it remains unclear how ASR models like Whisper would perform in
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Human Transcript of Student Reading

Story Text Being Read (Errors marked in yellow)

a farmer went out one day to search for a lost scarf
he went to the valley and searched by the riverbed
among the reeds behind the rocks and in the rushing
water he climbed the slopes of the high mountain with
its rocky cliffs he locked he looked behind a large rock in
a case the calf had head headed there to escape the storm
and that was where the and that was where he stopped
there, on a ladge ledge of rock, was a most usual sight
an eagle chick had hatched from its egg a day or two earlier
and had been blowned from its nest by a tr-tribal
storm he reached out and cr-crawded the chick in both
hands he would take it home and care for it

A farmer went out one day to search for a lost calf.
He went to the valley and searched by the riverbed,
among the reeds, behind the rocks and in the rushing
water. He climbed the slopes of the high mountain with
its rocky cliffs. He looked behind a large rock in
case the calf had huddled there to escape the storm.
And that was where he stopped.

There, on a ledge of rock, was a most unusual sight.
An eagle chick had hatched from its egg a day or two
earlier, and had been blown from its nest by a terrible
storm. He reached out and cradled the chick in both
hands. He would take it home and care for it.

122 words in original text 15 Student reading errors, 67 seconds long

Audio file of student reading

Fig. 1 Example of Passage and Human Scoring

Table 1 Performance of ASR Model on Child-Specific Datasets Measured with WER

MyST Corpus PFSTAR dataset CMU

Kids
dataset

wav2vec 2.0 large 27.17 3.50 21.35

(10 h finetuning)

wav2vec 2.0 large 7.42 2.99 14.18

(65 h finetuning)

Whisper V2 Large 25.00 73.68 12.69

(unmodified)

Whisper V2 Large 15.79 2.88 15.22

(10 h finetuning)

Whisper V2 Large 13.34 4.17 17.11

(65 h finetuning)

Note: Adapted from Jain et. al. 2023a

scenarios which combined children’s speech, regional accents, and environmental
noise (e.g., background conversations Table 1).

Assessing Reading Fluency
Reading fluency refers to the ability to read a text accurately, with proper expres-

sion, and at a sufficient rate so that working memory is not overloaded (National
Reading Panel, 1998). Non-fluent readers may read words correctly but slowly and

@ Springer



288 International Journal of Artificial Intelligence in Education (2025) 35:282-303

laboriously, with a stilted and monotonous tone, and struggle with word group-
ing (Fuchs et al., 2001; Rasinski et al., 2009). As readers become more fluent, the
require less working memory to recognize words, allowing them to allocate more
attention to maintaining the text in working memory, accessing background knowl-
edge, and making inferences (LaBerge & Samuels, 1974).

Empirical research has demonstrated that without sufficient automaticity, it is
impossible to retain a sentence in working memory. For example, if a reader cannot
complete a sentence within approximately twelve seconds, they will have forgotten
the beginning of the sentence by the end. Much of the research on reading fluency
focuses on ORF due to its practicality (Hasbrouck & Tindal, 2006) as there are chal-
lenges in measuring silent reading fluency, particularly in classroom settings.

While ORF can be assessed in various ways, one of the most widely used meas-
ures is Words Correct Per Minute (WCPM) (Roehrig et al., 2008). This typically
involves asking a student to read a passage aloud for a set period, while the rater
marks reading errors. When the student finishes, the errors are tallied, subtracted
from the total number of words in the original text, and then divided by the time the
student spent reading. The resulting score, WCPM, is a combined measure of accu-
racy and rate, with higher scores considered to be indicative of stronger ORF. These
assessments are typically conducted one-on-one with a student and a trained rater,
making it time-consuming and costly to administer. Therefore, there are potential
benefits of using ASR to partially or fully automate ORF assessments (Duong et al.,
2011).

Existing Oral Reading Fluency Datasets

While there are numerous datasets that have been used to evaluate ASR of adult
speech, there are far fewer that explicitly focus on children’s speech. Some of the
best-known include MyST Corpus, PFSTAR dataset, and CMU Kids dataset. How-
ever, these datasets are typically focused on children’s speech rather than oral read-
ing. This distinction is important because when assessing ORF, it is crucial for the
transcripts to accurately preserve reading errors. In normal ASR, the goal of the task
is typically to produce a readable transcript, and the models themselves are often
trained on combined audio and transcripts. These transcripts, however, often omit
repetitions and mispronunciations. While this is a reasonable decision for most ASR
applications, in the context of ORF, it is precisely these errors that provide critical
information about a student’s reading fluency.

A further complication is that differences in accents can have large impacts on
transcription quality. For example, a typical American pronounces the word “water”
(i.e., H20) with a soft “t” in the middle and “schwa” at the end, whereas in West
Africa, the more common pronunciation would have both harder “t” sounds in
the middle and a more distinct “er” ending. While both pronunciations are correct
depending on the context, a model that has been trained primarily on audio from the
United States will be less likely to correctly transcribe the word when it is spoken
with a West African accent.
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To our knowledge, there are no publicly available datasets of children’s voices
speaking English that (a) focus on students’ oral reading rather than speaking and
(b) are from countries other than the United States, Canada, or the United Kingdom.

Current Study

The goal of this study is threefold: (1) to create and share a novel dataset of stu-
dents in Ghana completing ORF tasks, (2) to evaluate the performance of open-
source ASR models in transcribing audio clips of Ghanaian students reading, and
(3) to determine if these transcripts could be used to automatically produce accurate
estimates of students’ ORF. The novel dataset introduced in this paper is important
because it addresses the scarcity of datasets featuring student oral reading, particu-
larly from Anglophone LMICs. The three experiments aim to better understand the
feasibility of using ASR as part of a pipeline to automatically estimate ORF. Addi-
tionally, because this dataset has demographic information linked to each response,
we can investigate whether the models grade students’ answers differently based on
their background attributes (age, gender, home language ability) compared to human
raters.

Rising Academies and Oxford University Oral Reading Fluency Dataset

This dataset is comprised of a series of literacy assessments conducted with stu-
dents from Rising Academies, a school network in Ghana. These schools are located
the peri-urban periphery of Accra, and the student come from families working pri-
marily in the informal sector, with annual household incomes ranging from $1,000
-$5,000 PPP. Students aged between 13 and 18 were asked to complete various
tasks aimed at assessing the reading abilities. They were first given a quick screen-
ing which determined that 32 of them were nonreaders. The remaining 130 students
were asked to read a series of short passages aloud. All the reading passages were
taken from the 2016 PrePIRLS (now known as PIRLS Literacy), an international
comparative study that assesses the reading skills of fourth-grade students in 60
countries, and which was specifically designed for application in LMICs and nations
with lower literacy rates (Methods & Procedures in PIRLS, 2016, 2018). The ORF
tasks were audio-recorded and later transcribed by human annotators. Table 2 shows
an overview of the dataset, including student characteristics.

g’;’;ﬁ :Oﬁgygaﬁzzzfteris‘i“ of " Total Students 162
Pre-readers vs Readers 321130
Age: Average, min, max 13,9, 18
Speak English at Home: count (percent) 35 (15%)
Female vs Male: count (percent) 88 (68%) /42 (32%)
Total Recordings 239
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To generate high-quality transcriptions one of the authors listened to the record-
ing while also reading along with the source story, to produce a faithful transcript of
the student reading — paying careful attention to included added or repeated words.
During this process the were able to pause and relisten to audio files. We estimate
that this careful transcription took approximately 5 min per story. As a quality con-
trol measure a second author conducted the same process independently on a subset
of the audio files, but we found no systematic differences in transcripts. Figure 1
shows an example transcript.

Experimental Design

The study conducted three interrelated experiments to investigate the feasibility and
efficacy of using large-scale speech models to automatically assess ORF in Ghana.
The experimental design was structured to systematically address the key challenges
associated with automating ORF assessment in low-resource, linguistically diverse
educational contexts.

In the first experiment, we evaluated the performance of two state-of-the-art
speech models, Whisper V2 and wav2vec 2.0, on a novel dataset of Ghanaian stu-
dents’ oral reading recordings. This dataset, the University of Oxford and Rising
Academies Reading Comprehension Dataset (Ghana ORF Dataset), provided a
representative sample of student recordings with regional accents and background
classroom noise. By testing the models’ ability to accurately transcribe these record-
ings without any fine-tuning, we aimed to evaluate the feasibility of using off-the-
shelf speech models for ORF assessment in Ghana. The second experiment sought
to contextualize the models’ performance on the Ghana ORF Dataset by comparing
it to their performance on a dataset of American students’ oral reading recordings,
the CU Kids Read and Summarized Story Corpus (CU Dataset). This comparison
allowed us to better understand the impact of accent and recording environment on
transcription accuracy, factors that could potentially limit the effectiveness of using
speech models for ORF assessment in diverse educational settings. In the third
experiment, we used the transcriptions generated by Whisper V2 in the first experi-
ment to automatically calculate students’ ORF scores using the WCPM metric. We
then compared these fully automated scores to scores generated by expert human
raters. This experiment aimed to validate the feasibility of using speech model tran-
scripts to generate reliable ORF scores, a critical step in automating the assessment
process.

Measuring Model Performance

In the context of this study, it is crucial to distinguish between the two key measures
employed: Word Error Rate (WER) and WCPM. WER is a standard metric used to
evaluate the accuracy of ASR systems. It quantifies the discrepancy between a refer-
ence transcript (usually a human-generated "ground truth") and the transcript gener-
ated by the ASR model. Formally WER is defined as:
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WER =1+ D +S/N

Where I, D, and S represent the number of word insertions, deletions, and sub-
stitutions, identified in the candidate text, and N is the total number of words in the
source text (Ali & Renals, 2018). This number is often then multiplied by 100 for
ease of interpretation. Hence, WER scores have a definitional minimum score of 0
which indicates that the two documents are identical. While WER can technically
exceed 100, the typical range is between 0 and 100, with lower scores being consid-
ered better.

In the first and second experiments of this study, WER was used to evaluate the
performance of Whisper V2 and wav2vec 2.0 on the Ghana ORF Dataset and the
CU Dataset, respectively. These experiments aimed to determine the feasibility of
using off-the-shelf speech models for accurately transcribing oral reading recordings
in diverse educational settings.

While WER is an essential measure of transcription accuracy, it does not fully
capture the nuances of ORF. WCPM is a widely used measure of ORF that com-
bines aspects of reading accuracy and reading rate. It is calculated by subtracting the
number of reading errors from the total number of words in each passage and then
dividing this value by the time taken to read the passage in minutes.

WCPM = (totalwordsinstory — totalerrors) X (60/durationofaudioclipinseconds)

The inclusion of WCPM in this study is crucial because it provides a more com-
prehensive evaluation of the potential for automating ORF assessment. While WER
gives us an indication of the accuracy of the speech models in transcribing student
recordings, WCPM allows us to evaluate whether these transcriptions can be used to
generate reliable measures of ORF, which is essential for practical applications of
ASR in educational settings.

Results

Evaluating Speech Models’ Performance on the Ghana ORF Dataset (Experiment
1)

To better evaluate the performance of two state-of-the-art open-source ASR models,
namely Whisper V2 large and wav2vec 2.0, we conducted a comparative analysis
using a subset of the Ghana ORF Dataset. Our selection consisted of 60 audio files
chosen based on their audio quality and the completeness of the stories narrated by
the students. This curated subset represented a best-case scenario for evaluating the
underlying model performance, as the audio clips generally had better audio quality,
minimal background noise, and more fluent student readers. It is important to note
that we did not fine-tune or modify these models, using them "out-of-the-box" for
this evaluation.

To ensure a fair comparison, we standardized the text of all three transcriptions
by removing punctuation and converting the text to lowercase. We then compared
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Table3 WER by model on

Ghana ORF Dataset Whisper V2 wav2vec 2.0
Average WER 10.3 27.3
Range—Max | Min 2511 6915
Standard Deviation 5.5 14.4

the model-generated transcriptions to the high-quality human transcriptions, which
served as the ground truth. The WER was calculated using JIWER, a simple and fast
Python package designed to evaluate ASR systems. JIWER calculates the WER of
the model transcriptions relative to the ground truth reference text, which, in this
case, was the expert human transcription. The results of this analysis are summa-
rized in Table 3 below.

Whisper V2 achieved a WER of 10.3, which is typically considered strong per-
formance when transcribing real-world speech. This result is even more notable
given the historical challenges of transcribing children’s speech accurately. Further-
more, the WER of 10.3 surpassed the average performance (12.8) of Whisper V2
across a variety of ASR benchmarks, highlighting its robustness and adaptability. In
contrast, wav2vec 2.0 demonstrated significantly higher error rates, with an average
WER of 27.3, suggesting that Whisper V2 or similar models would be preferable for
transcription tasks in this context.

None-the-less, the WER of 10.3 indicates that open-source ASR models have
dramatically improved compared to previous performance benchmarks for assess-
ing children’s speech with regional accents. This improvement suggests that these
models may have reached a level of accuracy sufficient for use in educational appli-
cations. To better understand this potential, we first investigate whether the mod-
el’s performance varies depending on students’ accents. Subsequently, we explore
whether the WER is low enough to generate reliable estimates of students’ ORF. By
addressing these questions, we aim to provide insights into the feasibility and relia-
bility of employing state-of-the-art ASR models in educational settings, particularly
for assessing and supporting students’ reading skills.

Manually inspecting the differences between how the model transcribed the audio
files was also informative. Qualitatively, wav2vec 2.0 appears to preserve reading
errors more faithfully (e.g., "he locked, he looked", "had head headed"), whereas
Whisper V2 more often corrects repetitions and reading errors. Furthermore, wav-
2vec 2.0 appears to transcribe some words phonetically, relative to an American
accent. For instance, the way the Ghanaian student says the word "rushing" is pho-
netically quite similar how an average American might say the word "Russian".
Other examples include "rog", for "rock” and the space between "river" and "bed".

These differences are likely attributable to distinct training approaches. wav2vec
2.0’s purely unsupervised training approach, makes it more sensitive to the acous-
tic properties of the reading. In contrast, Whisper V2’s lightly supervised approach
means that the model is trained on transcript-audio pairs, which often omit repeated
words, and capture what a speaker was trying to say, rather than record every verbal
stumble (Radford et al., 2022). Whisper V2 has likely learned this from its training
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Whi V21 wav2vec 2.0
Isper arge (transcription differences highlighted in yellow)
a farmer went out one day to search for a lost a farmer went out one day to search for a lost
scarf he went to the valley and searched by scarf he went to the valley andserchedby
the riverbed among the reeds behind the rocks the river bedamong the reeds behind the rocks
and in the rushing water he climbed the slopes and in therussian water he climbed the slopes
of the high mountain with its rocky cliffs of the high mountain with its rocky cliffs
he looked behind a large rockin a case he locked he looked behind a largeogin a case
the calf had headed there to escape the calf hadheadheaded there to escape
the storm and that the storm and that

Audio file of student reading

Fig.2 Alternate Transcripts of Same Audio Clip

data, and the transcripts may edit out repetitions or verbal stumbles. Artifacts of
this can be seen by comparing transcripts, with differences highlighted in yellow
(Fig. 2).

Evaluating Speech Models’ Performance on CU Dataset (Experiment 2)

The recordings in the Ghana ORF Dataset differ from many other children-specific
ASR datasets in that the recordings were made in classrooms, most students spoke
English as a second (or third) language, and the local accent is distinct from many
North American accents. Prior research has shown that older ASR models transcrib-
ing adult speech demonstrated weaker performance when transcribing audio of peo-
ple whose accents are regional, non-standard, or simply not well represented in the
training corpora (Koenecke et al., 2020). As the student reading in the Ghana ORF
had regional accents we wanted to investigate whether these models had an easier
time handling North American students’ ORF recordings.To do so, we used the CU
Kids Read and Summarized Story Corpus, which contains speech recordings and
transcripts from American children completing ORF and reading comprehension
assessments. The participants were English-speaking elementary students in grades
3-5, approximately 8—12 years old. For the purposes of this study, we focused on the
audio of students reading stories aloud Fig. 3.

To better understand how transcription accuracy was affected by factors such as
age, ability, and accent, we evaluated Whisper V2 on transcribed recordings from
the CU Dataset. We selected 45 audio recordings, representing a mix of age and
ability levels, which already had high-quality human-generated transcripts. The
WER of the model-generated transcript was calculated relative to the human tran-
script, which we considered the ground truth. These results were then compared to
the Ghana ORF files from Experiment 1. This comparison allowed us to explore
whether Whisper V2 might potentially perform better with American accents than
Ghanaian ones.

As shown above in Table 4, the model exhibited very similar performance
between the two datasets, with a slightly lower WER on the CU Dataset com-
pared to the Ghana ORF Dataset. Unlike previous studies that reported large gaps
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CU Kids Read and Summarized Story Corpus

Text Being Read

Human Transcript of Audio
(Reading errors marked inyellow)

Tim liked to go outside on sunny days.
He liked to feel the cool breeze.
He liked to hear the wind.

He liked to see the white, puffy clouds.
Today clouds were racing across the sky.
Clouds never stay in one place.

Tim wondered where the clouds go.
"White puffy clouds come on sunny days,"
Tim said.

"What else do | know about clouds?"

Tim liked to go outside on sunny days.
He liked to feel the the cool breeze.
He liked to hear thewi wind.

He liked to see the white fluffy clouds.
Today clouds were racing across the sky.
Clouds never stay in one place.

Tim wondered where theclouds go.
"White fluffy cloudscome on sunny days,"
Tim said.

"What else do | know about clouds?"

Tim thought about last Monday.
Monday was a foggy day. Monday was a foggy day.
"What is fog?" Tim asked his Mom. "What is fog?" Tim asked his Mom.
"Fog is a layer of clouds near the ground," Mom said|"Fog is a layer of clouds near the ground," Mom said
"Where does the fog go?"Tim asked. "Where does the fog go?" Tim asked.

Tim thought about last Monday.

99 Total in original text 4 Student reading errors

Audio file of student reading

Fig. 3 Example of ORF Passage and Scoring

Table4 Whisper V2 WER by Ghana ORF Dataset CU Dataset

Dataset
Average WER 10.3 10.2
Range—Max | Min 2511 31.010.0
Standard Deviation 5.5 6.1

in WER—for example, Koenecke et al. (2020) reported a gap in WER of over 20
between Black and White speakers—in this case, we found only a small difference.
This notable improvement in accuracy may be attributed to the larger, more varied,
multilingual datasets on which the newest generation of speech models were trained.
However, given the small size of the dataset and the importance of addressing bias
and equity in speech models, we consider these results provisional and believe that
this area can benefit from continued research.

Automatically Calculating WCPM From a Transcript (Experiment 3)

Experiments 1 and 2 demonstrate the potential for using ASR in assessing ORF.
However, strong WER performance does not always translate directly to improved
performance on downstream tasks. To better understand whether open-source ASR
models can effectively support ORF assessment, we conducted a final experiment
with two primary objectives. First, we tested the transcription performance of
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Table 5 Human vs Model Generated Estimates of Student Reading Errors

Expert Human Fully Automated
WER—Average | Max | Min | StDev 0.1410.010.6110.11 0.1210.010.7710.11
WER—Average Difference Per Item 0.05
Correlation Coefficient 0.79

Whisper V2 on a slightly larger subset of the Ghana ORF Dataset. This was the
original set of 60 audio file used in experiments 1 and 2 and an additional 95 record-
ing, for a total of 165 ORF assessment. This additional 95 included recordings with
more background noise and weaker readers, we allowed us to evaluate the model’s
robustness in more challenging, “real-world” scenarios.

To fully automate the scoring of WCPM we first used WhisperV2 to transcribe
student audio files, and then JIWER Python package to calculate the WER between
the original story text and the transcript the original story text. We compare WER
calculation for both the model transcript and the human transcript, relative to the
original text. In this case, the Word Error Rate of the expert human transcripts
shouldn’t be seen as transcription errors, but instead as accurately capturing stu-
dent reading mistakes. Hence, for this question we are looking to see how similar
the respective WER are between the human transcripts and the model transcripts.
Table 5 presents the aggregate results, including the average, minimum value, maxi-
mum value, and standard deviation of the WER for Whisper V2 compared to human
values.

The overall error rates are very similar, indicating they produce similar transcrip-
tions, and the difference on a per-file basis is small. Additionally, the WER results
between human and model transcriptions are strongly correlated. We take these
results as an indication that Whisper V2 is producing broadly similar but not iden-
tical transcriptions to that of a human rater. However, it is possible that even this
small discrepancy could impact the estimate of ORF. Hence, the next step was to
compare the human and model-generated WCPM scores. To calculate and automati-
cally generated WCPM scores we divided the number of correct words in the model-
generated transcript by the length of the audio files (the time spent reading in min-
utes) to derive a WCPM score.

WCPM = (totalwordsinstory * (1 — WER)) X (60/durationofaudioclipinseconds)

To calculate human generated WCPM scores, we used took the high quality
human transcriptions of these audio files and counted the student’s reading errors
according to the standard WER protocol (insertions, deletions, and substitutions).
Then the number of errors was subtracted from the total story length and was
then divided by the duration of the audio clip in seconds and multiplied by 60.

Human WCPM = (total words in story — (errors)) X (60/duration of audio clip in seconds)

As a quality control measure a second author, conducted the same process
independently on a subset of the transcriptions, but we found no systematic
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Table 6 Human vs Model Generated Estimates of WCPM

Expert Human Fully Automated
WER—Average | Max | Min | StDev 91.710.01101114.8 93.519.41170131.6
WCPM—Average Difference 4.82
Correlation Coefficient 0.98

differences in the estimates. Because the other values in WCPM (length of story
and time spent reading) are objective, any discrepancies between expert human
raters (our gold standard measure) and the model estimates will be attributable to
either the transcription itself or the error calculation rate. This allowed us to com-
pare the automatically generated scores to those made by expert human raters.

Table 6 reports the agreement between the automated and human-generated
scores, we can better understand the feasibility of employing open-source ASR
models in ORF assessment. The results of the experiment demonstrate that the
performance of the fully automated approach using Whisper V2 and the expert
human raters was very similar in assessing ORF. On average, the human raters
were slightly stricter, identifying more errors, resulting in a higher WER and,
consequently, a lower WCPM rate. However, the magnitude of the discrep-
ancy—5 WCPM - is considered small in the context of ORF tests. Further, auto-
mated scores and the expert human scores were highly correlated (0.98) high,
suggesting that the same students were receiving similar scores relative to one
another, which is arguably the most the most important measure in terms of prac-
tical implications.

Interestingly, the WCPM estimates were more highly correlated than were the
raw transcripts themselves. One likely explanation for this is because the WCPM
measure considers not only reading accuracy but also reading rate, transcription
errors introduced by the ASR will be a relatively smaller portion of the overall
score.

Taken as a whole, we consider the results are very encouraging and suggest that
it may be feasible to use open-source ASR models to assess ORF. While the auto-
mated measure of ORF does not match the expert generated score exactly, WCPM
is a directional and approximate measure of reading ability, and one that typically
fluctuates even when conducted with the same student, meaning that small measure-
ment fluctuations are unlikely to hurt the practical use of the results. Additionally,
OREF is almost always used as a formative or diagnostic measure of reading ability
rather than a summative one, so there is less chance that small measurement errors
will negatively impact students. In sum, while there are numerous open questions,
these find these results are encouraging, particularly because of the dataset on which
it was tested. However, given the strong theoretical and empirical basis for consider-
ing both rate and accuracy in ORF assessment, further research should investigate
the specific nature of discrepancies between human and model transcripts. Overall,
these results are especially encouraging considering the diverse student population
represented in the dataset.
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Analyzing Potential Bias

Bias and fairness in Al models, particularly in educational contexts, have been
extensively studied in the literature (see Baker & Hawn 2022 for a comprehensive
review). However, the definitions of fairness and bias in Al research remain complex
and often contested. In this study, we operationalize bias as a situation where the
model exhibits a higher error rate when transcribing speech of students from specific
socio-economic or demographic groups compared to human raters. For instance, if
the model consistently produced transcripts with higher WER for female students
than for male students, relative to human rater scores, this might indicate a form of
bias.

The underlying reasons for such bias in ASR models are multifaceted and subject
to debate. A prevalent explanation suggests that due to the composition of training
corpora, these models may perform better on audio from certain groups, such as
native English speakers, compared to non-native speakers. It is crucial to emphasize
that our evaluation focuses not on the total error estimate, which may inherently dif-
fer between native and non-native speakers, but rather on the discrepancy in reading
error estimates between the model and human raters. While it is possible that such
discrepancies could reflect implicit biases held by human raters, we consider this
less likely given the relatively objective nature of the task (identifying oral reading
errors from audio recordings) and our rigorous coding procedures, which involved
listening to each clip multiple time. Nevertheless, a thorough examination of poten-
tial rater bias is a substantial question in its own right and falls outside the scope of
this study.

In our analysis, we examine the differences between model estimates and human
estimates of both WER and Words Per Minute (CWPM) across two salient demo-
graphic groups: gender and native language status. In both scenarios, the difference
between group averages of model estimates and human estimates is substantially less
than one standard deviation. This indicates that we cannot reject the null hypoth-
esis, which posits no systematic difference in the model’s performance across these
groups. Consequently, we found no statistically significant evidence that the model
performs worse (i.e., produces less accurate transcriptions) based on a student’s gen-
der or home language. While this is encouraging, given the relatively small size of
the as well the ethical implications of this question, we treat our results with caution,
and believe that these types of checks should be conducted regularly Table 7.

Table 7 Average Difference
ER PM
Between Model Score and w we
‘é“ma“ Score by Demographic  nra16 | Female | StDev 00510031005 59142140
roup

English |Other | Diff | StDev 0.0510.0610.05 5.614.714.0
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Discussion

This paper presents a new dataset of the ORF of students in Ghana and explores the
feasibility of using open-source speech recognition models to automatically assess
OREF, through a set of three experiments utilizing large-scale speech models. We
found that Whisper V2, without additional fine-tuning, achieved impressive accu-
racy in transcribing Ghanaian students’ readings, with a low WER of 10.3. Notably,
the automated ORF scores derived from these transcriptions showed a strong corre-
lation (0.98) with expert human raters’ scores, demonstrating the model’s effective-
ness on real-world classroom data with regional accents.

Implications

OREF is a crucial component of reading assessment, particularly for beginning and
intermediate readers. However, traditional ORF assessments can be time-consuming
and resource-intensive, especially in educational settings with large student popu-
lations, limited staff, and competing priorities. Automating ORF assessment using
technology, such as ASR, could enable more frequent and widespread monitoring of
student progress, allowing educators to identify and address reading difficulties more
quickly and effectively. This study’s findings have several important implications.

First, top-performing open-source models can now transcribe children’s oral
reading with a relatively high level of accuracy, which had been a major challenge
until recently. The Whisper V2 model achieved a WER of 10.3 on the Ghana ORF
Dataset without any fine-tuning, a level of accuracy comparable to state-of-the-art
adult speech recognition from just a few years ago. Second, the models handle Gha-
naian accents equally well as American accents, without any additional fine-tuning.
This is a notable finding, as previous research had shown ASR models to be more
accurate with overrepresented accents. The study found very similar performance
between the Ghana ORF Dataset and the American CU Dataset, with average WERs
of 10.3 and 10.2 respectively. This contrasts with earlier studies that reported signifi-
cant disparities in ASR accuracy based on accent. While we consider these finding
provisional, they do suggest that newer ASR models may be more able to handle
diverse accents and points to their potential use in multilingual and multicultural
educational contexts. Third, when used to calculate WCPM, a widely used meas-
ure of ORF that combines both reading accuracy and reading rate, the models pro-
duced results extremely similar those of expert human raters. The study found a high
correlation (0.98) between automated WCPM scores and those generated by expert
human raters.

Given its high performance, accessibility, and lack of need for complex training,
this approach using large-scale speech models for ORF assessment shows promise
for implementation and scaling in diverse, lower-resource educational contexts. The
combination of accurate transcription, ability to handle diverse accents, and produc-
tion of reliable ORF scores suggests that this technology could significantly enhance
literacy assessment practices, particularly in settings where regular, individualized
assessment has been challenging due to resource constraints.

@ Springer



International Journal of Artificial Intelligence in Education (2025) 35:282-303 299

Limitations

While this study provides valuable insights into the potential of ASR models for
the automated assessment of OREF, it is not without its limitations. Firstly, the
study was conducted using only two specific ASR models, Whisper V2 and wav-
2vec 2.0. While these models are considered state-of-the-art, the findings may not
be generalizable to other ASR models. Secondly, the study used a relatively small
sample size from two specific datasets, one from Ghana and one from the United
States. Finally, these experiments only examine the potential for automating ORF
assessment in English.

Further Research

One key direction is to develop and curate large, diverse datasets that represent
the wide range of accents, languages, and educational contexts found in the
Global South. By training and testing speech models on these datasets, we can
enhance their robustness and generalizability, ensuring that they can accurately
assess ORF across various populations. One critical issue is the need to address
potential model biases, particularly those related to underrepresented accents and
languages. Future research should focus on developing bias detection and miti-
gation strategies, such as data augmentation techniques or adversarial training
approaches, to ensure that automated assessments are fair and equitable across
diverse student populations. We hope that by making this dataset available for
research purposes, other researchers can contribute to this important topic. Addi-
tionally, it is crucial to understand the practical implications and challenges of
implementing these technologies in resource-limited contexts. This includes
examining the technical infrastructure and support required to deploy and main-
tain automated ORF assessment systems, as well as the cost-effectiveness and
sustainability of these solutions.

Conclusion

The primary objective of this study was to explore the feasibility and efficacy of
employing ASR models for the automated assessment of ORF. The study was par-
ticularly focused on addressing two central challenges associated with the automa-
tion of ORF assessment in LMICs: the quality of transcription and the conversion
of transcription into WCPM. The experimental design of the study utilized two
state-of-the-art ASR models, namely Whisper V2 and wav2vec 2.0, to transcribe
audio files of students’ oral reading from two distinct datasets: a novel dataset from
Ghana and the CU Datasets and Summarized Story Corpus from the United States.
The transcriptions generated by these models were subsequently used to calculate a
WCPM score for each student, which was then compared to the score derived from
human generated transcripts.
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The key findings of the research are multifaceted and provide valuable insights
into the potential of ASR models in the context of ORF assessment. The results sug-
gest that ASR models have the potential to accurately transcribe student oral reading
and calculate WCPM scores, thereby enhancing the efficiency of ORF assessment
and reducing the reliance on human raters. This could be particularly beneficial in
LMICs, where the systematic and regular assessment of literacy skills can be chal-
lenging due to factors such as large rural populations, unreliable infrastructure, and
limited organizational capacity.

In the broader context of formative assessment, the findings of this research sug-
gest that ASR models could be employed to assist in the assessment of student work
across a variety of contexts. The demonstrated ability of these models to accurately
transcribe student speech and calculate performance metrics could be applied to
other areas of assessment, such as oral presentations or language proficiency tests.
However, the research also underscores the need for further investigation to address
the challenges associated with model bias against underrepresented accents and the
technical complexity of fine-tuning these models. The findings of this study, there-
fore, not only contribute to the existing body of knowledge on the application of
ASR models in educational settings but also highlight potential avenues for future
research in this area.
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