LINGUSITC ANALYSIS AND CASE STUDIES OF ERRORS:
COMPARISON OF SPEECH RECOGNITION SYSTEMS
FOR ACADEMIC USE FOR DEAF AND HARD OF HEARING STUDENTS
Carla Weigel, Daniel Pape & Magda Stroińska,
McMaster University

Abstract: In hopes to encourage more D/deaf and hard of hearing (DHH) students to
pursue academia, speech-to-text technology has been suggested to address notetaking
issues. This research examined several transcripts created by two untrained speech-to-text
programs, Ava and Otter, using 11 different speakers in academic contexts. Observations
regarding functionality and error analysis are detailed in this paper. This project has
several objectives, including: 1) to outline how the DHH students’ experience differs
from other note-taking needs; 2) to use linguistic analysis to understand how transcript
accuracy converts to real-world use and to investigate why errors occur; and 3) to
describe what needs to be addressed before assigning DHH students with a captioning
service.
Results from a focus group showed that current notetaking services are problematic,
and that automatic captioning may solve some issues, but some errors are detrimental as
it is particularly difficult for DHH students to identify and fix errors within transcripts.
Keywords: Deaf, Hard-of-hearing, notetaking, speech recognition, speech-to-text, error
analysis, academic discourse.
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THIS PROJECT AIMS TO examine speech-to-text technology for use in academia with the intent to
augment the learning experience for Deaf, deaf, and hard of hearing (DHH) students. We
distinguish between “Deaf”, “deaf” and “hard of hearing” individuals. Deaf individuals (i.e.,
spelled with capitalized “D”) identify as Deaf, are part of the Deaf community, and communicate
using Sign Language (here we refer to American Sign Language (ASL)), regardless of their
hearing ability. As we capitalize the first letter when describing cultural groups (e.g., German,
Japanese, English, etc.), we also capitalize the “D” to indicate that the individual identifies as
being part of this specific cultural group. Alternatively, deaf indicates a person with little to no
hearing ability, medically described as severe to profound hearing loss. Hard-of-hearing (HOH)
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refers to a person with mild to moderate hearing loss. Woodcock et al. (2007) stated that
approximately 4-5% of the population of Canada has communication needs due to hearing loss.
Many of these people benefit from accommodations such as hearing aids; however,
approximately 1% of the Canadian population (close to 400,000) are “deaf” and, even with
hearing aids, cannot converse through channels using speech alone (e.g., telephone).
A review by Woodcock et al. (2007) outlines how difficult academia is for DHH to pursue.
This includes lack of Deaf role-models in higher education and common misconceptions about
the limitations of lip-reading and the effectiveness of hearing technology. For instance, hearing
individuals may think hearing technologies work like glasses, which correct vision impairment to
normal standards, however, the experience of using hearing technology is more complicated:
Hearing aids amplify specific frequencies to normal hearing levels, but also amplifies
background noises, plus some frequencies cannot be recovered. The reviewers comment that
hearing individuals easily forget to, or resent having to adjust for a DHH student. DHH students
have less access to lecturers than hearing students, since ASL (visual) translation is often
necessary and requires preparation; some translators may be hesitant to book, since coursespecific vocabulary may be unknown to the translator. Furthermore, staff and faculty do not fully
understand what being deaf or hard of hearing is like. For instance, English is often a second
language of a DHH person, with ASL being the first language. In addition to the social
difficulties of being DHH in academia, resources available through accessibility services are
limited and thus students’ needs cannot be fully met.
According to the McMaster University Student Accommodation Services (SAS) Ministry
report (2019), there were 53 students that were Deaf, deafened, or hard of hearing during the
2018-2019 academic year. This made up 7.5% of students with physical disabilities. The same
report, which outlines the new implementation of Ava (which gave impetus to the current study)
and Echo 360, suggests that more support is needed for notetaking, video captioning and lecture
transcripts. The report also describes a trend for closed-captioned video requests that has been
increasing since 2011. The report outlines various other physical and non-physical disabilities
reported by students who require accommodation services, including notetaking.
According to Van Meter et al (1994), note-taking is the most requested service. Several
previous studies suggest that note-takers, including computer-generated notes, benefit not only
DHH students, but also students with or without disabilities (Ranchal et al., 2013, Hwang et al.,
2012; Wald, 2010; Wald & Bain, 2007; Ryba et al. 2006; Bain et al., 2002, Paez et al., 2002).
Although it is possible to acquire paid note-takers, many classes request a volunteer to take notes
for students who need them, sometimes for extra credit. However, these note-takers are usually
not trained and are taking notes for their own studying needs. These notes are simply distributed
to students who requested them. The result is that sometimes the notes are subjective or
incomplete: the content is selective, based on the writer’s opinion of importance and previous
knowledge. Notes may be organized in way that is confusing to the reader. In their 1994 study,
Van Meter et al. interviewed undergraduate students regarding their note-taking process: every
student reported to take notes during lectures and outlined the reasons for taking notes, e.g., as
review for tests, to help to stay awake, or to pay attention in class. They found that half the
students paraphrase lecture notes and half attempt to write word-for-word. They also found that
students are selective about what they put into their notes and have different ways of indicating
content they do not understand or when the professor emphasised a particular point, using their
own shorthand method. Since lecture notes are extremely varied between students, any student
may find difficulty gaining information from a classmate’s notes.
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To address notetaking issues, it was proposed that notes could be taken using online,
automatic speech-to-text programs. However, for these services to be adequate, they must be
accurate. Every study researched suggested that software needed improvement and relied heavily
on lecturers taking the time to train systems. Furthermore, speech-to-text software products are
often tested in ideal conditions, with noise-controlled rooms and scripted texts. Typical human
speech behaviours such as dysfluencies, repetitions, self-correcting, varied speech rate, etc., are
therefore reduced, all of which can cause higher accuracy (Bain et al. 2002).
Speech-to-text programs often advertise high accuracy levels: Google claimed a 95% word
accuracy rate in 2017 (Abner, 2017), but other sources claim the true accuracy is between
approx. 9% - 95%, depending on the platform. Google Enhanced showed an average accuracy of
approx. 85%, with results between approx. 52% - 95% in June, 2020 (Jarmulak, 2020). These
accuracy levels are created using Word Error Rates (WER) (i.e., number of errors compared to
all words in a recording), which are binary correct/incorrect measures that do not consider
content, error types or overall readability. Errattahi et al. (2018) outline three types of errors in
speech to text transcripts: substitution, deletion, and insertion. Substitution errors are errors that
substitute one word for a different word or words (e.g., “for” to “four”, “bows” to “balls”).
Omission errors are when a word or group of words that were spoken are not transcribed.
Insertion errors (which we refer to as “additions” in this paper) are words in the transcript that
were not said by the speaker. The final calculation groups all error types together, thus
eliminating a categorized inventory of errors. In this way, accuracy ratings may sound
impressive, but do not convey a user’s experience with the program in the real world.
There may be a difference in the severity of errors that causes a transcript to be legible or
illegible, which this project aims to investigate. The aim is to qualify transcripts created by
speech recognition (SR) systems with the viewpoint of the DHH user to answer the following
questions: 1) Is the technology reliable enough from the viewpoint of a student trying to gather
information? 2) What does an advertised accuracy mean in the real world?
We also analyze errors using linguistic parameters, which, to our knowledge, has not been
analyzed before, and in particular: 1) How do speaker-specific variables (e.g., accents) affect
accuracy? 2) Can we use linguistics to examine the discrepancies between the produced speech
signal and the occurrences of errors in the obtained transcription? By addressing these questions,
we hope to initiate discussions about how speech is recognized by computers and how it differs
from human speech perception in hopes that the technology may be improved.
1. METHODS. The research described in this thesis was originally planned before the COVID 19
pandemic closed universities. The research ethics clearance that we applied for assumed that the
researcher would attend selected lectures in person and would record the lecturers live, using a
Wi-Fi lapel microphone. The closure of universities in March 2020 required significant changes
to this plan. With all lectures having moved to online delivery, we proceeded with using
recorded class presentations that instructors agreed to share. This change in research approach
eliminated the ability to study differences in classroom acoustics and introduced variance in
recording quality and thus, original speech signal channels.
1.1 PARTICIPANTS. Thirteen McMaster University lecturers originally agreed to participate in the
study, however two declined partway through the research. The remaining 11 lecturers (6 male, 5
female) participated in the study. Participants were either native English speakers (North
American or British) or non-native English speakers and taught different areas of study.
Participant accents include: French, Japanese, Polish, Korean, Chinese, and German, as well as

WEIGEL, PAPE & STROIŃSKA

4

Canadian English, British English, and American English. “Accent” here is used broadly, as the
scope of study was for an overall understanding of how accents affect speech recognition, rather
than the impact of detailed regional differences. Participant ages were disclosed in intervals,
ranging under 40 to 65+. The disciplines of study included different subfields of linguistics,
anthropology, literature, mathematics, Korean culture, Japanese cinema, and Chinese language.
A focus group was organized by the Student Accessibility Services (SAS) office at
McMaster University. Students who identified as DHH were invited to attend. Four participants
accepted the invitation (2 male, 2 female). All were born to hearing parents and reported English
as their first language. Two were senior citizens, all were undergraduate students. Three
participants were HOH and used hearing aids: two did not use a hearing aid during the group;
one was deaf on the left side and sat so that the right ear was facing the leader. The remaining
participant was deaf and used a cochlear implant. All participants were proficient in reading and
had limited, if any, ASL ability. All participants had various proficiency in lip reading.
Four volunteers from the phonetics lab from the McMaster ARiEAL Research Centre
completed a comprehension rating scale for each speaker from 60-second excerpts of both the
rainbow passages and lectures. Participant recordings were coded using a numbered system and
the volunteers rated the intelligibility of the speech excerpt using a rating scale from 1
(completely understandable) to 10 (not understandable). These subjective ratings were used to
calculate a comprehensibility score for each participant for both read and spontaneous samples.
1.2 MATERIALS AND PROCEDURES. Lecturers were asked to provide a recording of both a
prepared passage containing all phonemes from the English language1 as a read condition, and a
lecture as a spontaneous condition, either via email or through shared drive. As mentioned
above, due to restrictions caused by the COVID-19 pandemic, recordings could not be created by
the researcher, so participant data were collected using microphones owned by the participants
and using platforms familiar to each participant. The prepared passage was 330 words long;
however, some participants omitted words, or added words or phrases. Our samples were
between 329-346 words (µ=333.82, sd=5.88). Most participants gave the researcher access to
online content through the Avenue to Learn platform used by McMaster University. Some gave
to the researcher a single recorded lecture, which was uploaded and shared using a password.
The formats of the recorded lectures ranged from recorded audio mp3 or video mp4, recorded
from the participant’s computer or external microphone using Zoom, or MacVideo, the
university’s video platform, like YouTube. Full lectures provided by the participants were cut
into three- to five-minute sections. Sections were selected by the researcher based on overall
language complexity with as much English as possible, as some lectures contained many foreign
words. The lectures varied in number of words, as speech rate varied between participants and
content was sometimes filled with silence while the lecturer provided demonstrations or was
forming the next thought. Samples were run through a Focusrite Scarlett Solo audio interface and
an Irig pro audio adapter to an iPad equipped with free versions of Ava and Otter.
Otter was chosen because it is emerging as a reliable captioning tool used by universities,
including Columbia University and UCLA. It is also used by many organizations and companies,
including Google Meet and Zoom, having become very successful due to the online environment
caused by the COVID-19 pandemic. Ava was chosen because it was developed by Deaf people,
1

“The Rainbow Passage” from Fairbanks G. (1960). Voice and articulation drillbook, 2nd edition. New York.
Harper and Row, pp. 124-139.
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for Deaf people. Ava is also used in universities, including Cornell University and Université
Paris II. At the time this study began, Ava’s free version claimed 80% accuracy, which was the
expectation for the duration of the study. The researchers did not notice any major differences in
the accuracy in transcriptions provided by Ava between when the study started and ended.
The research team used the free versions of the programs as we wanted to study the most
accessible versions available. Otter’s paid service allows for more transcription time, claiming
that the free and paid versions have the same accuracy. Ava claims that the paid version is
approximately 5% more accurate and provides punctuation. The current study was not intended
to study punctuation and, with the idea of functionality and fairness at the forefront, it was
decided to compare free versions of both systems.
Since we were interested in the ease of using these programs, Otter and Ava were not trained
on any participant. This decision to use untrained programs was to showcase the effectiveness of
the programs “out of the box”, with as little time required from professors as possible. The same
device and programs were used for all passages and lectures. This mimics how a student might
use the same device between classes in a real-world situation.
Transcriptions produced by both programs were then exported from the iPad via an email
option imbedded in the program, to be viewed on a computer. The entirety of the Rainbow
passage and the lecture excerpt were separated into utterances.
Errors were then counted and categorized as caused by either Substitution (S), Omission (O)
or Addition (A). Word Error Rate (WER) was calculated by adding together all errors (S+O+A),
divided by the total number of words spoken. This provided an accuracy level and a
comprehensive index of errors. Foreign words were omitted from WER calculations. Omissions
considered each word as a single error (e.g., if the program omitted “and he said”, it would count
as three omission errors). Accuracy levels were calculated and discussed in two ways: 1) using
overall mean from all speakers and 2) a mean calculated from all five native English speakers
and a mean calculated from the six non-native English speaker groups. Segments of speech
where both Ava and Otter systems showed similar errors were investigated in detail using Praat
to view the speech signal and spectrogram.
2. RESULTS. Accuracy scores from the
Figure 1.
transcripts generated by Ava and Otter Overall accuracy for native and non-native speakers
are shown in Figure 1. Generally, read
in read and spontaneous speech
speech was more accurate than
spontaneous speech for both programs,
except for transcripts produced from
Chinese accented speech. Otter
generated overall more accurate
transcriptions than Ava in both
conditions. Otter generated a mean
accuracy of 95.86% (sd=3.14) for read
speech and 94.83% (sd=3.09) for
spontaneous speech (a difference of
1.03%). Ava generated a mean accuracy
of 80.41% (sd=6.33) for read speech and 65.91% (sd=13.49) for spontaneous speech.
Native English speakers generated more accurate transcripts than non-native English
speakers for Otter, but not Ava, shown in Table 1. Otter generated transcripts from native
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English speakers with a mean accuracy of 98.12% (sd=1.01) from read speech and 96.18%
(sd=2.85, n=5) from spontaneous speech; non-native English speaker transcripts had a mean
accuracy of 93.97% (sd=3.08) for read speech and 93.7% (sd=3.04) for spontaneous speech: a
difference of 4.15% and 2.48%, respectively. Ava generated transcripts from native English
speakers with a mean accuracy of 79.43% (sd=6.38) from read speech and 59.03% (sd=17.38)
from spontaneous speech; non-Native English speaker transcripts had an average of 81.22%
(sd=6.76) from read speech and 71.63% from spontaneous speech: a difference of 0.97% and
12.6%, respectively.
Table 1
Mean accuracy for read and spontaneous speech
Mean
Overall
Native English
Non-Native English
European-accented
Asian-accented

Read
Otter
95.86
98.12
93.97
96.34
91.61

Ava
80.41
79.43
81.22
84.43
78.00

Spontaneous
Otter
Ava
94.83
65.91
96.18
59.03
93.70
71.63
95.66
70.95
91.73
72.31

Averages of non-native English speakers were further categorized into European L1 speakers
(German, French and Polish) and Asian L1 speakers (Chinese, Japanese, Korean). Otter
generated transcripts from read speech with a mean accuracy of 96.34% (s=1.38) from
European-accented English, and 91.61% (s=2.25) from Asian accented English (a difference of
4.73%). The same trend was found in spontaneous speech, where European-accented English
resulted in a mean of 95.66% (s=1.31) and 91.73% (s=3.13) for Asian-accented English (a
difference of 3.93%). Ava had a mean accuracy from European-accented English of 84.43% and
70.95% for Asian-accented speech in the read condition (a difference of 6.42%). However,
transcripts generated from spontaneous speech from European-accented speakers had a mean
accuracy of 70.95% and Asian-accented speakers of 71.63% (a difference of 1.4%). The
differences between read and spontaneous speech are outlined in Table 2.
Table 2
Differences in read versus spontaneous speech
Otter
Ava

Native
1.94
20.40

Non-Native
0.28
9.58

European
0.68
13.47

Asian
-0.12
5.69

Overall
1.03
14.87

In 2020, Ava claimed to have over 80% accuracy for the free version of their program. This
held true in our experiment for speech averages overall in the read condition; however
surprisingly, transcriptions from native English speakers achieved an average just under 80%.

3. DISCUSSION
3.1 FOCUS GROUP. The findings from the focus group largely confirmed what the report from
Woodcock et. al (2007) discussed, as well as some insights that had not been considered. Most
of the participants reported that McMaster University was trying to accommodate their needs,

WEIGEL, PAPE & STROIŃSKA

7

but there are still struggles. One student reported a bad experience from a professor with a heavy
native English accent. The professor did not want the student to use Ava in class because he did
not like the idea that there would be a transcript of his lecture. The student reported that the
professor did not seem to want to accommodate any of the student’s accessibility requests. The
requests included: keeping projected notes up longer, facing the student while speaking, having
full information on slides, and using Avenue to Learn (the online platform for McMaster
classes). Another participant agreed with this specific experience. This seems to be an isolated
incident with an individual professor and was atypical of the other attendees’ experiences at
university and professors’ general willingness to accommodate students with impaired hearing.
However, this anecdote shows how some DHH students struggle with stigma and equity, as
outlined in the report by Woodcock et. al.
3.1.1. LANGUAGE PROFICIENCY AND LIP-READING. English was the first language for all the
participants, and although some knew limited ASL, none felt proficient enough for a translator to
be useful. As such, this study lacks valuable insight from the Deaf community regarding ASL
and their experience with language and lip-reading. The focus group reported that they felt
proficient in lip-reading. One participant reported proficiency has decreased with age.
Participants reported that lip-reading is difficult, inaccurate, and context-driven and relies on the
speaker to avoid speaking while turning their back (which is something that is very difficult for a
professor who is writing on a board). Accuracy is improved if the listener can request more
information or clarification from the speaker. In an academic setting, relying solely on lipreading could be an issue, especially if accuracy would require the listener to ask questions. This
would result in a lecture with many interruptions and potentially anger pointed at the student, so
it is not unreasonable for students to feel that they cannot repeatedly ask questions in large
lectures.
3.1.2 NOTE-TAKERS. All the participants in the focus group relied on note-takers. Participants
reported that a paid person takes notes only if there are no volunteers. This is an issue for
students who are senior citizens; as they do not pay student fees, paid services are limited.
Students found that regardless of whether a note-taker is a volunteer or paid, the note-taker
writes subjectively, citing anecdotes similar to the findings outlined by Woodcock et al. (2007).
One participant explained that they relied on their hearing friends both during and after class for
missed information or clarification. This student only had note-taker accommodations, but
acknowledged that more accommodations would be necessary in the future.
3.1.3 EXPERIENCES AT OTHER UNIVERSITIES. One of the participants discussed their experience
at a different university that supplied a stenographer. The student could chat with the
stenographer in real time to fix any errors. In these cases, the stenographer would go back and fix
mistakes. The final transcript would be edited and extremely accurate. However, this participant
discussed a stenographer might not be helpful in science courses due to equations and technical
information, etc. As stenographers are expensive, this student acknowledged that it was
impossible to get one in their current, small program at McMaster. The participant reported that
there is a potentially long lag between what is said and what is written.
3.1.4 CURRENT SERVICES AT MCMASTER. As well as providing note-takers, McMaster SAS
Office offers other accessibility options, including FM systems (a system using a transmitter,
radio waves and a receiver in a hearing aid or separately, with the aim to improve audio quality),
room amplification in some (but not all) lecture rooms, and Echo360, which is another automatic
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captioning system for video-recorded lectures. However, knowledge of what was offered at
McMaster differed between participants.
Participants were divided on FM systems. The school did not have the budget to provide one
to one participant, as new regulations restrict budget for accessibility services, especially for
seniors who do not pay student fees. Others in the group said that FM systems only make audio
louder, which is not helpful, and create very crisp sounding speech. Some participants would
prefer if FM systems were more like natural speech, others preferred the crisped speech.
One participant used Echo360 as their main accessibility support and other students were
unaware of its existence. The program provides the user with a transcript and a video; it allows a
user to highlight a sentence in the transcript and jumps to that point in the video. However, the
Echo360 has issues as well. For instance, a course had several different tutorials to accommodate
the large class size. All the students had access to the Echo360 notes, but all the posted
transcripts and videos were from a specific tutorial which was not the one the DHH student was
in. The content presented did not match the experience of the individual, which made relating to
the content, or remembering specifics difficult. Regarding output, the transcripts were described
as “just words”, without punctuation or utterance breaks, so the user relies heavily on the video.
The program was reported to not always work properly and was heavily affected by accents. The
user can review the video to edit errors, however, this option was less effective than one might
imagine. Content was no clearer while reviewing the video, as the listener was pre-exposed to
the error and thus couldn’t process the original word. The participant suggested that Echo360
would be perfect if a human could edit, break transcripts into sentences and add punctuation.
In 2018-2019, McMaster had offered students Ava as an accommodation for DHH students
to enable them to acquire synchronized transcripts with lectures, however only one participant
knew about it and decided it was not suitable. They found that Ava was too cumbersome and
reported, “if the professor isn’t Canadian, spelling is not correct”, citing that “ready” was written
as “reddit”. When asked if there was anything the student liked about Ava, the response was that
that they did not use it enough to report anything positive. At the time, the kit weighed 1.8kg and
included many components to be Wi-Fi capable. It was a challenging experience for the student
and was largely the reason the student returned the equipment.
We asked the SAS office why they used the cumbersome Wi-Fi option over a Bluetooth
system. The reason given was that Wi-Fi is reliable and is capable of a longer range. Bluetooth
connections might cut out unexpectedly or be affected by conflicting Bluetooth signals. SAS
supplies the Wi-Fi microphone system because lecture accuracy is considered paramount.
Finally, the participants in the focus group did not find divided attention (between reading
the transcript and paying attention to the lecturer) an issue; however, participants reported that it
is not ideal in certain courses. Nevertheless, the students admitted that having the transcript after
the lecture is better than dividing attention between watching the lecture and reading captions.
3.1.5 REGARDING MISTAKES. All participants had experience of a time when a mistake occurred
in either the notes provided or in a computer-generated transcript that was not realized until
much later. In such cases, errors lead students to form erroneous beliefs about the course content,
which could result in poor grades on tests and exams. All the participants believe that there are
mistakes in their notes and transcripts that are not noticed, which causes anxiety.
As DHH students are sensitive to transcript errors, it was important that we ask what
experience these students had with transcript errors. We asked what kind of errors they thought
would be worse than others. Participants agreed that discipline-specific jargon might be an issue
for speech-to-text systems and expected that classes with many low-frequency words would
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result in inaccurate transcripts. The participants discussed how content word mistakes seem to be
most noticeable and easy to describe, but function word mistakes affect flow and understanding.
The group had decided that both types of mistakes are equally problematic since any mistake
slows down the student’s ability to grasp content.
3.2 TRANSCRIPT READABILITY.
3.2.1 INTENTIONAL OMISSIONS. Both Otter and Ava attempt to increase readability by omitting
disfluencies such as “um” and “ah”. Ava seems to attempt to omit repetitions and habitual filler
words (e.g., “like” and “okay”), but does not always succeed. Sometimes these omissions lead to
more errors as these repetitions aid in the legibility of a transcript. It would be interesting to
observe a transcript that did not delete these words, since sometimes they can help the reader
identify when a speaker misspeaks or needed to reword something, as in the following example:
Original:
Transcript:

first
first

ways
ways

in
in

which
which

languages
languages

were
were

type
type

uh,

typologized,
pologized

if
if

you
you

like
like

The original utterance, with the disfluency, illustrates that “type” is not a separate part of the
intended content, which may be more legible to some readers.
3.2.2 OUTPUT PRESENTATION. Both Otter and Ava offer captions that are created as the speaker
is speaking. Observations of real-time captions are discussed here. This project did not record
captions as they were being produced, but future studies may involve recording captions as they
are generated in real time. Generally, captions were created with very little lag. Words that had
already been written were adjusted as the speaker continued, making it difficult to follow when
errors occurred. Although both programs did this, Ava’s post-analysis was particularly
confusing. On several occasions, an utterance would be written correctly, but would change into
an error later. E.g., as a participant said, “dark ages”, the program transcribed it correctly, but
changed it to “Dog Cages” in post-analysis. Sometimes Ava transcribed a phrase and then
deleted it completely. Otter also performs online post-analysis; however, it also takes time after
the recording is finished for another post-analysis cycle.
After the lecture, Ava and Otter output a large quantity of text that, when exported, was
difficult to read. The two programs have different approaches to combat readability. Both insert
punctuation; however, it is not always appropriate and sometimes changed the meaning of a
sentence. Errors in punctuation were too numerous and varied to examine in this paper, so errors
caused by omitted or misinterpreted punctuation were ignored.
Ava seems to separate output into utterances. However, utterance breaks are often
inappropriate and surrounded by errors. Ava seems to create utterance breaks between spoken
words somewhat randomly. Pauses in speech do not always cause utterance breaks, as sometimes
a speaker may pause for a long time and the program does not perform an utterance break; or the
software will create a break when there is no appropriate pause and then omits one or several
words, which makes it seem like the speaker stopped mid-sentence.
Otter creates a block of text and sometimes separates chunks of speech into timestamps. This
seems to happen either between very long pauses or when it identifies a different speaker.
However, Otter creates an audio recording as it transcribes and a list of keywords that can be
searched within the document. Users can navigate through the transcript and listen to the audio
while editing it. Though an excellent way to battle readability and error mitigation, the
experience is different for DHH students, as discussed previously.
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3.3 ACCURACY. Overall, Otter produced more accurate transcriptions than Ava. The difference
in read vs. spontaneous speech as well as standard deviations were lower for Otter, meaning that
Otter’s average accuracy was more consistent than Ava’s. Our findings showed that Ava was
unable to meet an 80% average for spontaneous speech. Ava’s creators state that the paid version
is more accurate, but the free version showed a decline in accuracy for spontaneous speech. It
stands to reason that, even if the paid version would achieve high accuracy levels for read
speech, a similar decline may be expected for spontaneous speech. For this reason, one should be
skeptical about accuracy claims. The read speech results are not necessarily relevant to
unscripted lecture notes but do offer some valuable comparisons between speakers and
conditions. Based on the data, accuracy ratings are highly individualized, even among native
English speakers. The results indicate an issue for those relying on SR for academic notetaking.
The results could be very different depending on the lecturer, which might cause more frustration
with SR service than current note-takers.
It is difficult to define and describe accuracy through numbers. “Over 90% accuracy” seems
impressive but does not tell the whole story. For instance, Table 3 shows a comparison of
transcripts from the read speech samples. Accuracy levels varied between 92.71-99.39%,
however, errors varied between 2-24 for the same read script.
Table 1
Number of errors within transcripts in the read condition with over 90% accuracy
Speaker
Canadian
British
Canadian
Polish
British
American
German
French
Japanese
Korean

Accuracy
99.39
98.8
98.18
97.93
97.26
96.99
95.62
95.47
93.69
92.71

Words uttered
330
330
331
338
329
332
343
331
333
329

Substitutions
2
2
6
7
8
8
11
13
17
20

Omissions
2
1
1
2
3
1
2
1

Additions
1
1
2
3

Total
2
4
7
7
9
10
15
15
21
24

Within these samples are utterances with many errors and others with no errors. The
accuracy is averaged out for the whole sample. Therefore, specific areas of a sample could,
hypothetically, be selected by a company to demonstrate the software at its best. To show what
accuracy “over 90%” looks like, we will demonstrate a few examples. Below is an utterance
from a transcript with 99.39% accuracy:
Original:
Transcript:
Original:
Transcript

the
the
effect
effect

actual
actual
of
the

primary
primary
super-imposition
super imposition

rainbow
rainbow
of
of

observed
observed
a
a

is
is
number
number

said
said
of
of

to
be
to
be
bows
bows

Compare this example to an utterance from a transcript with 92.71% accuracy. This transcript
had errors in other utterances as well as in the following example:

the
in
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Transcript
Original:
:
Transcript

since
since
but
but
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then
physicists
have
then
please he says have
,
Refraction
by
the
,
to
we fraction by
the

found
found
raindrop
raindrop
s

that it is not reflection
that it is not reflection
which
causes the rainbow
which
causes the rainbow
s

:
s, however, it lacks quantifiers. Accuracy
s
“Over 90%
accuracy” suggests an impressive transcript,
is judged based on errors that differ from what was said. In the example above, refraction is
substituted by two words, we fraction, but still considered a single error. To demonstrate the
issue, 90% average can be interpreted as “one error for every 10 words”. The example shows 19
words spoken with 6 incorrect words. This would make the accuracy 68.42%; however, since the
accuracy is based on WER, it has a reported accuracy of 89.47% (i.e., 2 errors in 19 words). It
would be unfair to report that the program is 68.42% accurate for this speaker, as this describes
neither what happened, nor the accuracy of the rest of the document. To gain full understanding
of accuracy, we analyzed what types of errors were made and how they affect the overall
readability of a transcript.

3.4 ERROR ANALYSIS.
3.4.1 ERROR TYPES. As indicated above, some errors are worse than others. We have
distinguished three types of errors, based on their effect on overall understanding. They are as
follows: insignificant errors, obvious errors, and ritical errors.
a. INSIGNIFICANT ERRORS are errors that make no changes to the overall meaning of the
transcript and do not require much, if any, processing power to understand.
i.

Example 1

Original:
Transcript:

ii.

…which
…which

doesn't
doesn't

use
use

morphology
morphology

for
for

inflectional
inflectional

purposes
purposes

at
-

all
-

Example 2

Original:
Transcript:

iii.

otherwise
otherwise

where
where

people
people

started
started

to think
thinking

about
about

languages
languages

Example 3

Original:
Transcript:

you
you

have
have

to
to

remember
remember

what
what's

the
the

definition
definition

of
of

closed
closed

is
-

b. OBVIOUS ERRORS are clear mistakes where students might be able to mitigate
misunderstandings caused by these errors. For instance, they can ask for clarification during or
after class, refer to slides, or use reasoning to improve understanding. These errors require
processing time but can be recovered, though finding the missing information may be difficult.
i.

Example 1

Original:
Transcript:

one
one

cause
cause

of
of

Depopulation
D population

was
Was

migration
migration
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Example 2

Original:
Transcript:

Japan's
Japan's

first
first

animation
animation

studio
studio

Kitayama
Kitayama

Eiga
a

Seisakusho
say sex shop

was
was

founded
founded

Example 3

iii.

Original:
Transcript:

sometimes
sometimes

we
we

talk
talked

about
about

first
first

language
language

and
and

second
second

language
language

c. CRITICAL ERRORS are errors that are undetectable syntactically or semantically. The
overall message makes sense, but the content is erroneous. These are often cases where negation
is added or omitted, or when an error changes a significant part of speech. In these cases, errors
can drastically change the meaning of a sentence.
i.

Example 1

Original:
Transcript:

ii.
Original:
Transcript

the
the

mid
mid

1930's
1930s

Japanese
Japanese

animation
animation

used
used

to

cut-out
cut out

animation
animation,

Example 2
Dialectics
dialectics

iii.
Original:
Transcript:

Until
until

implies
implies

a
a

thesis,
thesis

antithesis,
and criticism,

and
-

what
what

is,
is

"Why
Why

is
is

called
called

an
an

Aufhebung
alpha table

Example 3
So
So

the
the

idea
idea

here
here

with
with

number
number

5
5

would
we
do women

make
make

mistakes
mistakes

Errors such as these can cause students to misunderstand information, or, as in the final
example, be detrimental to the student’s view of the lecturer. These examples demonstrate that
an accuracy rating does not indicate the quality of a transcript. Classifying errors in this way is
highly subjective. Not all errors easily fall into these categories, and it is difficult to create an
equation that measures severity of errors to demonstrate the quality of a transcript.
It is important to note that foreign words that resulted in errors were not counted in the data;
however, academic discourse often uses non-English words that could be crucial for
comprehension and affect students’ performance. If notes generated by SR cannot be edited, it
may reduce the types of classes in which a student could enroll.
3.4.2 JARGON. It is very difficult to assess how a program will perform with jargon. Otter was
able to correctly transcribe 12 of the 25 specialized words, however, errors are inconsistent. The
word, pharynx, was uttered 11 times; 3 of those times were transcribed incorrectly. Some words
were approximated with arguable accuracy but not always. Ava was able to correctly transcribe
only 4 of the 25 words but was able to transcribe pharynx and larynx correctly once. This shows
that the word is in Ava’s vocabulary, but the system did not access it appropriately. Please refer
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to Appendix A for details.
3.4.3 CASE STUDIES.
a. ACCENTS. It is widely accepted that accents affect transcript accuracy. One possible
reason may be phonotactics. Speech-to-text samples studied show that the software is able to
mitigate many errors caused by consonant or vowel confusion using probability and AI,
however, errors arise when several of these mispronunciations happen within the same word or
cluster of words. For example:
Original:
with
Transcript: with

its
path
This1 path

high above
how you bob2

Error 1 seemed to be caused by the program inserting a /ð/ into the onset, and deleting the /t/.
Error 2 looks strange; however, the speech signal and spectrogram show more detail (see
Appendix B). The spectrogram shows that /Ɵ/ in with sounds like /s/ and merges into its
sounding like wissis with no evidence of a /t/, causing the substitution error, this. The /v/ in
above was uttered as /b/, resulting in the second error, [bɔb], rather than [bɔv]. /u/ was preceded
by /j/, resulting in the addition, you in the transcript. Instead of interpreting [hai jubɔb] as high
above, the AI seems to take over, creating “how you bob”, even though the vowels in high and
how are very different.
Epenthesis is another issue for SR in accented speech, as in the following example:
Original: and
Transcript: and

without
without

the

detail
detail

The program inserted the between “without” and “detail”, due to epenthesis, which is
characteristic of Japanese accents. Because the speaker is Japanese, the vowel in question is a
feature of the accent, rather than a deliberate sound. The spectrogram (see Appendix C) shows
the epenthesized vowel ([V]) between without and detail, causing the program to interpret it as a
the between the two words. There is also an epenthesized vowel between and and with that
seemingly went undetected by the software. It seems this is because the utterance is highly
assimilated, whereas the vowel in question is distinct from the sounds around it.
b. NATIVE SPEAKERS. Just as foreign accents can affect the accuracy of a transcript,
mastery of the language may affect accuracy as well. Sometimes native speakers are so fluent
that they make errors that go undetected by human perception. Below is an example from a
British speaker.
Original: the first one it mentions
Is
Transcript: first one is maintenance -

The transcript alone does not indicate how the program arrived at its decision, but inspection of
the speech signal and spectrogram shows how ill-equipped the software is for certain language
features (see Appendix D for detail). The initial deletion was caused by a silent breath pulse, a
feature in British English. The spectrogram shows a small amount of energy that does not
contain enough information for a machine to interpret as speech, however human speech
perception, which subconsciously repairs broken speech signals, allows humans to some extent
hear the intended word, even if it is absent in the physical speech signal. The second error was
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the result of the speaker deleting /t/ going from the high vowel /ɪ/ to the nasal /m/. It seems the
artificial intelligence guessed what was said based on word frequency. After “first one”, is is
more frequent than it; however, the soundwave shows no indication of the sonorant, /s/, even
though it is less likely to be deleted in natural speech than the obstruent, /t/. The third error
solidifies the guess, the substitution of maintenance from mentions. The speaker performed a
clitic, another feature of some British accents where vowels or consonants are severely reduced.
The /ʧ/ in mentions was reduced, resulting in speech that sounds like mendens. The final omitted
is could have been caused by a number of things. Word boundaries can be an issue for speech
recognition; in this case, it may have been a pure omission of the final two phonemes, or it may
have substituted “mentions is” with “maintenance”, since both phrases are three syllables.
The data showed that native speakers sometimes neglect to enunciate every word in a
sentence or reduce certain sounds. A human listener can interpret the missing or reduced word
without recognizing it was missing. In these cases, SR programs are at a disadvantage: there is
no cue from the speech signal to insert a missing sound and programmers, being human,
presumably aim to repair the speech signal subconsciously, interpreting the result as an error
without cause. This could explain why SR continues to have trouble with native English, as
speakers and listeners are unaware of habitual speech features that may cause errors. It is
possible that the higher-than-expected accuracy produced by some non-native speakers is due to
these non-native speakers being aware of their accents and trying to enunciate every consonant
when possible, unlike a native speaker. This was evident in the results from Polish accented
samples, as the participant spoke with clear enunciation, even though the accent was apparent.
4. CONCLUSIONS. Based on the findings from the focus group and issues outlined by Woodcock
et al. (2007), automatic transcripts are a superior choice to notes provided by volunteers, but only
if they are edited. Automatic transcripts eliminate the subjective nature of notes when they are
written by others and allow the student the freedom to select relative information, review the
lecture and be assured that the information they are receiving is correct.
Most surprisingly, it seems that awareness of available services is an issue for DHH students.
Even though there were only four participants in the focus group, each one was unaware of the
services offered to the others. There are many DHH students at McMaster who were not part of
this focus group. It is difficult generalize if other DHH students are unaware of services that
should be offered. Advertising available services should be the first step towards making
education more accessible for DHH students. Pertinently, to offer either Ava or Otter to students,
the SAS office would have to re-evaluate the burden-to-benefit ratio of a Wi-Fi lapel microphone
vs Bluetooth microphone. Bluetooth microphones can be connected to a device without a
receiver or Irig, which alleviates issues with weight, cables and setup time. Bluetooth offers
convenience at the expense of reliability; however, students may prefer it.
Regarding captioning lectures in real-time, all the participants of the focus group
emphatically stated that they would be interested in a service that captures lectures in real time.
Ideally, students would like accurate captioning in the moment and accurate transcript postlecture. Students seemed to agree that Echo360 appears to be the best option for now because of
the imbedded video, but the transcript output from Echo360 should be edited before being sent to
the student. If automatic speech-to-text were reliable, it might be an ideal accessibility option, as
it is instant, user-friendly and can increase independence. However, errors are problematic: if
students do not receive accurate information, it could lead to misunderstandings and poor grades.
Equally important, if DHH students are unable to verify that they are receiving correct
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information, it could lead to anxiety. In addition, lecturers and teaching assistants should be
mindful of which classes are uploaded online. If a given class has several tutorials or labs, the
selected video should be the one that was experienced by the most students with note-taking
needs. Information about why a student has a specific need is protected, and it would be
problematic to choose the posted class based on the needs of a specific student, thus choosing a
video through statistics is more objective and fairer to other students with note-taking needs,
even if they are not DHH. In this way, transcripts should be available to all students online,
particularly if steps had been taken to create them.
Captions that are already being posted on videos should be edited. Even though studies
showed that erroneous captions are still beneficial, students require accurate information to do
well in class; this study outlines that DHH students have a much different experience with
inaccurate notes than hearing students, thus DHH students should have access to error-free notes.
All previous research suggests that all students benefit from captions and access to
transcripts, regardless of whether they require accessibility services. Posted lectures and access
to transcripts would benefit every student at McMaster, particularly students who do not have
access to SAS services, for instance those who may have undiagnosed learning disabilities or
language barriers. However, we acknowledge that having lectures and transcripts posted online
may deter students from coming to class.
Transcripts should not be viewed as a replacement to attending lectures. Lecture
attendance offers benefits such as social interactions with fellow students; opportunities to ask
questions; extra information or examples that may not be included in the recording; and
networking with professors which can lead to references or lab assistant positions. These benefits
should be outlined for students if lectures are posted online.
To ensure that lectures and videos are edited, this research team have a few suggestions.
Lecturers could ask students to volunteer to edit transcripts. This would be a benefit because
students who volunteer to edit transcripts would gain valuable reinforcement of the lecture.
However, editing can be time-consuming. Bain et al. (2002) suggested that a one-hour class
could take up to three hours to edit. It is vital that DHH students have access to the transcripts
well before the next class, so it might be difficult for professors to find volunteers. To combat
this, students could be given extra credit for volunteering. Some departments offer bonus credit
to students who participate for at least two hours of experiments, so students in departments
where experiment participation is unavailable may benefit from gaining credit in exchange for
editing two hours of lecture transcripts.
Finally, SR errors are caused by more factors than a program simply not knowing a word.
Services that allow users to add words to the lexicon seems superfluous for general purposes, as
these programs seem to have a good vocabulary out of the box. However, in specialized lectures,
this may still be a helpful tool. Errors are not always predictable, and they are not consistent.
Therefore, human involvement seems necessary to achieve accuracy high enough for academia.
Currently, it seems that Otter might be suitable for some classes without edits, but only if the
program can reliably achieve over 98% accuracy for that speaker, which is something that would
have to be tested. Because it records the audio as it transcribes, Otter seems to be more suitable
than Ava for SAS purposes at this time. Ava still needs to improve accuracy and deviations
between speakers in order to achieve the accuracy necessary to be a reliable option for students.
The higher accuracy promised from a paid subscription may address some of these issues, but the
deviations found between speakers indicates that the system may not work across the board for
all lecturers.
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APPENDIX

APPENDIX A
Original word spoken VS transcribed word produced by Otter and Ava. The table shows lowfrequency words that were uttered several times in the same lecture and how these instances of
the word was transcribed by the two programs. Words in red are errors. A dash indicates an
omission.

APPENDIX B
Speech signal and spectrogram of "with its path high above" by non-native English speaker
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APPENDIX C
Spectrogram of "and without detail" with epenthesized [V] by non-native English Speaker

APPENDIX D
Speech signal and spectrogram of "the first one it mentions is"
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