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Abstract

This paper presents Ethos AT, a desktop soft-
ware for automatic transcription that uses Ope-
nAl Whisper models, enabling local process-
ing and ensuring data privacy and accessibil-
ity for users who are not necessarily program-
ming experts, such as oral history researchers.
A comparative analysis of six Whisper mod-
els (small, medium, large, large-v2, large-v3,
and rurbo) was conducted to analyze perfor-
mance in terms of transcription accuracy, error
types, and processing time. Results indicate
that larger models achieve higher lexical accu-
racy, while smaller ones provide faster execu-
tion with acceptable quality for general use; the
turbo model showed an effective balance be-
tween accuracy and speed. Overall, Ethos AT
offers a secure, efficient, and user-friendly so-
lution for academic and institutional contexts.

1 Introduction

In recent years, the incorporation of Artificial In-
telligence (Al) technologies into the field of Oral
History has transformed the way that interviews
are processed (Gref, 2022; Stoykova et al., 2024).
Among these innovations, automatic transcription
approaches stands out for its ability to convert
speech into text quickly and with relative accu-
racy, contributing to the optimization of the work
of researchers and institutions dealing with large
volumes of audio records.

According to the literature, transcription in-
volves transforming orality into written language;
however, there is a risk that automated transcription
may erase the nuances of voice, such as hesitations,
emphases, and emotions, which are common in
spoken language (Severino, 2016). In this way,
automatic technologies should be used as support
tools, with the user being responsible for ensuring

the integrity and coherence between what was said
and what will be recorded (Shopes, 2002).

The automation of this process represents an
advance compared to manual transcription, tradi-
tionally recognized as a costly stage due to the time
and mental fatigue spent by human agents (Haberl
et al., 2024). Tools available on the market (such
as Clipto!, Descript?, and Otter.ai’) allow hours
of recordings to be transcribed quickly, while also
offering complementary features such as speaker
diarization (Kanda et al., 2022), timestamping (Shi
et al., 2022), and text export in different formats.
These features enhance data analysis and reuse,
making the material more accessible and integrable
into digital repositories and databases.

Beyond operational efficiency, automatic tran-
scription also contributes to the democratization
of access to oral content. By providing textual
versions of interviews or other types of audio, re-
searchers can make collections more inclusive, ben-
efiting people with hearing impairments or commu-
nities that profit from automatic translations (Pragt
et al., 2022; Fatehifar et al., 2025). Thus, technol-
ogy is a way to expand oral memory and strengthen
its circulation in the digital environment.

However, the use of these tools still faces rele-
vant technical and ethical challenges. The accuracy
of transcriptions depends on audio quality, record-
ing environment, and particularities of speech (such
as accents, pauses, overlaps, and regional expres-
sions). In addition, the models may generate se-
mantic errors, misinterpretations, and omissions of
important nuances in speech. Finally, there are con-
cerns about data privacy and confidentiality, since
many services perform processing in the cloud, out-

1ht’cps: //www.clipto.com/

2ht’cps: //www.descript.com/transcription
Shttps://otter.ai/
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side the researcher’s direct control.

The role of the researcher is not replaced by
technology, but rather redefined. Automatic tran-
scription should be understood as an initial stage,
to be complemented by human review and cura-
tion. Thus, we developed a transcription software
named Ethos AT - Audio Transcriber* designed
to facilitate access to these technologies for people
who are not programming experts, or even experts
who want something quick and easy to access. This
technology aims to enable the processing of long
audios while ensuring privacy in its application.

The structure of this paper is organized as fol-
lows: Section II presents the main related works,
highlighting approaches and tools in the context of
automatic transcription. Section III describes the
developed software, detailing its architecture, func-
tionalities, and distinguishing features compared
to existing solutions. Then, Section IV presents
the evaluation process. Section V discusses as-
pects related to data security and privacy handling,
emphasizing the importance of local processing
and ethical data management. The corresponding
results and analyses are discussed in Section VI.
Finally, Section VII presents the conclusions and
proposes directions for future work.

2 Related work

Automatic Speech Recognition (ASR), also known
as Speech-to-Text (STT), has two major lines of
study that are related to this present paper: (i) the
technological and methodological advances in ASR
for Portuguese, and (ii) the application of these
technologies in contexts of interviews, oral history,
or sound archives.

Gris et al. (2022) presented the NURC/SP cor-
pus, compiled by the Urban Educated Linguistic
Norm (NURC) Project, consisting of 375 inquiries
taken in S@o Paulo (approximately 334 hours of
audio), in which 328 inquiries had no transcrip-
tion and 47 had no alignment between audio and
transcription. Evaluating four open-source ASR
models, the study found that the CORAA ASR
model (Candido Junior et al., 2023) achieved the
best average performance and selected to automati-
cally transcribe the remaining 284 hours of audio.

For other approaches, Gris et al. (2023) presents
an evaluation of the OpenAl Whisper ASR model
for the Portuguese language, focusing on speech
audios and videos extracted from the life stories

*https://ethos-at.github.io/

of the Museu da Pessoa (MuPe). The main ob-
jective was to assess Whisper’s ability to generate
transcriptions with punctuation and capitalization,
a functionality absent in the output of most ASR
systems. The results indicate that Whisper achieves
good performance, although they conclude that cer-
tain punctuation still requires improvement.

Medeiros et al. (2023) propose a transfer learn-
ing approach based on a model previously opti-
mized for the English language, using the NVIDIA
NeMo framework, to adapt ASR to European Por-
tuguese (EP). Since EP has fewer resources avail-
able in the literature, this work investigates domain
adaptation using the SpeechDat dataset (only EP
data) and the Multilingual LibriSpeech (mixed lan-
guages, portuguese are mostly Brazilian).

Nascimento et al. (2024) introduced the Auto-
matic Transcription System for the Assembly of
the Republic of Portugal (STAAR), a tool that uses
Whisper ASR models and was developed to iden-
tify nuances of the Portuguese language and parlia-
mentary procedures. The system demonstrated a
low transcription error rate, ranging between 1.7%
and 11.3% depending on the context and speech
style. STAAR reduced the time required to produce
the official journal of the Assembly of the Republic
and enabled the transcription of committee meet-
ings that were previously undocumented.

Our work distinguishes itself by developing a
user-oriented desktop application that integrates
pre-trained ASR models into an accessible, privacy-
preserving, and locally executed environment. The
proposed tool enables automatic transcription of au-
dio or video files for non-specialized users. Further-
more, we conducted an analysis of text transcrip-
tion in long interviews, reinforcing the usability of
Whisper models for the Portuguese language.

3 Ethos AT software

Although there are several ASR approaches in the
literature, are scarce studies that present a software
application aimed at non-specialist users, combin-
ing usability, local processing, and support for long
audio and video files. In this work, we propose the
development of a desktop application designed to
import audio or video files and perform transcrip-
tion through pre-trained Al models. The main goal
of the development was to offer an efficient and se-
cure solution capable of performing transcriptions
locally, without the need for connection to external
servers. Figure 1 shows the program screen.
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Figure 1: Ethos AT software screen

The software was developed in Python and inte-
grates the OpenAl Whisper library (Radford et al.,
2023), recognized for its multi-tasking format and
multilingual transcription. Unlike commercial
cloud-based solutions, processing occurs entirely
on the user’s machine, ensuring greater control
over sensitive data and suitability for research con-
texts that require confidentiality, such as those in
Oral History. Figure 2 shows a simplified software
pipeline, while Algorithm 1 presents the steps for
audio transcription.

@ ‘ ooo
dq )) ooo
\ @ 8B
L Conversion Audio Whisper
Media import to .mp3 segmentation inference
A
@ = TXT
Tj"’::;“:‘:::f‘;‘:” Transcription_ful.txt Export of
results

Figure 2: Pipeline of the Ethos AT software for ASR,
from audio import to text export

Algorithm 1: Pseudocode of the Ethos
AT’s internal pipeline

Data: Audio A, Whisper model W, Chunk size C

Result: Result in text s

load the file in A;

if A is not .mp3 then
| transform A into .mp3 file;

end

if (Cis > 0) and (C < A size) then
| split A into C' sized parts;

end

load whisper model W;

apply W in A;

save the result in s;

return s;

e ® N R W N

-
-

As can be observed, the system architecture was
designed in a modular way, comprising four main
components: (i) media import and conversion mod-
ule; (ii) segmentation module; (iii) Whisper model
inference module; and (iv) results export module.
This separation facilitates maintenance and future
expansion of the software, allowing the integration
of new functionalities such as automatic translation
or speaker diarization. In addition, local processing
reinforces the data privacy and integrity, essential
in research projects involving sensitive material.

The system accepts audio and video files in vari-
ous formats, namely: *.mp4, *.mkv, *.avi, *.mov,
*.mp3, and *.wav. When the file is not in the *.mp3
format, the application automatically performs the
conversion, using FFmpeg® as an auxiliary tool.
Next, the system evaluates the segmentation param-
eter defined by the user, called chunk size, which
represents the duration, in seconds, of each portion
into which the audio can be divided. If the value
provided is greater than the total duration of the
audio, or if no chunk size is specified, the material
is processed entirely in a single stage. This division
allows the user to obtain preliminary transcription
results, eliminating the need to wait for the entire
audio transcription before performing other tasks.

Subsequently, the Whisper model is loaded
according to the user’s choice, who can select
different variants — tiny, base, small, medium,
large, large-v2, large-v3, and turbo — depending
on the availability of computational resources and
the desired accuracy. The model is applied to each
audio segment (or to the complete file), produc-
ing two outputs: transcription_full.txt,
which  contains the plain text, and
transcription_full_timestamp.txt, which
associates each sentence with its corresponding
time interval.

In summary, the proposed software stands out
by combining the technical capability of Al-based
transcription models with the practicality required
by non-programmer researchers. The local exe-
cution, the ability to transcribe long files, and the
generation of results with time markers make the
tool an accessible alternative to support transcrip-
tion work in academic and institutional contexts.

3.1 Whisper models

The transcription software utilizes Whisper models,
an open-source ASR proposed by OpenAl in 2022,

Shttps://www. ffmpeg.org/
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trained on approximately 680,000 hours of multilin-
gual and multitasking audio data collected from var-
ious domains and languages (Radford et al., 2023).
Whisper uses a Transformer encoder-decoder ar-
chitecture (Vaswani et al., 2017), inspired by ma-
chine translation models. The encoder compo-
nent converts the audio spectrogram into a high-
dimensional vector representation, while the de-
coder generates the corresponding text, consider-
ing the acoustic and linguistic context. Figure 3
demonstrates the text transcription operation.

The Whisper models used by the application dif-
fer mainly in the number of parameters, inference
speed, and transcription performance. Each ver-
sion represents a trade-off between computational
cost and transcription quality. Table 1 presents a
comparative summary of the available models, al-
lowing the user to select the one that best meets
their needs for accuracy and execution time.

Model Size R&%‘Xﬁd Relative Speed | Parameters
tiny 72.1 MB ~1GB ~10x 39M
base 139 MB ~1GB ~Tx 74 M
small 461 MB ~2 GB ~4x 244 M

medium 1.42GB ~5GB ~2x 769 M
large 2.88 GB ~10 GB ~1x 1550 M
large-v2 2.87GB ~10GB ~Ix 1550 M
large-v3 2.88 GB ~10 GB ~1x 1550 M
turbo 1.51 GB ~6 GB ~8x 809 M

Table 1: Features of the Whisper models available for
automatic transcription, adapted from OpenAl Whis-
per’s GitHub®

In this context, the smaller versions (tiny, base,
and small) offer faster processing speeds, making
them suitable for devices with lower hardware ca-
pabilities or for quick transcriptions. The larger
variants (medium, large, large-v2, and large-v3)
achieve better performance in terms of accuracy,
especially with longer audio files or those with
greater acoustic complexity. The furbo model, in-
spired by Distil-Whisper (Gandhi et al., 2023), rep-
resents an optimization focused on accelerating
inference while maintaining quality levels compa-
rable to the larger models.

According to a benchmark conducted by Ope-
nAl, the turbo model shows a performance level
comparable to large-v2, although it exhibits higher
degradation in certain languages, such as Thai. Fig-
ure 4 presents the performance of the model in the
top-10 transcription tasks using the Common Voice
15 dataset’, based on both Word Error Rate (WER)

https://github.com/openai/whisper

7https://huggingface.co/datasets/fsicoli/
common_voice_15_0

and Character Error Rate (CER) metrics.

In our developed application, the user can se-
lect the desired model according to their perfor-
mance and accuracy needs. This flexibility seeks to
balance computational efficiency and transcription
fidelity, allowing the software to be used in both
technical experimentation contexts and practical
research applications. Furthermore, by performing
processing entirely locally, the use of Whisper mod-
els ensures that user data is not transferred to or
stored on external servers, respecting information
security principles and research ethics.

4 Methodology and evaluation process

The experiments were conducted on a computer
with an Intel Core i7-1165G7 processor, 16 GB of
RAM, and an NVIDIA GeForce MX330 graphics
card with 2 GB of GDDRS memory, an intermedi-
ate configuration that represents a realistic scenario
for researchers and professionals seeking to per-
form local transcriptions efficiently, without the
need for high-performance infrastructure.

4.1 Interview audios

Evaluations involve interviews with different levels
of complexity (such as variations in accent, speech
overlap, audio quality, and the use of technical
terms), allowing a critical analysis of the Whisper’s
ability to recognize and transcribe the fundamental
elements of oral narratives, as detailed below.

* Processing speed: For long files such as Oral
History interviews, the reduction of transcrip-
tion time has a direct impact on productivity.
This enables researchers to handle larger vol-
umes of material in less time, without compro-
mising the quality of the transcription process.

* Varied audio quality: Recordings with differ-
ent levels of background noise, volume, and
clarity were used to evaluate the Whisper’s
ability to maintain transcription accuracy un-
der suboptimal conditions.

* Regional accents: Interviews with speakers
from different regions of Brazil to verify the
capacity to recognize linguistic variations and
informal vocabulary. Regional speech pat-
terns contributes to the authenticity and inter-
pretive value of the transcribed material.

8https://github.com/openai/whisper/
discussions/2363
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Figure 3: Text transcription (or translation) operation for new audios using Whisper models (Radford et al., 2023)
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Figure 4: Comparison of transcripts in different lan-
guages, considering the metrics Word Error Rate (WER)
and Character Error Rate (CER), from turbo model dis-
cussion on GitHub?

* Presence of multiple speakers: Audio
recordings feature interaction between the in-
terviewer and the interviewee, resulting in seg-
ments with overlapping voices and rapid al-
ternation between speech turns. This evalu-
ates dialog dynamics, ensuring that speaker
alternation does not compromise transcription
accuracy or temporal alignment.

It is important to note that the interviews used in
this evaluation contain sensitive data from the Cen-
ter for Information Technolgy Renato Archer (CTI
Renato Archer), and therefore cannot be publicly
disclosed due to confidentiality and data protection
agreements. Nonetheless, the developed software
is not limited to this specific context. Its modular
and adaptable design allows it to be applied to a
wide range of audio materials, including lectures,
meetings, oral history archives, podcasts, and other
research or institutional recordings that require ac-
curate and secure transcription.

4.2 Evaluation by human specialist

The evaluation of the software involves the partici-
pation of a human specialist in Oral History, intend-
ing to verify the automatically generated transcrip-

tions and the usability of the tool. The validation
process includes a comparison between automatic
transcriptions and manually revised versions, allow-
ing measurement of fidelity to the original content
and identification of the most frequent types of er-
rors, such as spelling of proper names, technical
terms, and common words.

In addition to linguistic accuracy, the evaluation
includes usability aspects of the interface, consider-
ing the clarity of the available functions, the ease of
switching between different transcription models,
and the export options for the results. This stage
seeks to understand the researcher’s experience dur-
ing the use of the tool, ensuring that the software is
accessible and intuitive to users without experience
in data science or programming.

S Data security and information privacy

Information security is grounded on the CIA triad
(Goodman and Rowland, 2021): Confidentiality, In-
tegrity, and Availability, which serve as references
for the creation and development of data protection
policies in digital environments. Confidentiality
ensures that information is accessed only by those
with proper authorization, while integrity guaran-
tees that data has not been modified. Availability
means that data will remain accessible over time.
Beyond these basic information security issues,
there is an additional concern in works like this,
because they contain data and information derived
from the lived history of a community and must
comply with legal requirements, especially the
Brazilian General Data Protection Law (LGPD).
In this sense, local data processing — as imple-
mented in this system — ensures that all storage
and analysis occurs in a controlled environment.
By preventing sensitive information from being
transmitted to external servers or the cloud, this ap-
proach mitigates risks of interception, unauthorized
changes, and improper exposure of personal data
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while ensuring that data handling respects the re-
quirements of purpose and necessity established by
LGPD. Furthermore, converting voice into text in
the transcription process enhances anonymization,
making it unfeasible to identify the speaker.

Therefore, by opting for local storage, this work
demonstrates a strong commitment to data protec-
tion and compliance with current legislation, thus
reinforcing the integrity of the research and trust
within the scientific community.

6 Result analysis

A comparative analysis was developed to evalu-
ate the performance of different artificial intelli-
gence models for ASR, including the exploration
of proper names, acronyms, and technical vocab-
ulary. A total of 67 words and expressions were
evaluated in six different models: small, medium,
large, large-v2, large-v3 and turbo (Radford et al.,
2023). Note that the tiny and base models were
excluded from the evaluation, as they proved to
be the least efficient models during preliminary
screening. The selected 67 words correspond to
some items that exhibited recognition issues in at
least one of the tested models, ensuring that the
analysis focused on challenging and representative
cases for ASR evaluation. This analysis aimed to
guide the selection of the most suitable model for
the transcription task.

The difference between the transcriptions of the
six models involves a lack of precision in proper
names (people and places), institutional acronyms,
technical and academic terms, and common words.
Table 2 shows a summary of these errors. The
complete table is available at Zenodo’.

The confusion between “CTI” and “CPI” demon-
strates the weakness in recognizing technical and
institutional vocabulary, that can compromises tex-
tual reliability in specific contexts. Technical terms
were also distorted, such as “intangivel” (intangi-
ble) becoming “intergivel” (no translation).

The turbo model demonstrates greater consis-
tency and accuracy, suggesting superior perfor-
mance. The large, large-v2 and large-v3 models
also show satisfactory results, with a high number
of correct recognitions. On the other hand, the
small and medium models have a high error rate,
frequently replacing or distorting terms. Table 3
shows a summary of these errors.

It was observed that the small model, although

*https://doi.org/10.5281/zenodo.17583668

faster, presented some inconsistencies in the identi-
fication of words that are easily understood in the
audio by humans. Word substitution errors, omis-
sions, and difficulties with proper names were more
frequent in this model. The medium model halves
the errors of the small model, but still presents a
considerable number of incorrect words.

As more robust models were applied (large,
large-v2, large-v3, and turbo), there was an im-
provement in transcription accuracy, with a greater
ability to recognize complex terms, natural speech
pauses, and more appropriate segmentations. Cu-
riously, despite achieving very similar results, the
turbo model performed slightly better than the
large-v3 model, which differed from what was re-
ported in OpenAl’s research for Portuguese (Fig-
ure 4). This evaluation shows that the more ad-
vanced models offer transcriptions that are closer
to the original speech, although they require greater
processing capacity and execution time. Table 4
presents a comparison of the processing times.

The execution time analysis highlights a clear
trade-off between transcription accuracy and pro-
cessing efficiency. As shown, the small and
medium models deliver results significantly faster,
with the small model completing the transcription
in half the time of the original audio for interviews
#1 and #2. However, this speed comes at the cost
of higher error rates. Conversely, the large and
large-v3 models require substantially longer execu-
tion times, exceeding three and four hours for some
audios. The furbo model, designed for efficiency,
demonstrated a promising balance between preci-
sion and speed, maintaining accuracy levels close
to large-v3 while reducing processing time by more
than half. It was also observed that interviews #2
and #4 presented a longer processing time than the
other instances when using the /arge model. This
longer processing time may be linked to factors
that can affect computational cost, such as speech
clarity, speech speed, vocabulary used, and even
the computer’s usage time and temperature. De-
spite the processing time, it is worth highlighting
the software’s advantages: it is free, prioritizes
transcription quality, and prioritizes information
security, since the process occurs locally without
sending data to the cloud.

Recent literature on qualitative research meth-
ods reports that manual transcription is both time-
consuming and costly (Battaglia, 2024), with esti-
mates indicating that approximately five hours are
required to transcribe a single hour of interview
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Word type

Examples (Correct - Incorrect)

Models with errors

Technical terms

“abro 0s”
“intangivel” - “intergivel”, “inteligente”
“tripartite’” - “de partite”

“Angela” - “Jolene”, “Lajla”, “Juliette” Small and Medium
“Edgleide” - “Aglidea”, “Eliglory”, “Gliria”, “Glidia”,
Proper names %‘Gliria”, “Egglu)i,de” All models
“Romildo” - “Romulo” Small
“MicroMed” - “micromédio”, “micromédia” All models
Acronyms “CTI” - “CPI” Large, Large-v2 and Large-v3
“MAST” - “MASH” Large
“automacao” - “Timentacdo”, “Burjultron”, “abertura”, All models

Medium and Large-v3
Small

Common words

“boiadeira’ - “banhadeira”, “brasileira”
“optei” - “obtei”, “obtenho”

Small, Medium and Large-v2
Medium and Large-v2

“Trajetoria” - “tranjetdria”, “transicdo” Small and Large
“cluster” - “clustering” Small
Foreignism “commodities” - “comdtito”, “comddito” All models
“BigTechs” - “big-tex”, “big tecs” Small and Large
Table 2: Examples of transcription variations observed among Whisper models
Model Accuracy Observations Num. of errors
Many incorrect names, random substitutions, severe distortions
Small Low . . 60
in vocabularies.
Medium | Reasonable Retains some errors, especially in proper names, technical 3]
words and some common words.
Large Good Corrects several words, but still fails with proper names and 2
acronyms.
Some failures in acronyms and names, but with progress
Large-v2 High compared to previous models. There are still distortions in 21
technical terms.
Large-v3 High Few errors, stable performa.nce, but some fallures in acronyms 21
and technical terms persist.
Shows the best results, with minor errors and contextual
Turbo High consistency. However, reproduces some errors already improved 20
in previous models.
Table 3: Transcription comparison among different models
Summary Transcription models
Interview | Audio time Small Medium Large Large-v2 | Large-v3 Turbo
#1 34m55s 14min 33min 1h13min | 1h03min 2h 58min
#2 1h05m25s 37min 1h13min | 4h18min | 2h35min | 3h30min | 1h02min
#3 1h22m19s | 1h09min | 2h24min | 3h28min | 2h48min | 3h32min | 2h32min
#4 1h13m31s | 1h39min | 1h21min | 4h46min | 2h19min | 3h10min | 1h18min
#5 1hO5m51s 33min 1h18min | 3h31min | 3hl4min | 3h20min | 1h15min

Table 4: Interview processing times for different Whisper models

recording (Bokhove and Downey, 2018). Our case
studies have shown that the total time spent tran-
scribing and reviewing each interview takes at least
three days. Ethos AT streamlines this transcription
process, allowing researchers to spend more effort
on other activities, such as text revision.

In this context, developing academic and institu-
tional projects requires high writing accuracy, so
errors in names, acronyms, and technical terms
compromise the software’s reliability. In Oral His-
tory interviews, the use of the rurbo or large-v3
models is justified by their superior lexical fidelity,
although it should be noted that these models some-

times lose precision in identifying certain words
that were correctly recognized by smaller models.
On the other hand, if the task requires greater speed
and can tolerate a higher error rate, smaller models
such as small or medium are more suitable.

In addition to evaluating transcription accuracy,
the graphical interface (Figure 1) was developed
to provide a simple and intuitive experience, al-
lowing users with no programming knowledge to
perform automatic transcription tasks efficiently.
The interface includes buttons to select the audio or
video file, define the chunk size, choose the desired
Whisper model, and indicate the output directory
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to save the result. To assist the user, there is a
dynamic log panel that displays each processing
stage, from file loading to the transcription itself.
This transparency helps the user understand what
is happening in real time, minimizing uncertainty
during longer transcription tasks. Additionally, the
interface features a Cancel Transcription button
that allows the user to interrupt the process.

The software also provides contextual help but-
tons (“?’) next to key parameters, giving short
explanations about each setting. This feature re-
duces the learning curve and reinforces accessibil-
ity for users outside the field of computer science.
The design emphasizes a balance between visual
simplicity and functional completeness, following
principles of user-centered design.

During the interface testing phase, an occa-
sional error message (“[WinError 5] Access de-
nied: *chunks™’) was observed on some computers,
especially those with restricted permissions or syn-
chronized folders (e.g., OneDrive directories). This
issue is related to file access authorization during
the creation of temporary audio segments for tran-
scription. Although it did not compromise the over-
all functionality of the system, the event highlights
the importance of verifying write permissions in
the selected output directories. Future versions of
the application will include an automatic verifica-
tion step to prevent this problem and improve user
feedback when such access restrictions occur.

In summary, the system demonstrated good us-
ability and operational robustness during testing.
Users were able to complete the entire transcrip-
tion workflow, from file selection to the genera-
tion of the final text, without requiring technical
support. The straightforward structure of the in-
terface makes the software suitable for research
environments and academic transcription activities,
aligning with the objective of democratizing ac-
cess to speech recognition technologies. However,
an occasional access error was observed on some
computers; although this behavior did not affect the
overall system performance, it revealed the need
for improvements in permission management and
user feedback in future versions.

7 Conclusion and future work

This study presented a software named Ethos AT
and a comparative analysis of different Whisper
models applied to the automatic transcription of
Oral History interviews. The results demonstrate

that, although smaller models (small and medium)
offer faster processing times, their accuracy is sig-
nificantly affected, particularly in the recognition
of proper names, acronyms, and technical vocab-
ulary. Larger models (large, large-v2, and large-
v3) provide more faithful transcriptions, capturing
complex expressions and nuances of spontaneous
speech, but at the cost of higher computational de-
mand and longer execution time.

In contrast, the furbo model reduced inference
time with accuracy comparable to the larger ver-
sions. These findings suggest that recent optimiza-
tions represent a promising direction for a balance
between performance and efficiency in ASR ap-
plications. However, variations in performance
depending on language and acoustic conditions
highlight the need for continuous evaluation and
adaptation of models to specific linguistic contexts.

Beyond quantitative measures, this work rein-
forces the role of automatic transcription in democ-
ratizing access to oral content. The integration of
these tools in research environments can accelerate
documentation workflows and broaden access to
speech-based resources for diverse communities.
However, human review remains necessary to ver-
ify and correct erroneously transcribed terms in all
models used, demonstrating the need for human
agents for final evaluation.

As future work, we intend to implement hy-
brid approaches that combine Whisper models with
specialized institutional glossaries, improving the
recognition of acronyms, foreign words, and tech-
nical terms. Additionally, we plan to integrate
speaker diarization, enabling the automatic distinc-
tion of different speakers within the same record-
ing and improving the structure and usability of
the transcriptions, particularly in multi-participant
interviews. And finally, we aim to improve the
graphical interface and correct errors, aiming for
greater compatibility between operating systems
and stability in execution.
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