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Abstract. The proliferation of voice assistants for information retrieval is pro-
pelled by technological advancements and seamless integration across multiple
devices. Nevertheless, these systems face persistent limitations in accuracy and
comprehension, particularly with accents, dialects, and uncommon terminology.
Additional challenges include the cost of these technologies and their reliance
on internet connectivity. This study conducts a comprehensive evaluation of vari-
ous low-cost speech-to-text transcription software, including Windows10, Google
Docs, GBoard Android, Speech-Texter, and SpeechNotes. The analysis focuses
on high-error criteria in text retrieval, such as proper names, homophones, neolo-
gisms, and multilingual usage. Key variables examined include user age, message
duration, and ambient noise levels. Transcription quality is meticulously assessed
to determine the efficacy of voice retrieval. Results reveal significant disparities
among the software, with GBoard Android demonstrating superior accuracy and
the lowest error rates.
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1 Introduction

The use of voice assistants to obtain information is continuously evolving. There are
several technological reasons for this marked growth in the use of voice assistants.
Some of the most significant improvements stem from advances in technology that have
led to a greater ability to understand users. In this way, voice search systems offer a
more convenient way to interact with technology thanks to the advancement of natural
language processing and deep learning with neural networks [1, 2]. Instead of manually
typing or searching for information, users can perform a query by voice command. This
approach saves time and effort, which explains the current popularity of voice search
systems and has even led to a shift in consumer preferences driven by the convenience
and naturalness of voice interaction.

From a technical standpoint, interoperability allows voice assistants to integrate with
a wide variety of applications and services, extending their functionality. These systems
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are especially useful in voice-enabled devices for everyday tasks, such as smart speakers,
televisions, home appliances, driving aids, smartphone searches [3], home automation,
and robotics [4]. The market for speech-to-text transcription applications is expected
to reach $12.1 billion by 2031 [5]. However, there are still some limitations in their
performance regarding accuracy and comprehension. In practice, voice search systems
apply algorithms to perform speech-to-text transcription, and it is these texts that are
modeled by retrieval algorithms. Speech-to-text transcription presents various difficulties
due to the inherent characteristics of speech. People speak differently depending on
their dialect, accent, speech impediments, or prosody. These variations in speech make
accurate transcription challenging. Another common difficulty arises from the presence
of ambient or background noise. This factor can affect and interfere with the clear capture
of words, leading to erroneous alterations in the transcription. Often, in the daily use of
voice information programs, we encounter poor performance of some systems. The most
common reason for these errors is usually due to the quality of the software and hardware
used, both in the reproduction and transcription of the message. Often, in the daily use
of voice information programs, we encounter poor performance of some systems. The
most common reason for these errors is usually due to the quality of the software and
hardware used, both in the reproduction and transcription of the message.

In this study, the evaluation will focus on the quality of transcription under parameters
that are frequent sources of error in most systems. Examples of these parameters include
the length of the message and the age of the speaker. It should be noted that understanding
the semantics of the message, which is closely related to linguistic analysis, is excluded
from the study due to its complexity. The main objective of the study is to propose
an evaluation framework that can be easily adapted to the needs of specific projects.
For this reason, a limited sample of both the factors studied and the subjects of the
study has been chosen. A secondary objective is to design a simple method to evaluate
low-cost speech-to-text software. Understanding which free software performs better
has obvious advantages for users and companies with limited financial resources. This
paper evaluates speech-to-text transcription in Spanish to determine the quality of speech
retrieval systems. The rest of the paper is structured as follows: first, the objective
of the study is outlined, followed by a presentation of the methodology used. This
methodology is then applied to compare different software applications, with the results
of this comparison presented in Sect. 4. Finally, some conclusions of the study are
discussed.

2 Speech-to-Text Transcription

2.1 Factors Affecting Speech-to-Text Transcription

Initially, automatic speech recognition systems required high-quality audio and articu-
lated speech. The results were limited, but accuracy rates eventually improved to surpass
human performance in terms of speed and cost. Automatic speech recognition soft-
ware has undergone significant evolution [6, 7], due to advancements in deep learning-
based techniques [8]. Nonetheless, automatic speech recognition still presents certain
imperfections [9].
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For the evaluation of speech-to-text transcription, the criteria may vary. Common
aspects are those related to the fidelity with the original content, whether it is the same
content and meaning or the literal transcription in terms of the number of correctly
transcribed terms. Grammatical consistency is also measured in terms of proper sentence
structure, verb tenses, gender and number agreement and punctuation. A relevant aspect
that is analyzed is the use of technical terms or specialized jargon. This terminology
usually influences the quality of the transcription. Likewise, proper names must be
controlled as they tend to generate errors due to their variability. Technical terminology
and proper names have historically posed a challenge for natural language processing
systems [10].

Apart from the characteristics of the message itself and the linguistic aspects there
are other factors related to the communication channel and the characteristics of the
users [11-13]. The characteristics that affect the message take into consideration the
duration or clarity and quality of the audio. There are some factors that reduce the
clarity of the message, such as when several speakers participate simultaneously. As for
the linguistic characteristics, we observe how they affect aspects such as the simplicity
and coherence of the message. The use of words from multiple languages or dialectal
varieties compromises the clarity of the message [14]. Another feature that hinders
the interpretation of the message is the use of homophonic words, which can lead to
misinterpretation of meanings, even though the sound for transcription is the same.

On the other hand, it has been shown that ambient noise or echo during message
delivery negatively affects transcription quality [15]. From the perspective of speech
delivery, transcription quality can be influenced by the inherent characteristics of the
user, such as age, educational level, cognitive or physical disabilities, prior knowledge
of the subject, or language proficiency. Several factors contribute to the overall clarity
and accuracy of a transcription:

e Message characteristics: Factors such as message length, clarity, and audio quality are
crucial. For instance, the clarity of the message may diminish when multiple speakers
participate simultaneously.

e Linguistic characteristics: The clarity, simplicity, and coherence of the message are
essential. Challenges may arise from the use of multiple languages or regional dialects
within the same message. Homophones, words with the same sound but different
meanings, can also cause confusion.

e User characteristics: These include the listener’s age, educational level, cognitive or
physical disabilities, previous knowledge of the subject, and language proficiency.

e Communication channel: External factors such as ambient noise or echo during
message reproduction can significantly affect transcription quality.

2.2 Methods for Evaluation of Speech-to-Text Transcription

To assess the quality of speech-to-text transcription, several approaches are used to
measure accuracy. A common method is manual comparison, which provides precise
measurements. In this approach, experts review the manual transcript, comparing the
system-generated transcript with the original audio. Accuracy is assessed by identify-
ing and correcting errors, whether they are grammatical mistakes, word omissions, or
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misspellings. The main disadvantage of manual testing is that it is costly and time-
consuming, which is why more and more studies are applying automatic evaluation,
although not without criticism [16, 17]. A reference transcript is used, and various met-
rics, such as the Word Error Rate (WER), are applied to evaluate the match between the
transcripts [18]. This metric measures the proportion of omitted or incorrect words in
the transcript compared to the reference transcript. WER is a widely accepted metric for
measuring error in word identification.

WER (%) = (S+D+1)/N.

It uses four variables for this purpose:

(S) Number of substitutions: the word is present in the transcription but with errors.
(D) Number of deletions: words deleted in the transcription.

(I) Number of insertions, words that are in the transcript but not in the voice
message.

(N) Number of words in the original text, also called reference.

Other metrics have been proposed. The Relative Information Lost (RIL) metric is
based on the concept of Mutual Information (MI) and serves as a substitute for Word
Error Rate (WER). It evaluates the statistical relationship between the words in the
input (X) and output (Y) by utilizing Shannon Entropy H in its calculation [9]. Another
approach is based on perceptual evaluation, involving a listener’s judgment of the quality
of the transcription. It is therefore a subjective evaluation in which evaluators rate the
accuracy, comprehension, and fluency of the transcription according to a scale. It is an
optimal method for capturing the quality of perception in real situations.

Corpora are often used as resources for evaluating speech-to-text transcription sys-
tems. These corpus transcriptions are typically performed by experts [19, 20]. Although
there is still room for improvement in some areas [20], progress in the automatic tran-
scription of spoken language is evident [21]. However, many cases still require manual
review, as high accuracy rates do not always equate to high quality [22]. The corpora used
for system evaluation should be distinct from the learning corpora to avoid influencing
the results.

WER values and population samples vary across individual research studies. Pentlant
and colleges [16] conducted an analysis of error-prone texts derived from job interviews
and manually generated transcriptions, utilizing a sample consisting of 35 male par-
ticipants and 54 female participants. The researchers observed a range of WER values
between 7.3 and 54.2, which were influenced by factors such as corpus characteristics,
background noise, accents, and transcription quality. lancu (2019) [23] investigated the
performance of Google Cloud STT, involving 10 male participants and 10 female par-
ticipants, and reported WER values ranging from 9.93 to 57.19. In a study carried out
in Spanish by [24] with a sample comprising 7 male participants and 3 female partic-
ipants, the author highlighted the benefits of respeaking texts as a strategy to enhance
transcription accuracy. Pfeifer et al. (2024) [17] discovered that Al-generated transcripts
exhibit high accuracy levels, with WER values falling within the range of 2.5 to 3.36.
These researchers also observed that older adults tend to articulate more clearly and at
a slower pace. The variability in WER values across studies underscores the impact of
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various factors, such as speaker characteristics and linguistic diversity, on transcription
accuracy.

3 Methodology

In accordance with the objectives of this study and the available resources, data were
gathered from various speech-to-text transcription software applications. To compare
the applications, an ad-hoc corpus containing error-prone aspects was used, and a varied
population sample was selected. This work involves the following phases: 1) select
message corpus; 2) select analysis parameters; 3) classify users and messages by their
characteristics; 4) subjects reproduce test sentences under certain conditions; 5) define
the tests and 6) the text generated by the application is subjected to evaluation. The
accuracy of the result is evaluated using the WER function.
In phase 5), tests are developed at several levels for:

Simple element or units
Combination testing of the parameters chosen in the previous stages. In the case of
the combined tests, it has been limited to the aspects of age, text size and ambient
noise.

e Linguistic tests are conducted to assess aspects such as homophones, neologisms,
combined languages, and proper names. The text reproduced by the application is
evaluated to determine its accuracy.

We have applied the above steps to a set of five free speech-to-text software
applications.

3.1 Evaluated Software

This study conducts a comprehensive evaluation of various free speech-to-text transcrip-
tion software, including Windows10, Google Docs, GBoard Android, Speech-Texter,
and SpeechNotes. The set of software applications studied is shown in Table 1, where
the main advantages and disadvantages are listed.

e Windows 10 integrates its technology into the operating system and utilizes machine
learning methods and deep neural networks. It is designed for voice recognition for
dictation and system control through commands.

e Google Docs uses the Google Voice Typing system and the Google Cloud Speech-to-
Text (STT) API technology. This system relies on deep neural networks (DNN) and
machine learning (ML) and has been implemented for voice-to-text transcription in
documents.

e GBoard (Android) employs Google’s voice recognition algorithms, including deep
learning models and natural language processing (NLP). It is designed to convert
voice input to text on Android devices.

e Speech-Texter is based on Google’s voice recognition technology, utilizing machine
learning and neural networks. It has been designed for voice-to-text transcription.
SpeechNotes uses Google’s Speech Recognition API and employs ML and NLP
models to achieve accurate voice-to-text transcription.
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All these services are based on advanced voice recognition technologies, primarily
supported by neural networks and machine learning. The main difference lies in how
and for what purpose these technologies are used on each platform. Windows 10 offers
integrated features within the operating system, while Google-based applications like
Google Docs, GBoard, Speech-Texter, and SpeechNotes leverage Google Cloud infras-
tructure for transcription and text input. Of all the applications analyzed, the option of
free use has been analyzed. The price of these applications depends on their level of
use. Previously, some applications such as Cloud Speech to Text and Assembly Al were
evaluated. These are highly prestigious proposals whose advanced APIs provide a high
configuration capacity. However, they have been discarded for this study due to their
high cost.

Table 1. Pros and cons of an initial comparison of the analyzed software.

Application Pros Cons

Windows10 Popularity of the operating system. | High loading time
Accessible design. 30 commands
Languages: 8

GoogleDocs Endorsed by a reputable company Not identified
and a popular office application.
Languages: 60

GBoard Android Installed on mobile devices and with | Not identified
fast loading time
Languages: 47

Speech texter Possibility to create your own Poorly publicized and with little
commands support from the community
Languages: 63

Speech notes Simple and usable editor Poorly publicized and with little
support from the community

3.2 Corpus for Evaluation

The message sample utilized in this study was sourced from an initiative focused on
information-seeking methods targeted at Spanish-speaking undergraduate students. Par-
ticipants were instructed to suggest phrases and terms they found challenging to compre-
hend. This method yielded a diverse, ad-hoc collection of messages, tailored to accom-
modate varying individual needs. Table 2 details the characteristics of the 25 participants,
categorized by age and gender.

A total of 600 voice messages were recorded from the sample population, playing
back the sentences under different conditions. To avoid biases related to clarity and
comprehension, all messages were confirmed to have high readability according to the
Fernandez-Huerta index and more comprehensive metrics [25]. Sentence complexity
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Table 2. Characteristics of the sampled population in the study.

Factor Categories Number of Individuals
Age Young (<10 years) 4

Media 14

Advanced (>60) 7
Sex Male 10

Female 15

levels are between very easy and normal. This prevents a higher complexity that could
distort the study.

3.3 Variables

With respect to ambient noise, tests have been performed with three levels: (1) Minimum
(<10 db); (2) Low (between 11-25 db); (3) Medium (26—40 db). The highest value
recorded in ambient noise is 40 db, not exceeding the maximum legally allowed.
Regarding the selected criteria, different considerations on message length and lin-
guistic aspects should be mentioned. Table 3 shows the selection of criteria and selected
categories. The messages were of different lengths, classified into single word, short (less
than 12 words), medium (between 13 and 30 words) or long (31-10 words) messages.
Messages ranged from single words, e.g., “okay” or “hello”, to long messages from
literary works. Messages labeled as medium contain subordinate sentences long length
corresponds to a short paragraph, which may contain several subordinate sentences.

Table 3. Examples of sentences in Spanish.

Duration | Text Translation

Short

Estos robots van a acabar dominando el
mundo

These robots will end up dominating the
world

Medium

El sol es débil cuando se empieza a
elevar, y cobra fuerza y coraje a medida
que avanza el dia

The sun is weak when it begins to rise,
and gains strength and courage as the
day progresses

Long

Cada libro, cada volumen que ves aqui,
tiene un alma. El alma de la persona que
lo escribio y de aquellos que lo leyeron
vivieron y sofiaron con él. [....]

Every book, every volume you see here,
has a soul. The soul of the person who
wrote it and of those who read it lived
and dreamed with it. [....]

The sentences are labeled by collecting linguistic aspects that, according to the

scientific literature, interfere with the accuracy of the transcription, such as proper names,
homophonic words, terms in several languages or neologisms. Table 4 shows the criteria
marked in the sentences of the message collection.
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Table 4. Factors and labels used in evaluation of audio recovery systems.

Factor Categories Messages

Message length Single word

Short (<12 words)

Medium (between 13 and 30 words)
Long (between 31 and 100 words)

Linguistic aspects Proper nouns

Homophones

Different languages

R SN S H S RE S S

Neologisms

For the linguistic aspects, different phrases have been defined. Examples of sentences
are given below:

e Personal names example: “Dr. Fuentes was my professor. “ (“El doctor Fuentes fue
mi profesor”). Rosa is my friend (“Rosa es mi amiga”)

e Homophones example: If you come to live with me, you will inherit my goods (“Si
vienes a vivir conmigo, heredards mis bienes”). Would you like to come for a cup of
tea? (“; Te vienes a tomar un té?). Phonetic transcription for Te and té Spanish words
is /te/.

e Language mixing example: You're cool. (“Eres cool”), What a show! (“;Menudo
show!”)

e Neologisms example: If the number of cases rises, we will be confined ( “Si el niimero
de casos aumenta, estaremos confinados.”).

3.4 Evaluation Test

The five applications are used to evaluate each type of test designed, including unit
tests, combined tests, and linguistic tests. Each software application processes eight
single test sentences, considering the individualized factors outlined below. 1) Gender;
2) Age; 3) Message Length; 4) Environmental Noise; 5) Simultaneous Conversations.
6) Realtime evaluation; 7) Evaluation of orthographic signs. In the combined tests, three
variables are selected for evaluation: ambient noise, message length, and the age range
of the message sender. A total of 36 combinations are applied, integrating the different
categories. For comparison purposes, the accuracy of the results is calculated using
the WER function. Finally, linguistic tests are used to evaluate the performance of the
computer tools, particularly to assess accuracy in sentences containing proper nouns,
homophones, mixed languages, and neologisms.



4 Results

Comparative Evaluation of Speech-to-Text Software

293

For the evaluation of speech-to-text transcription software, a total of 2700 analysis
iterations were run (Table 5) distributed among the different types of tests. In order to
avoid a large number of combinations, different test groups have been defined for each
of the selected applications.

Table S. Iterations by type of evaluation test. Each experiment is run on the 5 applications tested.

Test type # individuals | # experiments Total
Unitary tests 25 56 (7 tests x8 sentences) 1400
Combined test Combines 3 different ambient noise settings with 4 | 600
dialog durations

Children 4 12 48
Middle age 14 12 168
Seniors 7 12 84
Linguistic tests |25 16 400
Total 108 2700

e Unittests: each software is evaluated, for the 8 sentences, by a single factor: 1) gender;

2) age; 3) message duration; 4) ambient noise; 5) simultaneous conversations; 6) real-
time evaluation; 7) evaluation with different orthographic signs. All the analyzed
software has given correct results in the unit tests. That is, there were no errors in any
execution.

Combined tests: three aspects have been selected because of their weight in the tests.
These criteria are described in 3.2: age, ambient noise, and message duration. Each of
these criteria has different categories: for age there are 3 categories: young, middle-
age, senior; for noise there are 3 categories (minimum, low and medium); and there
are 4 categories according to message length, as detailed in point 3.2. All possible
combinations between these categories have been performed (3 x 3 x 4 = 36 tests).
The result was evaluated with the WER function.

Linguistic tests: The results of the 16 linguistic tests are shown in the table below.
These tests look at performance with homophones, proper nouns, mixed languages,
and neologisms. Each of the criteria contains four test sentences, i.e. in total there
are 16 sentences (4 criteria by 4 sentences). The evaluation is conducted through
the accurate recognition of the problematic terms. Consequently, the findings are
presented in Table 6.

The following graphs (Figs. 1 and 2) summarize the results of the combined test.

The histograms show the mean results for different message lengths, for different ages
and noise levels. Of note is the low error rate in middle age, as opposed to high error
rates in the elderly and children.
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Table 6. The linguistic performance of the software is evaluated by correctly identifying the key
term of each test sentence.

Tools Homophones | Mixed Languages | Neologisms | Proper |SD
nouns
Gboard Android | 3.16 3.64 3 2.88 0.29
Google Docs 2.12 3.16 2.72 3.72 0.59
SpeechNotes 3.08 3.04 3.08 3.76 0.3
SpeechTexter 2.88 2.64 3.04 3.76 0.42
W10 22 1.84 3.84 3.8 0.91
Average 2.688 2.864 3.136 3.584

The analysis reveals that there is a moderate positive correlation between age and
WER (0.377), indicating that the age of users has some influence on the Word Error
Rate. This finding coincides with Pfeifer et al. (2024), that observes that middle aged
people speak clearer than youngsters. The other factors (software, ambient noise, and
duration) have very weak correlations with WER, suggesting that they have minimal
impact on the error rate. The variability in WER, as indicated by the standard deviation,
is moderate (14.41), and the presence of samples with no errors (minimum WER of 0)
highlights the potential for achieving high accuracy under certain conditions.

The findings regarding age are more pronounced in the isolated test, where the
standard deviation (SD) for the overall WER is 14.6. This SD increases to 19.85 for
the elderly and 17.37 for younger individuals, while it remains at only 7.75 for the
middle-aged group.

If we analyze the overall results without breaking them down, two applications stand
out: Google Docs and GBoard Android. Both have a low SD (22.42 and 17.55 respec-
tively, and an average of 30.03 and 28.08). Both applications are fast and functional, and
present optimal accuracy rates and good loading times. While far from these software
applications, the SpeechNotes application presents very acceptable performance. At the
opposite extreme is Windows 10. W10 has the highest average WER, indicating that it
tends to have more errors on average compared to the others. It also has a wide range
with a high maximum WER.
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WER Distribution by Age

70 $
60 —_— ¢
50
40
-4
w
=
30
20
$
) ;
0
young middle-aged senior
Age
WER Distribution by Software
70 +
60 + _—
50
40
<
g ‘
30 +
20
10
0
speechNotes SpeechTexter Gboard Android GoogleDocs

Software

Fig. 2. Boxplot diagrams for age and Software for the combined tests.

5 Conclusions

The main findings of the study can be summarized in three aspects: 1) a straightforward
methodology for the analysis of speech-to-text systems is proposed. 2) A comparison of
low-cost software and freeware has been conducted under the proposed methodology;
3) Several aspects reported in the literature as a source of error have been tested with
a varied sample of users. Studies on application performance are usually limited to a
single aspect, either to user group characteristics (e.g. elderly or hearing impaired) or
to technical aspects, such as ambient noise. Since these different aspects form a whole,
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both groups have been included in the combined test. The criteria chosen were those
aspects that, according to the literature, have the greatest impact.

The best performing software was GBoard for Android. This software is competitive
with commercial alternatives. Gboard has a moderate average WER and the smallest
standard deviation, suggesting more consistent performance. Although its accuracy is
not 100% and it has difficulties in identifying proper names, it shows good performance
and adaptability to the user.

Unit tests have shown satisfactory results. In linguistics, neologisms and language
mixtures are problematic, since the language models are poorly adapted to these infre-
quent terms. This observation has been recently reported by authors regarding the use of
ASR applied to language teaching. Perhaps the most noteworthy aspect is the relation-
ship with age, where it seems clear that poor diction in children or physical problems in
the elderly impairs the effectiveness of ASR.

Although the sample could be increased to show a more complete analysis, it should
be taken into consideration that the objective of these computer applications is to give
an adequate result for each individual user, something that is evidently not achieved. It
should be noted that the objective in this study was not to evaluate people but applications,
an objective that has been reasonably satisfied.

As for future work, we intend to increase the number of users and characteristics
studied, in real situations. Many corpora, such as those from radio broadcasters, are
significantly refined and do not show day-to-day situations of the general population.
The analysis presented in this study was performed manually, which limits the number
of aspects to be analyzed. A future development could be the automation of some aspects
in order to have a more scalable methodology. The methodology depends on interviews
with users, so the 2700 tests performed could be optimized with an online testing platform
to reach a larger population.

Funding. Research partially funded by the R&D grant from the Autonomus Community of
Madrid (PHS-2024/PH-HUM-313).
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