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ABSTRACT KEYWORDS

This study scrutinizes Automated Speech Recognition (ASR) software, a Automated transcription;
powerful instrument to expedite the translation process, and their unin- ideological textual
tended bias against Arabic speakers, particularly refugees. We propose that analysis; bias in machine
pre-existing biases in ASR training data reflect societal prejudices, leading to learning; refugee

interviews; automated

orientalist and Islamophobic misrepresentations. We used four ASR tools to o
speech recognltlon

transcribe interviews with Arabic-speaking refugee women, employing ideo-
logical textual analysis to detect biases. Our findings indicate that ASR algo-
rithms may inadvertently associate Arabic speakers with conflict, war,
religion, and narrow down Arab identities to Islam-centric representations.
Acknowledging these biases is essential for fostering a more equitable and
culturally sensitive technological environment.

Introduction

In the field of qualitative research, a domain deeply rooted in dialogical and interview-based
methodologies, the transcription of verbal discourse into textual data emerges as a pivotal yet
oft-overlooked component in scholarly discourse (Davidson, 2009). Historically, qualitative research
methods necessitated the concurrent documentation of interviews, a practice laden with the
potential for errors and inefficiency. The advent of voice recorders signified a paradigm shift
in data collection, allowing researchers to capture the full breath of verbal exchanges, thereby
minimizing the risk of data loss or misinterpretation.

Despite this technological progression, the transcription of recorded dialogues remains a
laborious endeavor, frequently demanding thrice the duration of the original recordings for
accurate transcription. The recent emergence of automated transcription software has heralded
a more efficient approach to this protracted task, finding diverse applications in language learn-
ing, accessibility enhancement, psychosocial support, and streamlined documentation processes
(Choe et al,, 2019). Moreover, advancements in machine learning (ML) have catalyzed the
development of innovative methods for sociological knowledge-driven textual analysis (Németh
et al., 2020), thereby enriching the interpretative depth of qualitative data.

Nevertheless, the burgeoning utilization of Automated Speech Recognition (ASR) systems
within research contexts is not without its caveats. A primary concern centers around the inher-
ent biases of ASR systems, which are inextricably linked to the training data used in their
algorithmic developments. Studies have highlighted a predilection of ASR systems for certain
accents or dialects, leading to a disproportionate error rate amongst speakers of varied linguistic
backgrounds (Koenecke et al., 2020). Such biases can engender misrepresentations and misun-
derstandings, particularly in sensitive settings, such as refugee interviews.
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In the sphere of migration governance, ASR systems hold promise for digitizing various
processes, including visa applications, interviews, and language translation. However, the imple-
mentation of these systems necessitates careful consideration due to the possibility of biases and
inaccuracies that could negatively affect vulnerable individuals. The role of algorithmic
decision-making in these processes, critiqued by Eubanks (2018) and Molnar (2023), reflects a
broader concern about systemic biases and the risk of oversimplified technological enforcement
in migration management. This parallels the specific biases in ASR systems identified in inter-
viewing Arabic-speaking refugees, underscoring the need for ethical technology application in
migration. The importance of addressing ASR and AI biases for ongoing research to understand
and mitigate ASR system limitations, particularly in migration contexts (Katzenbach & Ulbricht,
2019; Koenecke et al., 2020; Latonero & Kift, 2018).

This study aims to scrutinize the ideological biases and stereotypes that may arise from the
employment of ASR transcription software in interviews with refugee populations, particularly
focusing on Arabic-speaking refugee cohort. Through ideological textual analysis (ITA), the
research endeavors to unravel biases pertaining to religious, societal, and linguistic dimensions.
As in-depth comprehension of these biases is vital for the precise interpretation of ASR outputs
and to mitigate any potential harm to vulnerable groups. As ASR systems become increasingly
integral to research methodologies, an acute awareness of their inherent biases is essential for
their ethical and responsible utilization.

The ensuing sections of this article will commence with an exploration of the conceptual
facets surrounding studies of Arabic-speaking migrant communities. This will be followed by
a review of the extant literature on the challenges associated with the application of ASR
technology, a detailed exposition of our data collection and methodological approach, an anal-
ysis of our findings within the context of conceptual frameworks, and finally, a discussion
encompassing our findings, the limitations of our study, and potential avenues for future
research.

Studying Arabic-speaking migrant communities

The increase in refugee movements, especially from Syria to Europe and nearby regions, has
intensified research focusing on refugees and migrants, highlighting the importance of qualitative
methodologies using Arabic-speaking interviewers (Al-Amer et al., 2016). Transcribing interviews
in Arabic remains a time-consuming task, even for Arabic-proficient researchers, significantly
slowing down research processes (Aloudah, 2022). The use of computer-aided transcription tools
offers a solution to these challenges but necessitates careful consideration of their suitability,
especially for interviews with predominantly Syrian, Arabic-speaking, and Muslim participants,
who often have complex migrant or refugee experiences.

In this milieu, the imperative for decolonizing methodological becomes pronounced, especially
in research involving vulnerable populations (Thambinathan & Kinsella, 2021). The pervasive
influence of Eurocentric paradigms extends beyond mere methodological approaches (Held,
2019), permeating the very instruments utilized for data collection and subsequent data analysis.
A critical understanding of orientalism and Islamophobia, as manifest in public and political
discourse, is imperative to contextualize the positioning of these communities (Ali, 2017; Feldman
& Medovoi, 2016). Orientalism, a concept first explicated by Said (1979) delineates the West’s
intellectual and cultural patronage over the East, fostering perceptions steeped in paternalism
and ethnocentrism. This discourse, in turn, fuels the proliferation of Islamophobia, here con-
ceptualized as the amalgamation of negative stereotypes and biases against Islam and its adherents,
rooted in orientalist caricatures.

Therefore, examining ideological biases in automated transcription tools extends beyond
technical analysis to a critical exploration of potential orientalist and Islamophobic biases. This
perspective is essential for understanding how such biases affect the portrayal and interpretation
of Arabic-speaking communities. Our study integrates this critical approach with a broader
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examination of the socio-cultural and ideological contexts surrounding migrant communities,
aiming to uncover how these influences shape transcription outcomes.

Understanding the ASR

ASR represents a technological foray into the sphere of computational linguistics, designed to
identify and interpret spoken language captured via microphones or telephonic devices. At its
core, ASR employs computational algorithms to discern spoken language, effectively translating
the acoustic signals into coherent strings of words. ASR systems are adept at transforming the
acoustic realization of the speech into a sequenced array of linguistic units or words. This
transformation can be achieved through either conventional ASR methodology or via advanced
deep learning techniques.

In the traditional paradigm, ASR algorithms generate features from the audio inputs and
subsequently engage an acoustic model (AM) to match phonemes. This is followed by a language
model (LM), which utilizes probability distributions to predict words and their sequential
arrangement. Conversely, deep learning approaches integrate the functions of AM and LM. The
alignment of training data with test conditions is an important factor influencing ASR perfor-
mance. It is imperative to note that, akin to many other Artificial Intelligence (AI) processes,
deep learning relies on the diversity and robustness of training corpora for any given language.
These Al algorithms do not differentiate between factual data and user-generated content, thereby
making the patterns within the training information a potential conduit for the transmission of
initial biases.

The efficacy of an ASR system is conventionally evaluated using the Word Error Rate (WER),
a metric that quantifies errors in an ASR generated transcript as a percentage of incorrect words,
inclusive of insertions, deletions, and substitutions when contrasted with a standard transcription.
It is noteworthy that WER primarily focuses on lexical accuracy, disregarding the semantic
context of words. Studies have demonstrated that ASR systems exhibit superior performance in
transcribing conversational telephone speech when assessed in terms of WER (Xiong et al,
2018). However, the semantic integrity of speech, as important as lexical accuracy, can lead to
divergent connotations and interpretations, particularly when juxtaposed between spoken and
written modalities (Collins et al., 2019).

Contemporary research has harnessed advanced computational methodologies, such as Natural
Language Processing (NLP) for grammar error detection (Choe et al., 2019) and contextual
language analysis within ASR outputs, addressing issues, such as racial bias (i.e., Koenecke et al.,
2020; Tan et al, 2020). The challenges of addressing connotation problems, indicative of
socio-political, cultural, or racial biases, differ significantly from mere error detection. The
application of NLP in this context is notably more complex, focusing on pattern recognition
and deep neural network-style ML methods, with existing research indicating inherent biases
within NLP itself (Sun et al., 2019).

To elucidate, research has revealed gender biases in voice recognition technologies, with
systems trained on male voices performing worse on female voices, emphasizing the importance
of diverse training data for gender equitable recognition (May et al., 2019; Tatman & Kasten,
2017). Additionally, racial biases in ASR systems, demonstrated by lower accuracy for certain
accents or dialects, point to ingrained biases (Koenecke et al., 2020). These biases compromise
system utility and reinforce stereotypes, highlighting the need for careful, inclusive ASR
development.

Accuracy, bias, and stereotyping

ASR algorithms have witnessed substantial advancements in voice-to-text accuracy, particularly
for globally dominant languages like English (Xiong et al., 2018). Nevertheless, languages with
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lesser resources and smaller speaking populations, such as Arabic, encounter formidable chal-
lenges in attaining comparable accuracy levels (Eberhard et al., 2019). Arabic, with its complex
morphology and extensive lexicon, presents considerable complexities in amassing adequate
resources for effective acoustic, pronunciation, and language model training (Dhouib et al., 2022).

In the context of social science research, the deployment of automated transcription services
rajses critical issues concerning precision and algorithmic bias. Distinct from researcher bias,
which pertains to methodological inclinations or interpretive biases, Al algorithms can manifest
biases affecting voice-to-text accuracy and specificities of content (Blodgett et al., 2020; Garg
et al., 2018). Such biases within AI algorithms predominantly originate from the preconceptions
embedded in the training data and annotated speech corpora (Davidson et al., 2019; Kiritchenko
& Mohammad, 2018). Investigations into gender and racial biases in Al systems have unveiled
disparities and negative generalizations, highlighting the need for ethical considerations in Al
development (Koenecke et al., 2020; May et al., 2019). For example, studies highlight gender
bias in AI, where voice recognition systems often fare better with male than female voices,
causing transcription errors for women (Tatman & Kasten, 2017). Racial bias is also evident,
with lower recognition accuracy for African American Vernacular English speakers compared
to Standard American English (Blodgett et al., 2020). These issues arise from the lack of diverse
voices in training datasets, resulting in systems that underperform for certain demographic groups.

However, specific biases related to the Arabic language and its cultural nuances have received
relatively scant attention. Stereotyping and prejudices, such as Islamophobia and orientalism,
remain largely unexamined within the purview of ASR systems (Mozafari et al., 2020; Vidgen
& Yasseri, 2020). While existing research on hate speech predominantly focuses mainly on
user-generated texts, the biases inherent in speech-to-text algorithms are yet to be thoroughly
explored. A critical assessment of contextual and conceptual biases in annotated speech is crucial,
especially considering the implicit associations between Arabic input and Islam. Such associations
between the Arabic language and Islam go beyond linguistic connections, reflecting deep cultural
and religious significance. Arabic’s link to Islamic texts often implies an automatic association
with Islam, a blend of language with cultural and religious symbolism (Farghaly, 2010). This
overlap may introduce biases in ASR systems, where Arabic expressions could evoke stereotypes
or misconceptions based on Islamophobic attitudes (Allen, 2020; Awan, 2016).

This study endeavors to augment the current corpus of knowledge by employing ideological
textual analysis to discern biases in automated transcription services, with a specific focus on
Arabic input. It examines the performance of ASR algorithms with an emphasis on socio-cultural
sensitivity. By elucidating biases inherent in ASR systems and deepening our understanding of
socio-cultural dynamics, this research seeks to mitigate potential detrimental effects and foster
equitable and accurate outcomes in sensitive contexts.

Theoretical framework

Our research integrates a deconstructive framework, drawing upon Foucault’s analysis of societal
power dynamics (1972), Van DijKs insights on cognitive ideology (1998, 2013), and Said’s
post-colonial critique (1979), to scrutinize biases in ASR technology used with Arabic-speaking
refugees. The deconstruction approach, initiated by Derrida (2001), is crucial for challenging
binary oppositions and inherent hierarchies, enabling a detailed examination of ASR technologies’
nuances. It reveals the subtle biases and power structures embedded within ASR outputs, high-
lighting how these may influence perceptions of Arabic-speaking refugees.

Foucault’s discourse theory provides a lens to understand the power relations that shape
knowledge production and technology development. Van DijK’s exploration of cognitive ideology
complements this by analyzing how societal biases are internalized and replicated in technology,
affecting the representation of minorities. Said’s examination of orientalism (1979) adds a critical
perspective on the cultural and historical biases that ASR technologies risk perpetuating, empha-
sizing the need for awareness in technological development and application.
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Together, these theoretical perspectives offer a comprehensive framework for analyzing the
complex interplay between technology, society, and entrenched biases. They guide our critique
of ASR systems, advocating for the creation of technologies that are more attuned to cultural
sensitivities and linguistic diversity. By emphasizing the importance of acknowledging and valuing
the diverse backgrounds of Arabic-speaking refugee communities, our framework calls for a
reduction in biases and an enhancement of inclusivity in technological practices.

This robust theoretical foundation situates our research within a larger conversation about
technology’s societal impacts, encouraging ongoing discourse on how technological advancements
can either contribute to or help dismantle societal biases.

Data and methodology

Our study engaged in a comparative analysis using four automated transcription software plat-
forms. It was underpinned by seven semi-structured in-depth interviews originally aimed at
exploring the lived experiences of refugee women settled in Western Europe. The original
interviews sought to understand the journey of these women and their experiences after arriving
in their host country. These conversations were part of a wider investigation into the media
portrayal of Syrian refugee women in Europe (Ceylan, 2021).

The project comprised 27 interviews conducted in three phases between 2020 and 2021. The
methodology adhered to the Grounded Theory (GT) approach, as conceptualized by Glaser and
Strauss (1967). This inductive method allows for theories to emerge directly from the data,
advocating for an iterative process of data collection and analysis that is dynamically intercon-
nected. This approach was particularly relevant for exploring the experiences of refugee women,
uncovering insights unanticipated at the study’s start. The initial phase included seven interviews
with Syrian, Arabic-speaking women in their 30s to mid-40s, living in Germany, The Netherlands,
and Belgium, all holding legal refugee status and having resided in their host country for over
5 years.

The interviews were conducted in Arabic, with five of the seven respondents speaking the
Damascus/Syrian dialect of Arabic, matched the interviewer’s own dialect, with two respondents,
Syrian women of Palestinian background, speaking the Palestinian dialect. Duration ranged from
30 to 60min, dictated by respondents’ availability and the response depth. For transcription
analysis, we selected 30-min interviews.

The content avoided political dimensions, focusing instead on 12 core questions about the
respondents’ European experiences and social media use, particularly from a gendered lens. Due
to COVID-19 restrictions, interviews were conducted online via Messenger and WhatsApp, as
these platforms were favored by the participants. Recordings were captured using the computer’s
built-in audio recorder—a TOSHIBA Satellite C655D—with a sampling frequency of 97 kHz,
with the audio files saved in the M4A format. Acoustic quality varied among the audio files
due to these logistical considerations.

Lastly, it is pertinent to note that the interviewer herself identifies as a Syrian migrant woman
and is a native Arabic speaker. This alignment with the researched group, despite differences in
legal status (migrant vs. refugee), enriches the interviewing process through shared cultural and
linguistic contexts. Participants were duly informed of their ethical rights as part of the study,
and they were provided with a written consent form clearly articulating the research purpose
and their role therein. This step was crucial in ensuring transparency and fostering trust through-
out the research process.

Selection of the automated transcription softwares

The selection of ASR software was predicated upon the availability of the Arabic language option
to facilitate a comprehensive comparison between automated and human transcriptions.
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Consequently, options were limited to four major providers—HappyScribe, Sonix, Vocalmatic,
and Amberscript—each offering automated transcriptions in Arabic. These platforms offer com-
plimentary transcriptions for the first 30 min of audio input.

Previous studies have indicated that dialect variances can significantly impact ASR transcrip-
tion outcomes (Malmasi & Zampieri, 2017). Therefore, the choice of software incorporated those
that provided for transcription in different Arabic dialects. HappyScribe and Vocalmatic allowed
for dialect specification, while Sonix and Amberscript do not offer this functionality. Specifically,
HappyScribe supports transcription in multiple Arabic dialects including Egyptian, Lebanese,
Saudi Arabian, among others. Given the absence of a specific Syrian/Damascus dialect option,
the Lebanese dialect was selected for HappyScribe as the closest alternative, while the Saudi-Arabian
dialect was chosen for Vocalmatic to compare dialectal differences.

Notably, Amberscript and Sonix do not facilitate dialect-specific transcription. There is no
indication of which dialect the algorithm uses for transcription. In Sonix, Arabic is represented
with a flag resembling that of Saudi Arabia, which may be a surrogate indication of the dialect
used for transcription, or perhaps a symbolic representation of Arabic-speaking communities.
The ambiguity in this symbolic representation remains unclear.

Ideological textual analysis (ITA)

The analysis of qualitative interviews, especially with vulnerable groups like refugees, requires
multidimensional textual scrutiny to dissect the narratives and discursive forms. ASR outputs
require a normative perspective to uncover the ideological constructs they may perpetuate. ITA,
as delineated by Kellner (2011), is a methodological prism through which content, structure,
and the messaging are dissected, revealing underlying ideological dimensions, such as gender,
race, class, nation, etc. It seeks to illuminate the opinions, ideas, and arguments woven within
textual systems, providing a comprehensive interpretation of discourses for the contextual biases.

ITAs application extends to a critical evaluation of how automated transcriptions mirror or
distort the original spoken word. We examine the fidelity of these transcriptions in capturing
the nuances of dialects, accents, and culturally specific speech patterns. This involves a metic-
ulous comparison of ASR outputs against original audio recordings to identify any inconsistencies
or systematic biases. Such an analysis is vital in determining if the software exhibits tendencies
to misinterpret or overlook certain linguistic features.

This methodological approach, rooted in the principles of Althusser (1971), Foucault (Powers,
2007), and Van Dijk (1998, 2013), enables us to dissect the ideological narratives underpinning
the ASR transcriptions. By integrating Althusser’s concept of ideology (1971), we interpret it as
a reflection of individuals’ perceived realities, which is instrumental in our analysis of societal
constructs as disseminated through ASR (Powers, 2007). Furthermore, our application of ITA,
as inspired by Brennen (2013), Firsich (2009), and Hall (1980), allows for a nuanced investi-
gation of the dominant narratives and symbolic arrangements within the transcribed texts. This
methodological approach, grounded in Grossberg and Slack’s (1985) principles, enables us to
unveil the ideological dimensions embedded within ASR systems, thereby contributing to a
deeper understanding of the intricate ways in which language technology intersects with societal
ideologies.

In the context of ASR transcriptions, the process might involve comparing the output of the
transcription to the original audio to identify any disparities or systematic errors. Such an anal-
ysis could involve examining whether the software systematically misinterprets or fails to tran-
scribe certain words, phrases, or grammatical structures related to specific dialects, accents, or
speech patterns. It might also involve looking for systematic errors that suggest that the software
is "hearing" words or phrases that aren’t there, or missing words or phrases that are. Accordingly,
ITA allows us to interrogate the transcribed texts for dominant ideological narratives, revealing
how language and power intersect in the context of automated transcriptions of refugee narra-
tives. Through the Grounded Theory approach, we gathered rich, detailed data, and via ITA,
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we critically examined the transcribed texts to reveal the ideological biases potentially embedded
within the ASR systems. This dual-methodological approach ensured a robust analysis of the
experiences of Syrian refugee women as captured through ASR technology, while also critically
assessing the technology itself for biases.

Analysis and findings: human transcriptions vs. automated transcriptions

The analysis was conducted on two levels, considering the audio quality limitations. Initially,
lower quality transcripts were scrutinized, focusing on the random generation of words and
sentences when the ASR software failed to recognize speech. Instead of leaving blanks, the
software generated random sentences, drawing from its lexical database. Subsequently, a more
detailed analysis was performed on two interviews with the highest audio quality. Eight tran-
scripts were exhaustively analyzed in terms of meaning, word usage, and comparison with the
manual transcription by the interviewer. This dual-level approach allows us to explore the biases
within the training corpora and word inventory of ASR programmes, as well as the insertion
errors, where extraneous words were added, semantic shift errors, where correct words were
identified but their contextual meanings misinterpreted, and substitution errors, where similar
sounding words were incorrectly replaced, that occur between different Arabic accents.

We examined all seven interviews using four different computer-aided automated transcription
software. Due to variations in audio quality, the software demonstrated limited functionality,
producing transcripts for interviews 3, 4, 5, 6, and 7 that were unsuitable for in-depth analysis.
Consequently, the word count in these transcripts ranged from 150 to 600 words. Table 1 pro-
vides an overview of the word counts in the automated transcripts compared with the human
transcriptions, highlighting expected variations due to differences in audio quality.

Table 1 reveals that Vocalmatic demonstrated limited functionality in transcribing the audio
files, successfully processing only three out of seven interviews, each with a restricted word
count. Excluding these, 24 automated transcripts were analyzed and compared to the human
transcriptions for the initial phase of the analyses. For in-depth analyses, we selected interview
#1 and interview #2 based on word counts of the automated transcriptions and the distinctive-
ness of the Arabic accents.

In the first phase, we focused on seven interviews and four speech-to-text software. We primarily
evaluated substitution and semantic shifts, analyzing the meanings of substituted sentences for their
portrayal of stereotypes and biases, especially considering the respondents backgrounds as Syrian
refugee women. Thematic analyses of the interviews were concurrently conducted for both automated
and human transcription texts, with a particular focus on investigating orientalist and Islamophobic
discourses. Additionally, insertion errors were scrutinized, identifying, quantifying, and comparing
negatively connotative or representative inserted words with human transcriptions.

Substitution and semantic shifts

ASR algorithms, focusing on vowel recognition, often inaccurately transcribe words and sentences,
leading to Islamophobic and orientalist tones in the output (see Table 4). These systems

Table 1. Word counts for the seven interviews by four different transcription softwares.

Human transcription HappyScribe Sonix Vocalmatic Amberscript
(30 min) (30 min) (30 min) (30 min) (30 min)
Interview #1 3593 603 1985 1812 2120
Interview #2 3620 574 1201 300 1337
Interview #3 4357 200 170 N/A 199
Interview #4 3276 325 419 376 429
Interview #5 5092 227 294 N/A 334
Interview #6 3049 337 374 N/A 415
Interview #7 2736 405 479 N/A 591

N/A: ASR software programs produced no transcripts.
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sometimes add unrelated themes of war and conflict, including inappropriate references to sit-
uations in Iraq, Libya, and Yemen, not mentioned by interviewees. For instance, automated texts
inappropriately insert references to extreme situations in countries, such as Iraq, Libya, and
Yemen, irrespective of their mention by interview participants. A notable instance includes an
out-of-context mention of “the war in Yemen,” an addition bearing no relevance to the sur-
rounding discourse. Particularly, Libya’s portrayal as just a transit point for migrants to Europe,
derived from an interviewee’s experience, shows how these transcriptions can misrepresent the
narrative.

Automated transcripts often misrepresent Arab nations and citizens, focusing on conflict and
misperceiving their governance capabilities, highlighting corruption and division. These biases,
unrelated to the actual interview content, arise from the ASR’s phonetic focus and the nature
of its Arabic language training data. This underscores the difficulty of training ASR systems
with diverse linguistic datasets without reinforcing stereotypes (Ngueajio & Washington, 2022).
Additionally, some transcriptions inaccurately contrast European lifestyles with Syria’s, despite
balanced discussions by interviewees on the pros and cons of each. The interviews aimed to
highlight the challenges of adaptation and integration, not the superiority of any location. This
misrepresentation underscores the need for a nuanced portrayal of Arab governance, countering
the stereotype of these nations as corrupt or divided. Studies like those by Lynch (2016) and
Tessler et al., (2019) offer insights into the complex dynamics of religion, politics, and gover-
nance in Arab societies, challenging the oversimplified views often presented in automated
transcriptions.

In conclusion, the initial findings highlight the importance of refining ASR algorithms to
better discern and accurately represent the diverse narratives and complexities of Arab societies.
The forthcoming analysis in the second phase of this study aims to delve deeper into these
issues, providing a more detailed examination of the biases present in automated speech recog-
nition technologies.

Insertion errors

The conversion of audio to text process by ASR systems significantly hinges upon correct vowel
identification. This is particularly crucial in the Arabic language, where the generation of words
and meanings from root structures relies heavily on vowel-based morphology (Versteegh, 2014).
Consequently, a misinterpretation or failure to recognize vowels by the ASR system can lead to
an erroneous transcription, with an associated impact on word formation and sentence con-
struction. These errors introduce words absent from the original audio, and our analysis revealed
two types of insertion errors: standalone words unrelated to the textual context, and semantically
independent words within sentences that did not alter the overall meaning of the corresponding
sentence. Similar to substitutions, these inserted words often related to themes of war and con-
flict, indicating a potential bias in the ASR system’s algorithm, which warrants further investi-
gation to ensure fairness and accuracy in automated transcriptions.

Inserted words in automated transcripts frequently included Islamic terms, such as “Ramadan,”
a holy month for Muslims, or “Sheikh” a name for religious commentators and leaders in Islam,
and the names of Islamic religious leaders and figures. Some examples are Omar Khattab, the
second Khalifa who followed the Prophet Muhammed in ruling the Muslim Society, or names,
such as Ahmad and Muhammad that appear with no contextual link to the sentences or other
words. This exemplifies the algorithm’s assumption of a link between Arabs and Islam. The
orientalist perception of Muslims and Arabs, as identified by Said (1979), is present in the ASR
systems by the virtue of depicting Arabs as only Muslims or as individuals/communities that
partake in conflict and war.

The preliminary findings from the first-level analysis led to the development of the ITA
framework for the in-depth analyses of two selected interviews: Interview 1 with a Palestinian
Arabic dialect and Interview 2 with a Syrian Arabic dialect. The second stage of the analysis
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includes an in-depth analysis (ITA) of these selected interviews and elaborates on the aspects
of pre-detected biases, particularly concerning religion and Middle Eastern culture, addressing
orientalism and Islamophobia.

In-depth analysis of two interviews: orientalism and Islamophobia in Al

To substantiate the initial analysis, two interviews were meticulously analyzed by comparing
human transcriptions with automated transcriptions by the four software’s: HappyScribe, Sonix,
Vocalmatic, and Amberscript. Notably, only HappyScribe and Vocalmatic offered options for
different accents. However, the length of the text converted from speech to text by HappyScribe
was significantly shorter than the human transcribed text (Table 2).

The in-depth analyses focused on biases through inserted words, substituted sentences, and
semantic shifts separately. Firstly, biases through inserted or substituted sentences were analyzed
in terms of semantic shifts in the ASR produced transcripts. Specifically, this involved examining
the extent to which meanings varied in sentences in automated transcriptions compared to their
counterparts in human transcribed texts, with particular attention to the presence of orientalist
and Islamophobic contextualization. Secondly, inserted words were analyzed to compare meanings
in automated and human transcriptions.

Bias through semantic shifts

The semantic fidelity of the inserted sentence was rigorously assessed, categorizing each deviation
from the original sentence’s meaning to detect potential bias or prejudice. For the ITA, orien-
talism, and Islamophobia parameters were employed as criteria to identify stereotypes and biases
in each automated transcription.

Initially, sentences with negative connotations were identified within the automated transcrip-
tions. For illustration, Table 3 displays a notable presence of sentences bearing negative conno-
tations in the automated transcriptions of the first two interviews. In the first interview, ten
sentences were found to possess a negative connotation in the automated transcript, while eight
sentences exhibited a semantic shift in the automated transcription of the second interview.
Remarkably, these negative shifts occurred even though the interviewees did not use negative
language, as evident in the human transcription. This phenomenon indicates the potential
underlying biases in ASR technology.

For clarity, a “negatively connoted sentence” is defined as one that, through its phrasing,
word choice, or contextual interpretation, conveys a pessimistic, detrimental, or undesirable
sentiment, that was not originally intended or present in the spoken discourse. The identifi-
cation of such sentences involves a comparative analysis, wherein the sentiment of the automated
transcription is juxtaposed with the original intent as captured in the human transcription.
This approach facilitates the identification of any unintended negative biases introduced by the
ASR system.

Each automated transcript underwent an independent evaluation, followed by a comparison
with the corresponding human transcript. Table 4 reveals biases, manifested as semantic shifts,

Table 2. Word counts for the two full-length (30 min) interviews.

Human transcription HappyScribe Sonix Vocalmatic Amberscript
Interview #1 4347 1795 1985 1812 2120
Interview #2 4460 1260 1201 300 1337

Table 3. Number of inserted negatively connotated sentences in the selected interviews.

Human transcription HappyScribe Sonix Vocalmatic Amberscript

Interview #1 0 10 12 7 8
Interview #2 0 8 1 3 10
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Table 4. Semantic shifts and substitutions in the selected interviews from four programs.

Example No Appeared in Human transcription ASR transcription
1 HappyScribe, Sonix, I am always busy teaching my children | am always busy having to deal with
Amberscript the new rules here, so they can Haram and forbidden lifestyles.
understand how to behave.
2 HappyScribe, Sonix, Life differed a lot for me! lifestyles are Life differed a lot for me! Lifestyles are
Vocalmatic very different even appointments are very different, religion for example
different! Everyone is always on time! is a problem here.
3 HappyScribe, Sonix, Rules are very strict in Europe, and as Rules are very strict in Europe and we
Amberscript Syrians, we try to deal with it Syrians are divided fundamentally.
together by communicating these
laws to each other!
4 HappyScribe, Sonix, My grandma asked my mother to keep  The Sheikh appeared and asked my
Amberscript, Vocalmatic an eye on me and take care of me. mother to discipline me for the
sake of Allah.
5 HappyScribe, Sonix, Staying in Arab countries is difficult Staying in Arab countries is difficult
Amberscript, Vocalmatic with no visa. with all these conflicts.
6 HappyScribe, Sonix My kids must go to universities and get My kids must learn and get educated
a proper education. from Jamaa (Muslim communities).
7 HappyScribe, Sonix, | feel segregated in here because | am  Hijab has been enforced on us in the
Amberscript, Vocalmatic Hijabi. name of Islam.
8 HappyScribe, Sonix, The journey to Europe caused me a lot  The society in our countries are all

Amberscript, Vocalmatic of mental stress. experiencing mental problems,

everyone is crazy, crazy!

within various contexts, with Islamophobia being particularly prominent. For instance, discussions
about cultural distinctions between the host country and Syria, referencing routine practices,
appointments, and various lifestyle contrasts (as demonstrated in Example 2), were often reduced
to the religious dimension in the automated transcriptions. Strikingly, “Islam” surfaces in the
ASR transcriptions even in instances where the interviewee abstains from introducing religious
themes into the discourse concerning the disparities (Examples 1, 2, 4, 6, 7). This unilateral
focus underscores the potential for inherent biases in ASR systems.

The frequent misuse of “radicalism” in sentences without context, especially when interviewees
describe their daily lives vs. their experiences in Syria, leads to misleading inferences that align
certain activities with being “haram” or forbidden in Islam, as shown in examples 1, 4, and 7.
Orientalist biases are evident in portrayals of Syrian society as divided (example 3), despite no
such discussions in the original interviews. Misplaced themes of destruction and conflict inac-
curately suggest deep divisions within Syrian society, especially when discussing adaptation to
European laws (example 3). This misrepresentation fosters a post-colonial narrative that depicts
Syria and similar regions as fragmented and unable to self-govern, reflecting a common theme
in Orientalist thought.

As summarized in Table 4, all instances of semantic shifts and substituted sentences occurred
across more than one automated transcription. Four errors (examples 4, 5, 7, and 8) were com-
mon across all four software solutions, and three errors (examples 1, 2, and 3) were detected
in three of the four applications. This consistency strongly indicates commonalities in the lan-
guage models and corpora used by these systems, further substantiating the presence of inherent
biases in ASR technology.

Bias through insertion
Biases were also discernible in sentences independently inserted by the ASR, not paralleled in
the human transcription. This phenomenon, more prevalent in Arabic than in other languages,
such as English, could result from the algorithm’s partial recognition of certain words or sen-
tences, leading to the creation of new sentences or connections between unrelated ones, thus
introducing biased complete sentences.

For instance, in Example 1, an interviewee discussed her preference as a Muslim woman to
abstain from shaking hands with men, a detail her instructor overlooked. She expressed
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discomfort when the instructor attempted to shake her hand, despite her stated preference. The
ASR system merged parts of these sentences into an inserted sentence with a biased connotation,
suggesting a differing perception of the teacher by Muslims.

In explicating Example 1, the interviewee expressed her unease with physical contact with
men not related to her, citing her Muslim faith. This explicit preference was overlooked by her
instructor who extended his hand to shake, leading to her discomfort. The ASR software inter-
preted this scenario, inserting language that suggested a distinct Muslim perspective on the
instructor’s behavior. This incident highlights Islamophobia, as it involves generalizing and
categorizing “Muslims” based on religious practices. Additionally, the description “looking weirdly”
assigns a covert hostility toward Muslims, implying a negative judgment from them toward the
European teacher, further embedding stereotypes.

In the autonomously generated sentences, the presence of orientalist biases is evident, as
exemplified in Table 5, showcasing a uniform Language Model (LM) and corpora across all four
software programs. These biases manifest in various references, such as radicalism (Example 2),
the visibility of the Hijab (Example 3), cultural preservation (Example 4), and instances of
imprisonment or liberation (Example 5), alongside explicit invocations of Allah, such as Allah
is one, or In the name of Allah, I ask the first question (Examples 7 and 8). This pattern signifies
a process of “othering” Arabs and Muslims, intertwining elements of Orientalism with Islamophobia.
The total number of sentences produced in all transcripts is presented in Table 6. The discrep-
ancy between the human transcriptions and the ASR-generated content, particularly the insertion
of contextually irrelevant words, underscores the implicit biases within these algorithms, failing
to reflect the nuanced reality of the subjects’ experiences.

The extent of random word insertions per interview is detailed in Table 7. This arbitrary
insertion can be understood in the context of the ASR algorithms’ pattern recognition heavily
dependent on the depth and content of their training corpora. As discussed earlier, ASR algo-
rithms are trained on diverse databases/corpora, enabling them to discern phonetics and generate
the most plausible output based on their accessible knowledge. In instances where the algorithm
fails to fully comprehend the audio, it attempts to approximate the most fitting word based on
the rest of the speech or a phonetically similar vowel.

The presumption of bias-free training corpora in ASR systems inadvertently leads to biased
outputs, often with orientalist or Islamophobic overtones, as evidenced by frequent, out-of-context
insertions of words like terrorism, radicals, Islamists, war, and conflicts (Table 8). These biases
result in significant semantic shifts, distorting the original meaning and fostering the fear of

Table 5. Inserted sentences in the selected interviews.

Example No Appeared in Inserted sentences

1 HappyScribe, Sonix, Amberscript, Vocalmatic  The teacher extended his hand for us to shake, however, all
Muslims looked at him weirdly.

2 HappyScribe, Sonix, Amberscript, Vocalmatic ~ Our neighbors engage in radicalism, the approximate
number of radicals is serious.

3 HappyScribe, Sonix, Amberscript, Vocalmatic We went on tours to expose people to Hijab in the name of
Islam.

4 HappyScribe, Sonix, Amberscript, Vocalmatic ~We must preserve our bad image and culture!

5 HappyScribe, Sonix, Amberscript, Vocalmatic ~He was released from prison, Alhamdulillah (Thank Allah).

6 HappyScribe, Sonix, Amberscript, Vocalmatic  There are many forms of violence and oppression in our
countries.

7 HappyScribe, Sonix, Amberscript, Vocalmatic  In the name of Allah, | ask my first question.

8 HappyScribe, Sonix, Amberscript, Vocalmatic ~ Allah is one.

Table 6. Number of inserted negatively connotated words in the selected interviews.

Human transcription HappyScribe Sonix Vocalmatic Amberscript

Interview 1 0 13 13 17 12
Interview 2 0 9 10 12 1




12 e T. BIRCAN AND D. CEYLAN

Table 7. List of inserted negatively connotated words in the selected interviews.

Human transcription HappyScribe Sonix Vocalmatic Amberscript
Muslims/Islam 2 6 6 5 5
Allah 1 5 5 10 5
Sheikh 0 2 3 2 3
Prison/Prisoner 0 2 3 1 2
Destruction 0 1 1 1 1
Bribe 0 1 0 1 1
Names of religious figures 0 2 3 4 2
Judgment day 0 1 0 1 1
Khalifa 0 0 0 2 1
Radicalism/Radicals 0 2 2 2 2
Fitne 0 1 1 1 1

Table 8. Word error rates in the selected interviews.

HappyScribe Sonix Vocalmatic Amberscript
Interview #1 144.9 144.9 127.85 161
Interview #2 234.74 135.15 278.75 202.73

the “the other” and hence of Islam. The composition of training data significantly influences
ASR effectiveness; dialectal mismatches and inherent biases in language corpora impact model
accuracy (Feng et al., 2021). Moreover, large language models are known to exhibit stereotypical
associations and negative sentiments toward specific groups, underscoring the need for a nuanced
approach to training data selection (Bender et al., 2021).

Our examination extended to the presence of inserted words in human transcriptions.
Table 7 reveals that barring a few mentions of Muslims/Islam and Allah in the audio, the
inserted words were not used by interviewees throughout the entire interview. Muslims/Islam
and Allah appeared thrice and 5-fold, respectively, more often in automated transcriptions.
Additionally, the negative Islamic term Fitne meaning “stirring up trouble” is featured in all
automated transcriptions. Religious figures’ names were recurrently inserted. Another example
is the word prison, which had no contextual relevance to the topics discussed and was noted
twice in the automated transcripts. This pattern demonstrates a troubling inclination within
ASR systems to reinforce narratives of discord and punishment in contexts involving Arabs
and Muslims.

Furthermore, as detailed in the data and methodology section, only HappyScribe and Vocalmatic
provided dialect options, in contrast to Sonix and Amberscript. Notably, Vocalmatic, utilizing
the Saudi Arabic dialect, exhibited a higher incidence of negatively connotated inserted words.
Vocalmatic transcripts also contained numerous references to the names of religious leaders and
figures, despite these not being mentioned by respondents. For example, terms like Khalifa and
Al Saud relating to the ruling dynasty of Saudi Arabia were inserted in the Vocalmatic tran-
scripts. This suggests that dialect differences can contribute to biases, potentially influenced by
stereotypes associated with the respective countries or regions of those dialects.

The performance of large vocabulary continuous speech recognition systems is commonly
evaluated using the Word Error Rate (WER) (Ali & Renals, 2020). This metric compares the
word sequence generated by the ASR system with a human transcription, accounting for the
number of substitutions (S), insertions (I), and deletions (D) against the total number of words
in the reference transcription (N).

WER=SHI+D

Studies have shown that even experienced human transcriptionists can have error rates ranging
from 5 to 20% (Huijbregts & Scheffers, 2020; Mangu et al., 2015).
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Table 9. Number of substituted negatively connotated word couplings in the selected interviews.

Human
transcription HappyScribe Sonix Vocalmatic Amberscript Total
Muslim Arab 1 7 5 10 7 35
Ramadan Islam 0 2 12 1 1 8

Insertion: How many words appear in ASR but not in human transcription.
Deletion: How many words appear in human but not in ASR.

Substitution: Number of words that changed meaning.
" Arabs" =" Muslims" Assumption

Our investigation into Islamic determinants in ASR transcriptions revealed a pattern in word
insertions. These inserted words are not random but are suggested by the algorithms based on
contextual and conceptual proximity. In Table 9, it can be observed that when the interviewee
identified themselves as an Arab, the ASR algorithm consistently added the word “Muslim” after
the mention of “Arab.” For example, if the interviewee said, “As an Arab,” the transcription would
include the phrase “As a Muslim Arab,” even if the interviewee did not explicitly mention the
word “Muslim” or identify themselves with a specific religious affiliation. This pattern extended
to “Muslim,” being transformed to “Muslim Arab”

Another example of word-coupling insertions that followed a specific pattern was related to
the mention of Ramadan, the holy month of fasting for Muslims. Despite its significance to
Muslims, the automated transcription often inserted the words “Muslim” or “Islam” alongside
the mention of Ramadan, even when the discussion did not revolve around or explicitly refer-
ence Islam.

These findings highlight a religious bias in ASR transcriptions, notably merging Arab identity
with Islamic beliefs, overlooking the rich diversity within Arab-speaking communities. This
conflation reduces the complex identity of Arabs to solely their religious affiliations, embedding
individuals within a broader, generalized bias associated with Islam. This observation accentuates
the necessity for ASR technologies to recognize and respect the multifaceted nature of Arab
identity, moving beyond simplistic associations that fail to capture the true breath of cultural
and linguistic diversity.

Conclusion

The growing awareness of biases in AI systems has raised concerns about the neutrality and
fairness of these algorithms. Our study, examining biases in ASR transcription software for
Arabic-speaking refugee interviews through the lens of ideological textual analysis, unveils not
just the low accuracy of the software in providing Arabic transcription but also significant
contextual biases. These biases often amalgamate Arab identity with Islamic affiliation, distorting
refugees’ lived experiences by associating them with conflict and violence, thereby reinforcing
Orientalist and Islamophobic stereotypes. Such findings resonate with the works of Said (1979)
on Orientalism and further studies on Islamophobia, highlighting the perpetuation of these
biases in technological applications.

The prevalent biases in ASR outputs reflect broader challenges in AI technology, a field
grappling with human prejudice and stereotypes in algorithms (Bender, 2019; Blodgett et al.,
2020; Caliskan et al., 2017; Koenecke et al., 2020). The observed biases necessitate a reevaluation
of the training datasets and algorithmic designs to foster more equitable AI systems.

Our findings demonstrated that the biases observed in the ASR transcripts transcend mere
grammatical inaccuracies and were rooted in the contextual level. The four ASR software examined
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consistently demonstrated semantic shifts, substitution errors, and inserted words and sentences
that perpetuated biases. Notably, the biases associated with being an Arab or speaking Arabic
were explicitly linked to Islam and being a Muslim, while the lived experiences of the respondents,
related to migration and adaptation, were unfairly associated with conflict and violence.

Addressing these biases is imperative for developing ASR systems that accurately represent
diverse linguistic and cultural identities, as advocated by Bender et al. (2021). Our findings add
to the literature on gender and race biases in AI, spotlighting religious bias, specifically
Islamophobia and orientalist stereotypes, in computer-aided transcription systems. The recognition
of such biases is essential for improving ASR systems and raising awareness among developers
about the training data used for Arabic languages.

Moreover, our findings emphasize the need for more accurate and valid ASR systems for researchers
using Arabic as a language for data collection. Having reliable ASRs can significantly improve efficiency
compared to manual transcription methods. Future research should broaden the scope of inquiry to
include diverse dialects and participant demographics, employing advanced natural language processing
techniques to deepen our understanding of biases.

In terms of limitations and future directions, this study focused on a conceptual analysis
using ITA and did not employ Al approaches to detect biases. Future research could expand
the sample size, include male participants, improve audio quality, and investigate the influence
of different accents and dialects on the performance of ASR software. Incorporating advanced
natural language processing techniques could offer a more nuanced understanding of the biases
and their roots in training data.

In conclusion, mitigating biases in ASR systems is paramount for ensuring they serve as
equitable and accurate tools, particularly in contexts involving migrant communities. Continued
research and development are essential to fostering AI technologies that uphold principles of
inclusivity and fairness in diverse linguistic and cultural landscapes.
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