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Abstract

This work investigates the experience of Arabic
and English-speaking users with Machine
Translation (MT) on social media, looking into
how wusers engage with, and perceive,
automated translation tools. It explores the
challenges users face as well as the benefits of
overcoming language barriers in real-time
communication, as reflected in their social
media posts. The study also examines how MT
affects social media engagement and access to
information, providing insights into how these
tools shape online interactions and influence
user satisfaction. Tweets from X platform by
Arabic and English speakers were collected.
Manual sentiment analysis classified tweets as
Neutral, Positive, and Negative, then specific
emotions within each sentiment group were
identified to provide a detailed understanding
of users’ emotional responses to MT and cross-
linguistic comparisons and patterns in how
users engage with MT over time. The study
highlights that users continue to have doubts
about the effectiveness of MT in facilitating
multilingual and online communication. It
emphasises the importance of addressing users'
perceptions and misconceptions about MT, as
these can significantly affect the acceptance
and adoption of emerging technologies
including generative Al

1 Introduction

The impact of machine translation (MT) on social
media has received attention due to its growing
significance in today’s interconnected digital

world (Gupta et al., 2023; Zhang et al., 2022;
Nifio, 2020). MT tools are increasingly employed
by social media platforms to promote cross-
cultural communication, expand the reach of
information, and enhance interactions among
users (Fakih et al.,, 2024; Nuraliyeva, 2024).
However, existing work has often neglected the
experience of users who resort to MT on an ad hoc
basis and their input that can help improve these
systems (Fukuda and Jin, 2022). Users tend to
express emotions on social media platforms,
where they openly share personal stories and
connect with others (Zhao and Zhang, 2017). This
study offers data-based insights into how users
perceive, use, and think about MT by analysing
tweets posted by Arabic and English-speaking
users.

This research work aims to: 1. Understand users’
general sentiment towards MT and their emotions
to identify the level of users' satisfaction and/or
dissatisfaction and how that has affected their
online experience; 2. Investigate ways in which
users engage with MT and what that reveals about
their awareness of its limitations and usability; 3.
Identify issues users face and how they influence
their experiences and online communication and
whether they can shape their attitudes towards new
technological advances. Understanding user
feedback is essential for evaluating MT
applicability, usability, and user attitudes towards
these services. Such insights guide future
development of translation technology for more
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effective global communication, extending beyond
social media to wider real-world applications.

The paper first presents a review of studies on
user experience with MT. It then outlines the
research methodology, including data collection
and analysis, followed by the results and
discussion. The paper concludes by summarising
the findings, addressing limitations, and suggesting
directions for future research.

2 Existing Research

With millions of users interacting with MT tools in
real-time, new questions come to light regarding
their experience with MT, particularly in informal
and diverse contexts such as social media. While
some recent studies, such as Kasperé¢ et al. (2021)
and Vieira et al. (2023), have assessed the usability
and satisfaction of MT among users, the focus has
generally been on the technology’s performance in
handling basic translation tasks, targeting a small
number of users. These contributions acknowledge
users' dissatisfaction with MT quality (e.g,
Kasper¢ et al., 2021). However, they investigate
less how users express their frustrations, desires, or
expectations regarding the technology, especially
in online environments, where communication is
not just functional but also emotional, social, and
context-driven. Furthermore, Al Sharou et al
(2025) apply large-scale statistical analysis to user
feedback, limiting the study to general patterns in
user experience. The present work complements
this by focusing on individual perspectives and
how users describe MT in real-life communication.

Additionally, the experience of users who speak
languages other than English, such as Arabic, has
been largely understudied. While there is a
substantial body of research assessing the quality
and accuracy of MT for Arabic content on social
media (Al-Kharusi and AAlAbdulsalam, 2023;
Alzamzami and El Saddik, 2023; Mallek et al.,
2017), their experience with these technologies is
still unexplored. Their feedback, particularly in
their native languages, could offer unique insights
into both the potential and limitations of these tools
and highlight areas for improvement. This lack of
research prevents a deeper understanding of the
cultural and linguistic specifications that affect user
satisfaction with MT, particularly in contexts
where language use is informal and often highly
emotional. This gap in research is especially
critical given the challenges MT encounter when
translating user-generated content into and from

Arabic (see discussion in Saadany ef al., 2024; Al
Sharou and Specia, 2022; Al Sharou et al., 2021).
Arabic, with its complex grammatical structures,
dialectal variations, and cultural specifications,
often presents difficulties for MT systems, leading
to mistranslations and hallucinations (ibid.).

3 Research Methodology

This section outlines the data collection methods
and analytical approach adopted to investigate user
experience with MT on X platform. Given the wide
adoption by users, social media platforms provide
a rich source of information where users discuss
opinions and experiences (Hornikx and Hendriks,
2015; Pak and Paroubek, 2010). In particular, X
platform can offer insightful opinions on products
(Lim and Buntine, 2014) by functioning as a form
of electronic word-of-mouth, where consumers
share their reactions and opinions about products or
services (Jansen et al., 2009).

3.1 Data Collection Approach

The study utilises X platform to better understand
user experience with MT. Google Translate is the
provider of translation service on X, with an option
to manually translate tweets through a button. The
data collection process was designed to ensure that
only relevant and insightful content referring to
user experience with MT was included. A list of
keywords was used to collect tweets by Arabic and
English-speaking users, facilitating a comparative
analysis of user experiences across different
linguistic contexts. The list includes both general
terms (e.g., translation tools, instant translation,
technical translation) and tool-specific terms (e.g.,
Google Translate, Microsoft Bing, MT, DeepL,
GTranslate, Bing Translator, and Reverso
Context). The two datasets cover tweets from 2009
to 2024. Tweets in English were gathered through
NewsWhip Spike platform. From an initial dataset
of 5,121 tweets, 500 were manually selected for
further analysis. Tweets in Arabic were manually
collected from X, resulting in a dataset of 348
tweets in Arabic. The manual selection process was
based on a set of criteria, ensuring that only
relevant tweets were included: 1) only tweets
in English and Arabic that explicitly referenced
user experience with MT were retained. 2) Tweets
were discarded if they were advertisements,
promotional content, or repetitive tweets. This
cleaning process ensured that the datasets
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accurately reflected authentic user experiences,
providing a meaningful basis for analysis.

3.2 Data Analysis

A manual analysis approach was adopted to ensure
accuracy and depth in data interpretation. While
automated data annotation is used for its efficiency,
scalability, and cost-effectiveness, manual
annotation offers a layer of human judgment,
especially when dealing with context-dependent
content. For sentiment analysis, manual methods
capture the underlying tone and emotion that
automated systems may overlook. For instance,
tweets that appear positive due to the use of words
and emojis, such as “&” or “Wow,” could in fact
be sarcastic or critical of MT. First, tweets were
categorised into three broad sentiment groups:
Neutral, Positive, and Negative. This 1initial
classification provided an overview of general user
sentiment towards MT. After that, specific
emotions within each sentiment group were
identified, offering a more detailed overview of
users’ emotional responses to MT. Understanding
these emotions is important for identifying factors
and patterns that could have influenced their
overall experience with MT. The data analysis was
conducted using Excel, which allowed efficient
analysis of X data.

4 Results and Discussion

4.1 Sentiment analysis: neutral, positive,
and negative

The sentiment analysis of the X data (Figure 1 and
Figure 2) reveals a predominantly negative user
experience with MT tools across both Arabic and
English datasets, with a high proportion of negative
sentiment (64% and 43% respectively).

Figure 1: Sentiment Analysis of Tweets in English

=

Figure 2: Sentiment Analysis of Tweets in Arabic

This indicates a significant level of dissatisfaction
with MT among the two groups. However, there is
a notable difference in the distribution of
sentiments between the two languages. The Arabic
dataset showed a more pronounced negative
sentiment (64%), while the English dataset
revealed a higher proportion of neutral responses
(42%). This suggests that while both groups
expressed negative views of MT tools, English-
speaking users showed less emotional engagement
with the technology. These findings reveal that MT
for Arabic may still fall short of user expectations
where only 11% expressed a positive sentiment
towards MT.

Next section offers a further analysis into the
types of emotion users had towards MT.

4.2 Sentiment analysis: users’ emotions

Negative  sentiment categories:  Within
the broader negative sentiment category, several
distinct emotional layers and expressions
emerged, reflecting different levels of user
experience with MT:

o Frustration: Users expressed frustration
when MT tools fail to meet their
expectations, particularly regarding
accuracy or contextual understanding, and
when translations are inaccurate or require
correction. One user in English said:
“Google translate needs to be up on
charges...”. Another tweet in Arabic, which
displays the same emotion, stated: ““ g sl
Oy g ie 40Y) 4wa 51”7 (Whoever invented
MT should be imprisoned). The two tweets
show a strong dissatisfaction with Google
Translate. The two users are extremely
frustrated with this translation tool,
suggesting that its performance is so poor
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and problematic that it should be held
accountable or charged for its mistakes. As a
display of strong frustration, users from the
two groups indicated their decision to invest
in learning a new language to avoid relying
on MT. One user tweeted in Arabic: © aladl i

AV s dea, it ) L olie S0 AU (]
want to learn Korean, so I am not at the
mercy of machine translation). Similarly,
another user said: “after reconnecting with
my family in La Linea, I made a resolution
to stop using Google Translate and learn
Spanish”.

Direct  criticism:  Users  explicitly
condemned MT tools for its poor and
unreliable performance. Tweets such as
“Google Translate is actually terrible” and
“lax A 10V Laa 1P (MT is very bad) reflect
overall disapproval of MT, suggesting a gap
between user expectations and perceived
output quality.

Lack of trust: Users showed some doubt
about the reliability and accuracy of MT,
reflecting a lack of trust. For example, the
tweet “anyone posted translation of Shinya's
post? (Not machine translation)” suggests
that users  prefer  human-generated
translations over those produced by the
machine. The Arabic tweet “Jese Jib
A& sl cull 3 @@ (Google Translate
failed the trust test) frames MT as
untrustworthy, illustrating user distrust in
MT systems.

Dismissal: Some users rejected MT entirely,
advising others not to rely on them, such as
“Culudl 3 Je e 20355 ¥ (do not use Google
Translate), “can we ban google translate?”.
Such tweets left by users were followed by
an account of their negative experience to
caution others. This represents a dismissive
attitude, indicating a strong belief that MT
can cause harm and confusion and can lead
to poor results.

Sarcasm: Users resorted to sarcasm to show
frustration and criticism of MT for its failure
to provide accurate translations. One user
tweeted: “ e Lai i) Gl e dlaiall co gl B
Al ) aa 5 a8 s Lagd aadaia ) ARDIL bl 5 Je 2
Jea¥ldall e dleill & 5 5388 5 7 (if you want
to laugh from your heart, write a text on

Google Translate in a language you
understand well, then translate it to a first
language, then a second, and so on... and
finally, return to the original language). The
tweet in English that says “Google Translate
has been drinking again” is also an example
of a sarcastic commentary, implying that the
tool is producing meaningless translations.
These tweets reflect a deep dissatisfaction
with MT.

Positive sentiment categories: Another group
of users have showed satisfaction and admiration
for MT and appreciated its availability as an easy
to use and access tool that enables multilingual
communication and information sharing:

e Gratitude and appreciation: Some users
appreciated the usability of MT and its
ability to bridge language gaps, making it
easier to communicate and connect with
others, especially in challenging situations
such as traveling abroad. Tweets such as
“you never know the importance of Google
Translate until you are in a foreign country”
and “culadl p Je e S8 (we thank Google
Translate) illustrate users’ satisfaction with
MT, acknowledging its importance. One user
highlighted the role MT plays in expanding
access to information: “I love DeepL, I love
being able to translate old papers written in a
language I do not know which are often the
only available source of information on a
particular species”. Some users went further,
describing MT as indispensable: * Jsasl (i s
Culwil yide & xe e S (I cannot imagine my
life without Google Translate).

e Amazement and optimism: This shows
users were surprised by MT performance,
while also noting its improvements over
time. “Google Translate continues to be a life
saver | cannot believe it works so well on this
handwritten board” tweet shows user’s
admiration of how the tool has managed to
offer translations of such high quality. One
user recounts his experience with MT and
how it developed over the years: “4es i <3
ey oz o (IS Dl g Vv e SISy S8 JB 8
Gl e st dllelale (W) ¢ Ay oS ALalS Alas aa iy s
Ra maly JS& skis” (I remember Google
Translate’s performace 10 years ago. It was
very bad and could not even translate a full
sentence properly. Now, Allah (God) bless, it
has clearly changed and improved). The user
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has also expressed optimism, suggesting that
in another 10-15 years, the tool will be even
more advanced. This reflects a strong belief
in its potential to improve.

Excitement: Users show enthusiasm about
new advances in MT technology. One tweet
says “have you tried Google Translate
lately? It does simultaneous translation of
remarkable quality” and another shows
users’ excitement over the availability of
Google Translate on their phones “ eiiue
sohe il 5 de st gaie Jla gl Glie a5
Cug Gl 25 oalele ” (1Phone users went crazy
because they now have Google Translate.
They have posted like a thousand tweets
about it). This expression shows users'
excitement about the new possibilities MT
offers, making translation faster and more
accessible.

Neutral Sentiment Categories: They reflect a
more balanced stance towards MT tools,
acknowledging MT's potential and limitations in an
objective way. This perspective is valuable in
understanding how MT tools are integrated into
users’ lives, offering insight into practical uses and
realistic expectations regarding its capabilities:

e Selection of MT tools: Some users
expressed neutral sentiment where their
selection was based on specific needs rather
than a strong preference. Google Translate is
valued as one of several tools. For example,
a user has said, “you know what? I have
several translation tools installed, and I
choose which one to use based on what I
need to translate” and another stated: 4l
e el Bailay g 431 (oY dlen ji s ) adsall gy
Jeall deLuad®” (replace it with this amazing
tool. You can use it for any language, and it
can preserve the structure of the sentence).

Awareness of MT’s limitations: Tweets
such as “this is very long, but very
worthwhile, even with the imperfections of
Google Translate” show that users recognise
the inherent flaws of the tool while still
finding it beneficial. This indicates an
objective understanding of the tool’s
capabilities, suggesting that while it may not
be perfect, it serves its purpose adequately.
Another tweet states that: “ faaiial (a saill

! https://www.deepl.com/en/blog/deepl-welcomes-arabic
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(lalhiadly 48 ey 48y Zliag 4p gl S 4l )
L 38 ()5S Wl (e s sa 57 (specialised texts,
like medical or legal ones, require accuracy
and knowledge of terminology, and Google
is not always precise when dealing with this
content). This reveals that users are aware of
the challenges involved when translating
specialised  texts and shows their
understanding of MT’s limitations.

Uses of MT: Users discussed practical
application of MT tools. For instance, “full
story, you can use Google’s translator to read
it in English” highlights the tool’s
functionality without invoking excitement or
dissatisfaction. This neutral stance reflects a
recognition of the tool’s ability to make
content accessible. “so NOT use Google
Translate for images, bruh” and ¢ o Sl 4& )l
bl 5 Je e oa Lgeadind = 5 A il (T will use
Google Translate to check pronunciation)
highlight how users may have different
experiences with MT, depending on the
feature they are using.

43 MT Tools by Popularity

Data analysis in both English and Arabic reveals
distinct trends in the popularity and usage of
various MT tools. Google Translate is the most
frequently mentioned tool in both English and
Arabic tweets. Microsoft Bing is referred to in the
English tweets, particularly for its integration with
other Microsoft products, though it is less popular
than Google Translate. Reverso is notably common
among Arabic-speaking users, commended for its
accuracy with idiomatic and culturally specific
expressions. However, it appears less often in
English-language tweets. DeepL is also mentioned
in the English-language tweets. However, it is
rarely cited in Arabic-language tweets. It is
important to note that it was not until January 2024
that DeepL added Arabic language into their web
translator, and the desktop and mobile apps'.
Immersive, a translation extension, is primarily
mentioned in English-language tweets. It is valued
for real-time translation while browsing but has a
more specialised audience compared to the other
tools. Lexin® is recommended by one of the Arabic
tweets as an alternative to Google Translate. It is a
Swedish-Arabic tool developed for immigrants
who want to learn Swedish.

2 https://snd.se/en/catalogue/dataset/ext0302-1
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4.4 Usage and Application of MT

Machine Translation is utilised for a wide range of
content types and for different communication
purposes. MT is commonly used for translating
news articles, restaurant menus, movies, literature,
tweets and songs. MT seems to have facilitated
communication in various fields, including
journalism, healthcare, refugee assistance and
emergencies. MT tools have also been used to learn
languages. In fact, previous studies have studied
MT’s role in learning a second language (see
discussion in Nifio, 2020). Additionally, some users
reported using MT systems as spell checkers.
These accounts of MT’s applications show that it
not only bridges language barriers and increases
content accessibility for global audiences, but also
serves other purposes.

4.5 Awareness and Strategic Use of MT

Users' awareness of MT’s limitations is evident in
their feedback, as they often offer practical advice
on how to use it effectively, i.e., for which language
and content. Users often turn to alternative tools,
either to compare translations or as substitutes,
showing that they understand which tools work
best for specific tasks. Users recommend MT for
tasks such vocabulary learning, casual reading, and
general understanding, while warning against
using it for complex or critical content. This
highlights users’ ability to make informed choices
based on previous experience with different tools.
In some cases, they managed to identify when
translations have been done by MT, based on
common issues such as awkward phrasing or lack
of contextual accuracy. Users have also showed an
understanding of how MT's performance can vary
depending on the language. This awareness reflects
users' ability to navigate MT’s strengths and
weaknesses, ensuring they maximise its benefits
while managing its limitations. There is also a clear
growing interest in experimenting with new tools
such as ChatGPT, reflecting users' willingness to
explore innovative solutions to fulfil their
translation needs and improve their experience.

4.6 MT Errors and Impact on Shaping
User Experience and Attitudes

Users have reported cases of critical
mistranslations generated by the machine, where
facts have been altered. One instance of incorrect
translation is the attribution of a capital city to

another country. In some cases, MT has added
content not present in the source, shifted tone, or
generated offensive content. Studies have revealed
that MT can distort the sentiment of content,
particularly those generated online by users
(Fukuda and Jin, 2022; Mohammad, et al., 2016).
Additionally, changes in meaning seem to occur
more when the language combination involved is
particularly challenging, e.g., Arabic-Korean.
These types of errors are often apparent to users,
contributing to a growing sense of doubt and
distrust surrounding the use of MT for writing
content or responding to others. For example, some
users have expressed concerns that their messages
may be misinterpreted due to MT inaccuracies.
One tweet in Arabic reads as “ o) e 4091 daa i)
lindine 23S aa T AGA ¢ i U cAgalal) Al aa i ol 50
J&uyes”  (Machine Translation on Facebook
translates colloquial dialect, Allah (God) help us, I
am aftraid it will translate something that should not
be said &9). As a result, they tended sometimes to
follow their content with an apology, attributing
any potential misunderstandings to MT. This
highlights a broader issue that MT has not yet
reached a level of reliability or consistency to earn
complete trust. Another aspect of MT’s use is that
users often blame MT for content that does not read
well in their language, even if the content is
produced in the native language and not through a
machine. The tweet “culudl 5§ Je & (e i @@ (it
feels like it was generated by Google Translate
@@) reveals frustration and sarcasm. It implies
that the text is awkward or contains obvious errors.
Such comments are often used to mock either the
poorly written content or its author.

It can be said that user experiences with MT are
complex and often contradictory. Many users
describe MT as a “friend,” “saviour,” and
“blessing,” highlighting its value as a helpful tool
that facilitates communication and bridges
language gaps. For these users, MT provides quick
and easy access to translations that would
otherwise be difficult or time-consuming, making
it an indispensable resource in daily interactions.
Arabic-speaking users even metaphorically
referred to MT as “Je s& &30 (Al-Sheikh Google),
a term used for a respected religious leader,
positioning it as an all-knowing authority for
guidance and for providing answers across
languages. However, alongside these positive
sentiments, users have expressed frustration with
MT’s limitations and inaccuracies. When a tweet
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states that “4 o0 ¥ Culwil i Je 2l @888 (Google
Translate does not have a religion), it implies that
the MT tool lacks rules and guidelines because it
sometimes provides translations that are distorted.
Hallucination in MT translations, where the tool
generates completely inaccurate or irrelevant
outputs, is a key concern and has been examined in
previous research (see discussion in Al Sharou and
Specia 2022).

47 MT-enhanced Communication on
Social Media

With the prevalence of MT on social media, its
impact on shaping opinions and online discourse is
likely to grow. While MT can produce translations
that are grammatically correct, it may fail to fully
capture the intended meaning of the original text.
This can sometimes cause misunderstanding and
confusion and can trigger users to engage in
aggressive interactions that escalate into online
conflicts, and in some cases, increased hate speech.
This trend is more prominent in tweets by Arabic
speakers. For example, a tweet by an UAE
politician regarding the media and Saudi Arabia's
efforts to reform was mistranslated by MT. The
translation reads as if the author was attacking the
Saudi government, prompting a series of
responses. One user tried to clarify that the
machine-generated translation was not accurate.
Still, users continued to condemn the politician for
his statement. Another tweet explains how the
machine failed to deliver a correct translation: ““ o
P (i oy Y des il el (Sa e 47 (he did not
say that. The MT has dropped half of the message).
MT’s limitations in this context pose risks,
especially when users cannot identify translation
errors (Martindale, 2024). In this case, it has
resulted in a trend where users discourage others
from using and depending on MT. These tweets
raise further concerns regarding MT’s potential to
spread misinformation. When MT tools fail to
translate sensitive political and social content
accurately, they can distort facts. This limitation is
particularly problematic for users who rely on
social media for cross-language interaction, as it
hinders cross-cultural dialogue that was once a key
motivation for integrating M T into these platforms.

4.8 Ongoing Issues with MT

The two groups observed several ongoing issues
with MT tools. One major concern is the adoption
of literal approach where MT often translates

word-by-word without considering the context,
resulting in awkward or inaccurate translations.
Additionally, MT tools struggle with contextual
and cultural understanding, limiting their
reliability for complex texts including literary and
audiovisual content.  Culture-bound items
particularly present a challenge where MT often
mistranslates idioms, cultural references, and
proper names, leading to translations that
overlook intended emotional and cultural
meaning. This highlights a gap in MT’s ability to
accurately convey meaning in culture embedded
or contextually rich content (see, Wu et al., 2025).

4.9 Human vs. Machine Translation

Despite significant advances in MT, both groups of
users still prefer human translators for tasks that
require a higher level of accuracy. Human
translators are valued for their ability to capture
context, tone, and implied meaning. Elements that
MT often fails to fully address. Users favour
human translators for high-stakes content such as
legal, medical, and governmental documents due to
concerns over accuracy and accountability.
Furthermore, for full documents, especially those
with complex or lengthy paragraphs, human
translation is preferred due to the depth of
understanding required to maintain coherence and
meaning throughout. Moreover, video games and
TV programmes also require human translators,
ensuring that jokes, puns, and cultural references
are appropriately adapted for the target audience.
One tweet harshly criticises MT, particularly when
dealing with literary texts: “ le Gl Loy ( i
Gyel daiie) Ay cubuil Fde 2 A das il V) panadll
Calgall st LY Leall Weiaa 5317 (T always look
forward to commenting on stories except those
translated by Google Translate... which I believe, if
re-translated into their original language, would
make the author want to commit suicide!). The
extreme reaction described if the text were back-
translated highlights a wider limitation of MT with
literary texts. Research consistently shows that
human translators remain crucial, since literary
translation depends on interpretation and
contextual understanding beyond MT’s current
capabilities (e.g., Drobot, 2021; Cullen, 2020).
Users are expressing frustration with claims that
MT will replace human translators, many of whom
remain sceptical due to persistent MT inaccuracies.
This sentiment is evident in user discourse. For
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example, a tweet stating “ Ol Ggyy Osediay Gpan
Sl e il e i 3091 ea 1) @EITT (They
repeatedly claim machine translation will replace
human translators), followed by dismissive emojis,
reflects broader doubt about MT’s current
capabilities.

5 General Observations

Based on the comprehensive analysis of user
experience with MT as expressed in tweets by both
Arabic and English speakers, a few observations
can be drawn. The implications of low-quality MT
are significant, particularly when considering user
experience, communication dynamics, and broader
social consequences. Social media users do not just
discuss their experiences with MT on online
platforms where they need to deal with user-
generated content. Their experiences are often
based on their general use of MT beyond social
media platforms. This suggests that MT is not yet
ready to fully replace human translators or gain
widespread user acceptance.

Overreliance on MT without understanding its
limitations may reinforce the cycle of
misinformation and the distribution of distorted
content. While poor translations can sometimes be
humorous, they may create an environment where
jokes and misinformation are intertwined. For
instance, one user noted how poor translations
resulted in tweets going viral. Users unknowingly
may share or retweet these incorrect translations. In
some cases, the errors could be perceived as
factual, leading to confusion or misunderstanding
and can sometimes propagate stereotype and
harmful biases about a group, culture, or language.
They can also be used deliberately to attack or
mock users, deepening existing social divides,
further complicating online interaction (ibid.).
Therefore, the risk of spreading misinformation
and misunderstanding is significant and requires
attention from users, developers and service
providers (see discussion in Al Sharou, 2026).

The viral spread of MT errors can also reinforce
negative perceptions about the quality and
performance of MT. For example, users attributed
content of poor quality to MT even when MT was
not used to generate this content. This raises critical
ethical questions regarding its use and impact,
highlighting the need for more effective and
responsible translation solutions and uses of Al and
automation in non-professional settings. This

places greater responsibility on users to verify MT
output, and on developers to enhance tool
reliability and context-understanding.

Relying on automated content moderation
systems to detect and address offensive language
across multiple languages might be a challenge
when using MT for the translation of user-
generated content. Inaccuracies in MT output may
affect the identification of harmful content. A study
by Dmonte et al. (2024) investigated how MT
could impact offensive language identification by
evaluating the performance of offensive language
models on both original and MT content. The study
created a dataset called MT-Offense, which
includes English language content and its
translations in Arabic, Hindi, Marathi, Sinhala, and
Spanish, using multiple open-access MT systems.
The study revealed that models trained on
machine-translated datasets often misclassify
offensive language due to translation errors and
cultural differences, leading to underreporting of
harmful content and incorrect classification of
content as offensive. This failure to identify
harmful content is problematic for social media
platforms, where content moderation must account
for a diverse range of languages and cultural
contexts. Without improvements in translation
accuracy, social media providers risk either
overlooking significant harmful content or
incorrectly  flagging non-offensive  material,
ultimately undermining the effectiveness and
fairness of content moderation systems (see also
Paullada and Haroutunian, 2026).

Generative Al such as ChatGPT, is emerging as
a strong competitor in the translation space. One
tweet mentioned how the quality of GPT-4
translations was “impressive” and “superior to
Google Translate in some scenarios”. This suggests
that users recognise their potential to produce more
natural, fluent, and contextually accurate
translations. Despite this shift, users continue to
express doubts about the ability of these tools to
deliver high-quality translations. This scepticism
originates from their experience with MT systems,
shaped by recurring errors and lack of trust (see,
Fairman, 2023).

6 Limitations

The study provided insights into user perceptions
of English-Arabic and Arabic-English MT on X
platform. It therefore addressees an important gap
by examining everyday user perspectives on MT,
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especially among Arabic speakers who are often
underrepresented in MT research. However,
several limitations should be noted and point to
directions for future research:

First, while tweets in Arabic are fewer than those
in English, the datasets are well balanced in size,
selected to ensure authentic representation of user
experiences with MT. With the rapid adoption of
LLMs among Arabic speakers and the growing
discussion of MT on social media, future studies
can expand this dataset and capture a broader range
of user perspectives. Second, the analysis relies on
manually annotated data selected through keyword
filtering. As a result, cross-linguistic comparisons
and trends over time should be interpreted as
indicative rather than definitive. The study offers a
close qualitative reading of users’ own accounts
and interactions with MT. It therefore complements
earlier work, such as Al Sharou et al. (2025), which
applies statistical methods to a larger dataset, but
does not address this qualitative dimension. Third,
Arabic users are treated as a single group because
the aim is not to study how MT performs across
users speaking different Arabic dialects or how
attitudes vary between dialect groups. These
choices allow the study to provide a focused,
qualitative account of user attitudes that highlights
shared patterns in how Arabic speakers engage
with MT. Future work can build on this foundation
by using larger, more balanced datasets and multi-
annotator protocols to explore variation across
dialects and user groups.
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