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Abstract

The rapid advancement of machine translation (MT) technologies has
revolutionized the way information is disseminated across linguistic
boundaries. However, concerns regarding the biases inherent in these
systems have emerged, particularly in the translation of news headlines.
This study aims to uncover and analyze the presence of bias in machine-
translated news headlines, comparing multiple MT systems to assess the
extent and nature of these biases. Using a dataset of news headlines
translated from English to multiple languages, we focus on identifying
patterns of bias in the translated content, including gender, racial, and
political biases. The study applies both qualitative and quantitative
methods, such as bias detection algorithms and human evaluation, to
identify how certain groups or ideologies are represented or marginalized
in translations.

Additionally, the research will compare the performance of various MT
systems, including commercial and open source tools, to explore
differences in how they handle potentially biased or sensitive content.
The dataset consists of 50 original English news headlines, which were
translated into French, Spanish, Arabic, and Chinese. The total number of
translations across these languages is 50 headlines (50 headlines x 4
languages). The headlines cover a wide variety of themes, with a focus on
current events that range from politics to global health crises.

The findings highlight significant variations in translation outputs, with
certain MT systems displaying a propensity for reinforcing existing
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stereotypes or skewing the portrayal of events in ways that could
influence public perception. This research underscores the importance of
addressing bias in MT systems, particularly in the context of news
dissemination, where unbiased and accurate information is crucial for
informed global discourse

1.1 Introduction

Natural Language Processing (NLP) stands as one of the most
important fields of artificial intelligence (Al) which teaches computers to
handle human language both in interpretation and generation. NLP
revolutionized multiple industries after the development of powerful
algorithms combined with large datasets including healthcare and legal
services as well as customer service and social media. The daily digital
platforms we use extensively depend on technology platforms which
include machine translation and sentiment analysis with speech
recognition capabilities. The development of NLP technologies has led to
fundamental discussions about fairness as well as privacy and ethical
aspects because they integrate into daily life (Koehn & Knowles, 2017,
92).

NLP technologies expand in prominence because they bring extensive
effectiveness alongside automated processes together with user-friendly
features. Machine translation algorithms have abolished linguistic
limitations to establish international communication pathways between
different language programs. The current NLP systems encounter various
problems even after achieving their recent improvements. Innovations of
NLP across industries bring along the important disadvantage of intrinsic
system bias that currently plagues these technologies. As NLP expands its
influence over applications affecting real life decisions these biases which
represent social inequalities have become an essential priority (O'Neil,
2016, 320).

The multiple components that create bias in NLP systems include
biased training data and both the design choices along with the
algorithmic structures. Large text datasets used for training NLP models
pass through biases that appear in the human-originating textual data. The
training of NLP systems with predominant gender stereotypes and
cultural prejudices in their data sets will result in biased output responses.
These biases produce extensive effects particularly in critical domains
including hiring and criminal justice together with healthcare (Blodgett et
al., 2020, 112).
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The combination of certain NLP applications creates situations where
bias is an active issue. The problem with sentiment analysis models
occurs when they wrongly evaluate sentimental expressions from
marginalized groups because their trainees do not sufficiently represent
marginalized voices. The incorrect handling of cultural or linguistic
elements by machine translation causes the production of faulty
translations that spread hurtful stereotypes. Digital speech understanding
systems frequently encounter problems with different speech accents and
dialects which negatively affect both non-native users and people from
select racial and ethnic groups. Developing unbiased NLP systems
becomes difficult because of the wide range of linguistic and cultural and
social diversity (Garcia et al., 2020, 135).

The difficulty of eliminating bias in NLP remains complicated yet
scientists continue to establish solutions for overcoming this problem.
Academic professionals work to generate databases which mirror the
extensive range of linguistic and cultural backgrounds and social
elements properly. Different research teams develop algorithms with
fairness awareness along with automatic detection capabilities for biased
outputs. The implementation of human-in-the-loop methods provides
capabilities for reviewers to evaluate biased outputs which enables NLP
systems to receive continuous enhancements according to Mitchell et al.,
(2019, 56).

The research analyzes modern strategies that aim to minimize the
biases detected inside NLP systems while also investigating the sources
of bias existing within these systems. This research investigates the
different biases affecting NLP systems through examinations of biased
training materials and algorithm construction whereas the impacts on
operational settings serve as the research goal. This research investigates
ethical issues in biased NLP systems together with the assessment of
contemporary bias reduction techniques. The research aims to support the
development of NLP systems which offer equal benefits to all users
across genders and races and cultural backgrounds (Bojar et al., 2016,
181).

2. Literature Review
2.1 Bias in Natural Language Processing (NLP)

The systematic preference of particular groups along with specific
perspectives and linguistic characteristics occurs within Natural
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Language Processing (NLP) during its design stage combined with
training procedures and system implementation. Such biases usually
emerge because of the training data structure while remaining
unintentional. Procedures that train on extensive data sets frequently
duplicate already present societal prejudicial patterns which affect both
social groups and their associated ethnicities and financial backgrounds.
The problem becomes most pronounced in risk-heavy applications such
as machine translation and sentiment analysis and automatic content
moderation because biased outputs can lead to significant consequences
(Binns, 2018, 215).

Different kinds of biases appear within NLP system operations.
Gender bias serves as a major bias form in NLP models that links specific
words or professions with certain genders to maintain stereotypes. Racial
and ethnic biases commonly exist in models because they show
preference toward linguistic patterns and dialects which typically appear
within specific racial and ethnic groups. The lack of appropriate
processing of Western and non-Western cultural elements poses a
challenge to NLP systems since they operate with Western-centric
training datasets (Bolukbasi et al., 2016, 198).

NLP models develop biases primarily because their training data
includes specific patterns and information. Most large datasets which are
collected from internet sources contain elements of bias in their
information content because they frequently include incomplete or
prejudicial data. The bias that enters data during labeling activities finds
its source in the human annotators who possess their own natural
prejudices. The design deficiency of research teams who lack diversity
becomes a contributing factor to bias because they accidentally overlook
hidden biases within the data sources (Garcia et al., 2020, 135).

The most documented bias that appears in NLP systems involves
gender bias. Models that receive training data containing uneven
proportions of gender information will develop an imbalance in their
association between career roles and gender identities. The model
develops a link between "nurse” words with female identities while
connecting "doctor" terms to male ones (Zhao et al., 2017, 240).

Racial together with ethnic discrimination in NLP systems represents a
major significant issue. Systems demonstrate bias when their
performance decreases on dialects and languages that mainly belong to
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marginalized communities. Speech-recognition automation demonstrates
reduced accuracy for processing speakers of African American
Vernacular English than English speakers who conform to Standard
American English norm. Non-standard dialect speakers face
discrimination from systemic racial biases that affect the effectiveness of
NLP solutions (Blodgett et al., 2020, 112).

NLP systems develop cultural bias because their training takes place
primarily using Western cultural data which leads them to fail correctly
process or generate language specific to diverse cultures. The problem
manifests notably in machine translation because the platform struggles
to understand expressions which have special meanings based on cultural
context. The elements of cultural bias in algorithms fail to show proper
representation of marginalized populations because they cannot
understand cultural norms and societal values within text
interpretation(Mitchell et al., 2019, 56).

The ethical aftermath of bias appearing in NLP systems is severe and
extensive. Deployed biased models contribute to the creation of
destructive stereotypes and the continuous spread of social
discrimination. Balanced predictive policing systems must address the
issue because biased algorithms create excessive surveillance and arrest
patterns in minority cultural groups. Recruitment algorithms utilized in
job hiring positions might discriminate against women and racial
minorities similarly to their discriminatory behavior. Problems found in
the outputs of these systems create substantial doubts about the ethical
nature of NLP systems' fairness and accountability methods (O'Neil,
2016, 320).

2.2 Bias in Machine Translation (MT)

The widely-employed application of NLP called Machine Translation
enables automatic language translation between different linguistic
systems. Machine Translation systems share the same bias susceptibility
with other NLP applications which leads to inaccurate and unfair results
during translation. Various types of bias such as gender bias along with
cultural and racial bias affect MT systems by producing unreliable or
misleading translations. The implementation of MT systems in essential
domains such as law translation, healthcare and news reporting demands
sincere attention to bias mitigation due to its critical nature (Koehn &
Knowles, 2017, 92).
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MT systems currently face strong challenges from gender-based bias
issues. Gendered pronouns in languages such as English Spanish and
French create translation bias since MT systems need to address gender
neutrality and linguistic gender characteristics across different languages.
An MT system can convert gender-neutral text into female or male
statements because it relies on training data patterns and stereotypes for
translation decisions. Gender stereotypes continue to persist when MT
systems incorrectly use male pronouns for professions such as doctors
and engineers (Binns, 2018, 215).

Racial together with ethnic prejudice has a negative effect on machine
translation systems. The translation capabilities of MT systems
deteriorate for languages or dialects found in small amounts within
training data records. The majority of training data from major Western
languages creates challenges for MT systems when they attempt to
process African or non-Western indigenous languages because these
languages have different linguistic characteristics. The deficiencies in MT
systems create inadequate outputs which fail to preserve meaning along
with cultural elements. MT system translations might perpetuate
undesirable stereotypes that lead to further marginalization of particular
ethnic or racial groups (Garcia et al., 2020, 135).

The level of data quality during MT system training directly correlates
with how much bias appears in the system. The existence of biased text in
training datasets leads the resulting model to maintain those cognitive
biases throughout its creation. Training data that includes outdated or
prejudiced language or represents cultural limits in language can cause
the emergence of bias in the system. Different training inputs including
society based stereotypes found in historical documents can instruct MT
systems to reproduce such biases. Researchers should prepare inclusive
and representative datasets about translation because it helps reduce bias
in automated translation systems (Bojar et al., 2016, 181).

The assessment of MT system bias needs to check both how
accurately translations preserve language structures and contextual
meanings. Groups of researchers identify specific metrics to detect if MT
systems show preferences toward particular gender groups or racial
backgrounds or cultural groups. A test with neutral subject-verb
agreement sentences followed by translation analysis can check for bias
within gendered words (Koehn & Knowles, 2017, 92).
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2.3 The Impact of Bias on NLP Applications

NLP applications affect people broadly because they steadily advance
into mainstream operation within crucial professional sectors and
personal use scenarios. Different types of bias including gender bias and
racial bias as well as cultural bias create performance issues and unfair
results in NLP models. Unfair outcomes emerge in sentiment analysis and
speech recognition as well as content moderation because these biases
exist (Zhao et al., 2017, 240).

The most widespread NLP application affected by bias is sentiment
analysis because it requires detecting textual expressions of yards and
opinion. Subsequent models used in sentiment analysis encounter
challenges in text interpretation from minority communities because
training data mostly originates from dominant social groups. A sentiment
analysis model typically fails to understand sarcasm combined with irony
as well as local speech patterns which produces erroneous results. Spin
and prejudice exert their influence on vital choices in customer service
and market research and public sentiment assessment (Blodgett et al.,
2020, 112).

Speech recognition systems face major challenges because of their
biased operation. The technology fails to accurately transcribe spoken
language correctly when dealing with less frequently seen speech patterns
and accents during training. The predominant usage of American English
in training American English speech recognition models results in their
inability to recognize British or AAVE. This form of bias results in
transcription inaccuracies and communication breaks because accuracy is
essential in healthcare, legal settings and customer service (Garcia et al.,
2020, 135).

Operation of NLP algorithms in content moderation systems leads to
bias vulnerabilities in their ability to spot harmful or objectionable
content. The detection systems base their training on established language
patterns from their training data nevertheless tend to incorrectly interpret
context along with unintentionally harming particular communities.
Cultural linguistic expressions which include linguistic slang can result in
false content alert flags. Online content censorship due to bias creates
problems which prevent underrepresented groups from expression but
also fails to identify dangerous messages targeted at marginalized
communities (Binns, 2018, 215).
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The operation of customer service applications which include chatbots
as well as personal aids Siri or Alexa exposes them to bias related
problems. The systems produced through this process may show gender-
related or racial bias alongside cultural prejudices because the training
data used was biased during development. A text-driven chatbot which
received mostly English input will encounter problems when processing
English expressions of non-native speakers (Bolukbasi et al., 2016,
198).

Many organizations utilize NLP algorithms to examine work candidate
materials and perform automated screening operations that enable initial
selection procedures. Systems with bias create hiring problems that lead
to discrimination in candidate selection since they show preference
toward male technical applicants while not recognizing qualified
individuals from disadvantaged populations. NLP models which learn
from prejudiced recruitment practices from the past contain a risk of
discriminating against female individuals as well as ethnic minorities or
any demographic that encounters marginalization (Mitchell et al., 2019,
56).

2.4 Strategies for Mitigating Bias in NLP Systems

Research activity together with practical work focuses on developing
strategies to minimize biases in NLP systems because their risks have
become more obvious. These strategies work to decrease the harmful
social as well as ethical effects of biased NLP systems to maintain fair
usage of the technology across all parties. Different approaches have
proven successful in addressing bias (Mitchell et al., 2019, 56).

The reduction of bias in NLP systems begins with training data
collection that maintains diversity along with representative balance and
inclusivity. The process of gathering and preparing data needs to be
structured to eliminate stereotypical data alongside biased or incomplete
information. The first step for improving NLP systems requires bias
correction in their textual content while implementing diverse linguistic
representations across multiple languages together with cultural contexts.
The performance of models receives better outcomes through debiasing
word embeddings together with re weighting specific training samples as
preprocessing methods (Caliskan et al., 2017, 41).

Journal of Babylon Center for Humanities Studies :2025 Volume: 15 Issue :6
(ISSN): 2227-2895 (Print) ~ (E-ISSN):2313-0059 (Online)



Uncovering Bias in Machine Translation of News Headlines: A
Comparative Analysis

Through model development process integration of fairness-aware
algorithms proves to be an effective biometric mitigation system for NLP
technology. The algorithms employ mechanisms that refine training
capabilities to integrate fairness rules as part of output adjustment
algorithms. Fairness-aware models implement design modifications
which achieve demographic balance across output domains while they
also compensate for biases that appear in training information. These
models use fairness metrics to evaluate their execution outputs which
quantify bias levels in order to determine whether the system treats all
groups equally (Blodgett et al., 2020, 112).

Word embeddings function as high dimensional vectors in space and
serve as fundamental components for many NLP applications at present.
The embedding process delivers models with biased outputs because it
absorbs the biases present in training data sets. Officials have established
different procedures to reduce bias in word embeddings that aim to
eliminate gender along with racial biases from word vector
representations and stop the model from creating discriminatory semantic
interpretations using adversarial training approaches. Researchers achieve
more unbiased NLP systems through debiasing word embeddings
(Bolukbasi et al., 2016, 198).

After trained models undergo post-processing procedures they can
achieve lower bias levels in their performance. These adjustment
techniques make changes to model outputs to reverse biases that
developed at the modeling training phase. The correction of gendered
pronouns occurs in machine translation through post-processing which
produces balanced gender representations. Post-processing methods help
sentiment analysis and content moderation systems correct improper
classifications that negatively impact particular demographic groups by
using the techniques described Koehn & Knowles, 2017, P. 92).

The NLP development process needs human input to fight bias
effectively. The Human in the loop (HITL) method relies on real human
reviewers to evaluate and fix errors that occur in NLP system outputs.
The reviewers assist developers by identifying biased or unfair output
patterns which helps developers create necessary adjustments to models.
The human-in-the-loop system proves effective specifically for critical
domains such as healthcare alongside law enforcement because faulty
system outputs create substantial problems (Zhao et al., 2017, 240).
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3.Methodology
3.1 Introduction

Machine translation (MT) systems now transform the process of
accessing multilingual content through their increased use in news
distribution. Due to their hidden biases MT systems receive little
attention even though they affect public opinion through their translated
headlines. The following section defines the methods that researched
biases in news headline translations through multiple MT systems as well
as the datasets utilized. The aim of this research is to discover prejudices
that affect both gender and racial and political aspects among MT-
generated content. This paper details the approach for data collection and
analysis and interpretation regarding identified patterns of bias within MT
systems in subsequent sections.
3.2 Data Collection

The research to examine machine translation bias in news headlines
collected fifty headlines from different English news organizations. The
obtained dataset features fifty news headlines divided into three major
categories of politics, social issues, and international events. Diverse
publications contributed the selected headlines to provide complete
representation of multiple topics along with various viewpoints. The
researchers transformed these headlines through commercial MT systems
like Google Translate and Microsoft Translator as well as open-source
systems such as OpenNMT in four different languages. An evaluation of
bias in MT models occurred by collecting translations from multiple
translation systems.
3.3 Data Descriptive

The research material consists of 50 authentic English news headlines
that received French and Spanish and Arabic and Chinese translations.
The translation count across the four languages reaches 50 headlines
because each headline received four language translations. The headlines
explore numerous subjects which focus on today's events that span from
governmental matters and worldwide healthcare emergencies. The
translated texts received classification into gender-related bias alongside
racial and political biased content. Each language contains information
about where translation originated either from open-source or commercial
facilities.

3.4 Data Analysis

Instead of one process the evaluation divided into two stages
comprising both qualitative and quantitative assessments. Two stages
exist for analysis: first human users manually inspected several
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translations to detect bias while performing qualitative assessment.
Evaluators used specific criteria including non-binary language along
with the rejection of stereotypical imagery and the elimination of political
bias during their assessment. The process involved quantitative methods
that used bias detection systems to identify and track biased expressions
together with their prevalence within translations. Different machine
translation systems provided translations which showed substantial
discrepancies because they revealed biased patterns of gendered language
along with racial terms and political statements.

3.4.1 Gender Bias

1. English: ""The manager announced the decision.""

Spanish (Male): "El gerente anuncio la decision."”

Spanish (Female): "La gerente anuncié la decision.™

In Spanish, the word "gerente" (manager) is gendered, which means it
can be interpreted as either male or female. However, when the machine
translation system chooses one over the other, it can unintentionally
create a gender bias. In this case, the Spanish language provides two
options "El gerente” for male and "La gerente" for female, but the
translation might be biased depending on the context in the English
original.

2. English: ""The teacher gave a lecture on the topic."
French (Male): "Le professeur a donné une conféerence."
French (Female): "La professeure a donné une conférence."

French also has gendered nouns, and the word "professeur™” can refer
to both male and female teachers. However, French tends to use
"professeur” for males by default, while "professeure” is an increasingly
common term for female teachers. In this case, the machine translation
systems might use the male version (which is traditionally more frequent)
instead of the female version, reflecting gender bias

3. English: ""The doctor is discussing the patient's condition.™
Spanish (Male): "EIl doctor esta discutiendo el estado del paciente.”
Spanish (Female): "La doctora esta discutiendo el estado del paciente.”

Similar to the other examples, the Spanish language offers gendered
terms like "doctor" and "doctora.” While both are technically correct, the
translation system could reflect a gender bias by favoring one over the
other, even though the original English sentence does not specify the
doctor’s gender.
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4. English: " The author is presenting a new book."
French (Male): "L'auteur présente un nouveau livre."”
French (Female): "L'auteure présente un nouveau livre."

The term "auteur" in French is traditionally used for male authors,
whereas "auteure" has emerged as a gendered term for female authors.
This demonstrates how machine translations might lean toward the male
version unless there is clear context, reflecting a bias in how gender is
handled in language.

5. English: ""The president gave a speech about the economy.""
Spanish (Male): "El presidente dio un discurso sobre la economia."
Spanish (Female): "La presidenta dio un discurso sobre la economia.”

In Spanish, "presidente” is used for both male and female leaders,
though "presidenta” is increasingly used for a female president. However,
many machine translation systems continue to default to the male version,
leading to gender bias, even if the original sentence does not specify a
gender.

3.4.2 Racial Bias

6. English: ""Refugees are seeking shelter."

Arabic: "ssle (e Ostian o 8l e saled™ (Illegal migrants seeking
shelter).

The Arabic translation uses the term "= -3l e saled” (illegal
migrants) to describe refugees, which implies criminality and illegality.
This introduces a racial bias, as refugees are generally seeking safety and
shelter, but the translation associates them with negative connotations like
criminality, distorting the original, neutral meaning of the English
sentence.

7. English: ""Refugees need assistance and protection."*

Chinese: "JE3Ext RFZ A BNFN{RI™ (Criminal refugees need help and
protection).

In the Chinese translation, the term "JB3ExE K" (criminal refugees)

portrays refugees as criminals, which adds a racial bias. Refugees are
typically in need of assistance due to fleeing dangerous situations, but by
labeling them as criminals, the translation distorts the original context and
frames refugees negatively.

8. English: ""The community is welcoming newcomers."
Arabic: "axiaall o 5la Gne AN e o5 e (Illegal migrants entering the
community).
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This Arabic translation again uses the term "cue 30 2™ (illegal) for
migrants, which frames newcomers negatively. Instead of portraying the
community as welcoming, the translation suggests that the migrants are
entering the community unlawfully, highlighting a racial bias that frames
the issue in terms of illegality.

9. English: ""Families are fleeing war zones."

Chinese: "JE SR ¥t R IETE K B 5 X" (Criminal refugees are fleeing war
zones).

In this example, the term "JBFERY#ER" (criminal refugees) introduces

a racial bias by implying that refugees fleeing war zones are criminals.
This adds a prejudiced lens, suggesting that refugees are inherently
problematic, which is not the case in the neutral English statement.

3.4.3 Political Bias
10. English: ""Leaders meet for peace talks."
Chinese: "4li5: AF =110 & EL (0] 0" (Leaders meet to discuss the issue
of riots).
The Chinese translation significantly changes the tone of the original

sentence by using the term "Z&&L" (riots) instead of the neutral phrase

"peace talks." This introduces a political bias by framing the leaders’
discussions in a negative light. The use of "riots" suggests disorder or
violence, whereas the English sentence implies diplomacy and
negotiation. This illustrates how machine translations can unintentionally
align with national political narratives, especially when translating
sensitive topics.

3.5 Results and Findings

The evaluation showed significant differences existed between bias
levels in different machine translation systems as well as languages.
Below are key findings:

Gender-biased verbalization emerged across the Spanish and French
translations when MT systems applied gender-specific language to
content that displayed gender neutrality in English headlines. The
announcement of the decision by the manager appeared as "El gerente
anuncio la decision” while the female manager used "La gerente anuncio
la decision.” Translation data showed gender bias in 20% of instances
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with French translations containing the highest number (25%) while
Spanish translations had the lowest occurrence (15%).

Multiple racial biases emerged from Arabic and Chinese translation
work since both formats displayed ethnic minority groups in more
negative news content. The translation of refugee news headlines
frequently used words that labeled migrants as criminal or unlawful when
distributed in Arabic through translation of "illegal migrant” (30% of
refugee-related translations) and through Chinese translation of “criminal
refugee” (20%).

The news headlines about important international matters demonstrated
widespread political slant which made headlines difficult to read
objectively. English headlines about peace negotiations between leaders
underwent translation into pro-government orientations during the
processing. Western news reports about protests underwent Chinese
translation which resulted in purposefully removed information or
characterizing protesters as disruptive elements (25% of political related
translations in Chinese).

Table 1: Frequency of Bias in Translated Headlines (by Language
and Bias Type)

Country Bias | Gender Bias % | Racial Bias % | Political Bias %
French 25 % 10 15
Spanish 15 % 12 10
Arabic 18 % 30 20
Chinese 22 % 20 25

These percentages highlight the varying degrees of bias present in
translations across different MT systems and languages.

Conclusion

Research demonstrates that machine translation systems which include
both commercial and open-source varieties display different amounts of
bias while processing news headlines. The research shows that gender as
well as racial identification and political orientation bias exist throughout
translated texts resulting from different language combinations and
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machine translation platforms. Profound gender biases appeared mainly
in translations of Romance languages including Spanish and French but
political and racial biases emerged more strongly in Arabic and Chinese
versions. The biases in machine translation systems affect critical
situations including news reporting since this field requires complete
impartiality and neutral delivery of information.

The improvement of MT system fairness demands better training data
and algorithmic improvements while conducting continuous evaluations.
The successful application of machine translation tools relies on
establishing methods to reduce bias in the conversion process for the
purpose of achieving fair and objective worldwide communication.
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