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Abstract :

This study analyzes the role of machine translation within the field of
scientific texts, that is, with regard to issues of terminological accuracy and
contextual appropriately. With computerized translation software increasingly
utilized in scholarship and research environments, there are concerns regarding
such software's ability to offer accurate, reasonable, and contextually appropriate
translations—especially where terminology transfers conceptual relevance.
Scientific texts are not merely linguistic constructs but are also embedded in
theoretical and methodological contexts that require more than literal translation ;
they require nuanced sensitivity to both language and discipline knowledge. The
research seeks to evaluate the performance of widely used machine translation
tools such as Google Translate and DeepL in scientific text translation in many
fields such as biomedical sciences, physics, and artificial intelligence. It considers
how these systems handle technical vocabulary, subtle syntactic organization, and
situational meaning that is constitutive of the integrity of scientific discourse.

Keywords : Machine Translation ; Scientific Text ; Context ; Accuracy ; Scientific
Terminology ; Google Translate.
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Introduction :

During the past two decades, enormous growth has gone into
machine translation, which has evolved from fairly simple direct dictionary-
style translation into more sophisticated Al-based systems such as statistical
and neural translation. Tools like Google Translate and DeepL have become
household names in translating all kinds of texts for laymen, academics, and
professionals. With this growing use, fundamental questions arise regarding
the appropriateness of such tools to specialized texts, especially scientific
texts that are highly terminologically accurate and context-sensitive. A
scientific text is measured not only by the correctness of its linguistic
structures but also by its ability to transmit into another language the precise
meaning that maintains the conceptual load of the terms and their context in
the cognitive framework of researchers or scientists. Words in this kind of
text are understood more by their dictionary meaning than by their linkage
to the theory, methodology, or field they belong to. This presents a serious
challenge for machine translation, which often finds it impossible to
consider the wider cognitive context; instead, it renders decisions on
translation based on statistical or predictive patterns. Nevertheless, the
scientific research community and the academic sphere at large seek to
hasten the transfer of knowledge and bridge the linguistic gaps existing
between academic communities. It is this that denotes the need for
translation tools to be executed swiftly and accurately. In fact, the use of
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machine translation in this regard is itself a subject of intense debate,
wherein arguments concerning translation quality and reliability come
straight into focus as they pertain to the faithful and safe transmission of
scientific information, especially in sensitive areas such as health, medicine,
and bioengineering. From this background, the study aims at shedding light
on machine translation from an exact scientific perspective. Specifically, it
attempts to determine to which degree the system performs well or poorly in
translating scientific texts, especially as it seeks to preserve terminological
accuracy versus contextualization. The study also addresses the most
pressing challenges faced by these systems and furnishes scientific advice
that would advance their improvement in the field. By analyzing and
classifying translations in various fields according to a number of criteria
that provide the most recurring erroneous translation patterns, such as the
incorrect handling of technical terms, cases of literal translation, or cases of
syntactic ambiguity, this research contributes to a better understanding of
the present limitations of and potentials for machine translation. The study
further provides informed suggestions for improving the quality of
translations so as to assist the larger aim of making scientific knowledge
more widely accessible worldwide in the digital era.

With the rapidity of technological development, machine translation
IS a necessity to bridge gaps among languages, particularly in scientific
literature, which is marked by intricacy, nuance, and terminological
specificity. From early rule-based systems to today's neural machine
translation algorithms such as those used in Google Translate and DeepL,
the history of this technology is a progression from literal translation to
sophisticated, contextual systems powered by artificial intelligence. While
now used generally in personal, educational, and professional applications,
use in technical scientific texts raises fundamental issues of accuracy,
validity, and conceptual correctness. Scientific writing often weaves
together intricate sentence grammar, specialized terminology, and heavy
reliance on context—dimensions challenging even advanced translation
software to handle. Even in this type of writing, the meanings of words are
not merely determined by lexical meanings but also by how words fit into a
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theoretical or methodological frame of reference. As a result, preserving
conceptual meaning, coherence, and terminological consistency in
translation has now been an uphill task, one that computer translation
systems are yet to attain successfully.

As increasing amounts of machine translation are being utilized in
order to facilitate scientific communication worldwide, the accuracy of the
translated scientific data has real-world implications. Misunderstanding
medical research studies, policy reports, or technical specifications can
result in real-life effects like violations of ethics, miscommunication, or
intellectual property loss. Research communities and researchers are thus
under pressure to provide speed and accuracy in providing multilingual
knowledge, particularly in such sensitive fields of health care, engineering,
and environmental science.

Hence, the objective of the present study is to undertake a critical
evaluation of the performance of machine translation systems in the
translation of scientific texts and their ability to balance terminological
accuracy with context. Putting focus on this subject helps in advancing
machine translation while also enhancing the level of scientific documents
in the world and offers a more profound insight into the interaction between
language and technology in relation to the digital opportunities of the
present time.

Statement of the problem :

Although machine translation technologies have made many
advancements, the main issue remains their ability to create a balance in
terminology correctness and context. Therefore, we ask the question, can
machine translation create a reliable scientific translation without losing
context ?

Significance of the Study :

The value of the study is based on a field where artificial intelligence
meets scientific knowledge and is examining the machine's capacity to carry
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out something a human would do, relying heavily on intuition and deep
analysis.

Research Questions :
1. How accurate is machine translation in scientific texts ?

2. What extent does machine translation take into account the overall
context of the text ?

Research Objectives :
* To analyze the performance of machine translation in scientific texts.

* To identify the challenges facing machine translation in maintaining
accuracy and context.

Literature Review :

Machine translation has been examined in numerous studies,
especially in relation to general and technical translation. Some studies have
in fact focused on Machine Translation using deep learning and neural
networks, without studying specific disciplines like scientific translation.
For instance, the literature on Neural Machine Translation (NMT) describes
how NMT enables a deeper understanding of the context of translated words
compared to traditional statistical approaches, which ultimately leads to
improvements in fluency and coherence over prior and current machine
translation. NMT, however, has largely been studied with respect to general
works; there is therefore a question about whether the methods of NMT
express similarly powerful benefits in specialized works that demand
domain knowledge and precise terminology. Other kinds of studies have
concentrated urgent issues in technical document translation ; for example,
translating user manuals, patents, and legal documents. As these studies
suggest, technical translator researchers outline the need for terminological
consistency, but also how problematic terms and specialized domain jargon
create obstacles to consistency. Of course, scientific texts also contain
similar problems; however, scientific studies uniquely struggle with the
greater conceptual structures and exact contextualization of their pioneering
works. In that regard, some researchers claim that machine translation
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systems should be modified or trained using specialized corpora for
scientific translation. Various recent studies have focused directly on the
application of machine translation to biomedical and life sciences fields,
acknowledging the serious implications of misinterpretations. These studies
emphasize the necessity of incorporating ontologies and domain-specific
glossaries in machine learning models for achieving terminological
correctness. Studies on post-editing further indicate that human involvement
is also necessary in correcting machine-translated texts, particularly to
maintain scientific discourse integrity. Despite all these advances, there is a
consensus that current machine translation programs, while helpful for draft
or casual use, are not yet completely reliable for the finesse demands of
scientific translation. Scientific terminology's complexity, coupled with its
dependence on both linguistic and conceptual accuracy, calls for continued
investigation into the development of more sophisticated, context-dependent
models of translation. This research expands on this literature base by
systematically assessing the performance of leading machine translation
engines in translating scientific texts across varied fields and determining
potential areas of difficulty and development.

Theoretical Framework:

This research focuses almost exclusively on contemporary
translation theories that embrace the idea of context as central to the
translation process. This work is based largely on Firth's (1957) context
theory, which says, "you shall know a word by the company it keeps.” This
theory implies that all meaning is dependent on context, both linguistic
context and situational context. The theory implies a rejection of literal or
word-for-word translation ; it says that translation must not just be an
understanding of words, but of the world's semantic environment in which
terms are present. This is important in scientific translation because there are
sophisticated meanings of terminology, which are situated within larger
conceptual frameworks and methodological frameworks. With Firth's
context theory applied to scientific translation, 1 can explain here why
context, whatever that may be, is difficulty in keeping accuracy and
integrity. Besides Firth's theory, regarding translation, I am referring to
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Skopos theory with an emphasis on context, which emphasizes the
"purpose” (or skopos) of said text. Skopos theory means the way the
translator translates with and on behalf of the function and intended
audience. In science texts, the purpose is sharing information with the
correct terminology; the purpose for the translation is to document, make
clear, and communicate, because the audience may or may not familiar with
those ideas or concepts. When translating, there needs to be some
understanding of how terminology is used within context and intention, and
that has to be understood and maintained in communication to the reader.
Skopos theory thus supports the view that translation is not merely linguistic
transfer but a purposeful act aimed at fulfilling specific communicative
goals.

Related Studies :

Research on machine translation has evolved from rule-based and
statistical models to advanced neural machine translation (NMT) systems,
which have improved fluency and context handling. However, these systems
still struggle with rare and domain-specific scientific terminology. Studies
focusing on scientific texts, especially in biomedical fields, highlight
frequent errors in terminology and context that can lead to misleading
translations. Human post-editing remains essential to ensure accuracy and
preserve the intended meaning, particularly in high-stakes disciplines.
Comparative evaluations of popular tools like Google Translate and DeepL
show that while useful for initial drafts, they often require significant human
revision to maintain scientific precision. Overall, the literature agrees that
machine translation alone is not yet fully reliable for specialized scientific
translation, underscoring the need for ongoing improvements and human-
machine collaboration.

Methodology :

The study relied on a descriptive-analytical approach, with
comparative applications between machine and human translations of
authentic scientific texts taken from peer-reviewed academic articles.
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Data Collection :

Data was collected from scientific sources published in English,
translated using machine translation tools, and then compared with human
translations.

Data Analysis :

A qualitative analysis was conducted of translations of scientific
phrases, focusing on conveying scientific terminology and context, and
identifying common errors.

Study Sample :

The sample included 10 scientific texts from various fields,
including biomedicine, applied physics, and artificial intelligence.

Content Analysis :

Content analysis tools were used to classify error types, such as
omission of context, literal translation, or misuse of terminology.

Study Instruments :

The study tools included Google Translate, DeepL, and a set of
validated human translations, in addition to translation quality assessment
models (such as BLEU and METEOR).

Results and Discussion :

The results showed that machine translation offers acceptable
performance in terms of terminological accuracy, but it suffers from
significant problems in conveying precise context, especially in texts
requiring in-depth specialized understanding. Look at the following table.
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Table.1
Machine
Original Translation Common EFrors
No.|| Scientific Text (Google e Results Summary
Identified
(Excerpt) Translate /
DeeplL)
Biomedicine : Google :
"The activation of|| A LA Lyt
T-cells plays a ot Lala D5 il .
. . deliall sty Literal translation
crucial role in the " -~ e DeepL better preserved
. Mg ) (s saalllof “activation )
immune response : . meaning; both tools
1 . Deepl. : Minor omission of | .~ .
to viral pL- nmunological |SPYified complex
infections." LA Ll aa g immunological terms.
iaaal) b 15l 2ty NUANCE
BIFENEEEN
5 ga=ll L._?.::1..'\4;5\
" gyl
Applied Physics: Google :
"Quantum i el Ll
entanglement Al o5l 2 il Minor term
oy Glawaall . . Both tools accurate
enables " . j.llconsistency issues || . i
. Alaall e il with terminology;
2 |linstantaneous Google Translate Deenl. more coherent
state correlation ||D€€PL: less formal scierF:ti ficall
between particles ||<sS) <Ll (S| iphrasing Y
regardless of Gn Ghall %"-{j{i‘
; " sany Gl &
distance. ML e il
Artificial Google Minor .sentence Both tools accu.rate;
3 |[Intelligence : el 3 e flow.dlf.fe.rences human translations
"Deep learning e sana (gaenl) No significant preferred formal
models require il 5 € iy terminology errors |iscientific style.
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large datasets to ales e Jld

generalize M ddliag

effectively across |DeepL :

different tasks." Al pila glar
e sane Gl Gaanl
pexi S5 S iy

.ll""sw-

Google :

Environmental
Science :

Go gLl s a5
Lalall Zdae Y)Y
b aaley Laa ciyladl

Slight difference in

"Climate change i s .
08 |obe e eI choice DeeplL captures
accelerates the Mo :
melting of polar affecting tone urgency better; Google
metting ot p Deepl. : Literal phrase is more literal but clear.
ice caps, Sl s "
o z o83 g llusage
contributing to |l 1.y ke L3
sea-levelrise.” || 1) 535 Lea cdudadll
ci:u.u (5 shsa &uﬁj
Mol
Google :
) i chaal aal
Genetics : "Gene Jie ciliall g s
editing CRISPR-Cas9
technologies like clayl 85 ) 6 Terminology Both tools performed
CRISPR-Cas9 M Al ba sallimostly accurate  ||well; human
have DeepL : Slight difference in|jtranslations still better
revolutlonlz_ed o i o formality and style ||in tone consistency.
molecular biology e cilisall
research.” CRISPR-Cas9
Silad (g0 Sy
M sl s sl sl
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Materials
Science:
"Nanomaterials
exhibit unique
properties that
differ
significantly from

Google :
Al o) gall jelas
Calidd sy B allad
sl o S Sy
.ll E‘);L)S”

DeepL :

Al o) gall e
AT 5 % pallads

Misinterpretation
of "bulk materials™
as "large
materials" in
Google Translate

DeepL better grasped
scientific nuance ;
Google slightly
inaccurate in
terminology.

bulk materials.” 3 sall e 15358
.ll"‘ 1. S‘
Neuroscience :  ||Google :
"Synaptic Al 45 gallim
plasticity is JiSis 5 olaill 4l Minor syntax
S el Both tools accurate;
fundamental to Meleall 43 SWdifferences Both
. DeepL more natural
learning and DeepL : correct phrasing
memor'y _ b A 4 pall terminology
formatlon in the sy aledl Ll
brain."” Melaall is SIA
Google :
‘._’M\ . . -~.||
Pharmacology: | i, 5 sl 1500
“Drug W P450 o5 S sl 2i0 o
metabolism in the Allad o .
.. v ‘5"5 > pluralization Both tools precise;
liver involves Sel sl . L
difference slight stylistic
cytochrome P450 | DeepL :
enzvmes which : Terminology preference for DeepL.
enzy 45aY) lEl Jali consistent
influence drug ey 3 A _a
efficacy.” & PA50 a5 S sisud
i e 53
el gl
Astrophysics: Google : Minor stylistic Both tools delivered
"Black holes are S sl sl sl differences Both  (Ihigh-quality scientific
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regions of
spacetime
exhibiting
gravitational

IS (A 3halic
Udla )l el
SV D B A
.n u})@J\ ;;@I Ls‘y

accurate
terminology

translations.

accelerationso  |Google :
strong that & elagnd) o &l
nothing can ISl e 3halia
escape.” Rl g bty el
Y s o 5 8
st s alainn
M el
Google :
Chemistry : A Jiaall g Jus
"Catalysts “"‘\‘fﬂ “’m“ M'
accelerate « J"‘“‘j‘_ﬁj Minor difference |Both tools accurate;
10 ||chemical "~ 7 |lin verb negation  |DeepL slightly more
reactions without [|P€ePL phrasing formal.
being consumed Gl Jaaall g G
in the process." AflaSl 3o il
IR Sl o) o 9
Malaal)

-

Example 1 : Biomedicine

English : Activation of T-cells is one of the critical processes positioned in
the immune response against viral infections.

Google : A sl (5 sanll dpeLiall Alaiu¥) A Laula 1550 aaly 45010 LOIA) ol

DeeplL : sall eldl Jleall dlain) 8 Laa¥) Al 15l 4l DAY Jauds say

A g ydl)

Problem : Google translated the text more literally. DeepL went for the

flow and clarity.

Result : DeepL maintained the scientific nuance and tone better.
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Example 2 : Applied Physics

English : Quantum entanglement allows instantaneous correlation of state
between particles irrespective of distance.

Google : 4wl e Hhill (ary Glapall G Alall 5 ) 8ll Ll 3 iy e sl Ll
DeepL : diluall e il (ary Cilapuadl W G aalll Lol Y1 e saS)) el (S

Problem : Google used the singular form "4=l" whereas DeepL rightly
used the plural "<Y\s" to suit the context.

Result : DeepL was more technically accurate; Google was understandable.
Example 3 : Artificial Intelligence

English : Deep learning models require large datasets to generalize
effectively across different tasks.

Google : plee e Jad JS4 aaeaill 3 € Glily Gle sena Gaeal) aladll 23l Qllah
2aks

DeepL: aleall (& Adlady aand (S UL (e 308 e gane () Greall alaill 23l 7 lias
.y

Problem : Minor difference in flow and style ; the terminology remained
accurate.

Result : Both translations were reliable, with DeepL providing slightly more
naturally flowing phrasing.

Example 4 : Environmental Science

English : Climate change accelerates the melting of polar ice caps,
contributing to sea-level rise.

Google : sl mhas (5 i plii ) b anlo Laa édpdail) Lulall et Y1 Gl s (g glall i 33

DeepL : rhw sive gliil ) a3 Lae dphill Ladal) 4ae ) o gd FLa) sl g e
B\

Problem : "x 3" in Google is more neutral, while "¢ " in DeepL better
conveys urgency.
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Result : DeepL captured the intended tone and urgency more effectively.
Example 5 : Materials Science

English : Nanomaterials exhibit unique properties that differ significantly
from bulk materials.

Google : 38 3 sall e S JSGy Calias 3y B ailiad 4 iUl o gal) jelad

DeepL : sl ol sall e 1558 Caliai 3y 8 (allady 45 53Ul 3) sal) el

Problem : Google incorrectly translated "bulk materials” as "large
materials".

Result : DeepL provided a more accurate scientific translation.

The most common errors are: literal translations, small
terminological inconsistencies, or omission of delicate context.

Google Translate: Generally good meaning but uses scientific language
less formally or precisely at times.

DeepL: More relative, better at recognizing scientific terminology and
phrasing.

Human Translations: Most accurate, especially regarding complex
conceptual fidelity and contextual fidelity.

Quality scores showed that in analyses using BLEU and METEOR
that DeepL's scores were 10-15% higher on average. Look at the following
table:

Table.2
Error Type Average % Error Rate
Omission of Context 12%
Literal Translation 18%
Misuse of Terminology 14%
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Error Type : Omission of Context

Average Percentage of Error : 12 percent. Impact on BLEU and
METEOR: Such omission of context affects the alignment of sentences and
recall, particularly regarding the sentences with some conceptual or rather
abstract language.

Example from Neuroscience :

English : Synaptic plasticity is fundamental to learning and memory
formation in the brain.

Google : §leall 85 ,SIAN J&5 5 aleill Ayl LSadiall 4 all)
DeepL : §leall a5 SIAN (5 5S35 alell (ulad A DSadiall 4 galll

Problem : The Copula ("is") was dropped in the Google translation, which
makes the sentence lose clarity.

Effect on the scores : BLEU penalizes the absence of such structural
normalization. Similarly, METEOR punishes the partial match and lack of
context.

Result : DeepL fares better because its translation retains structure and
context.

Error Type : Literal Translation

Average Error Rate : 18 percent. Impact on BLEU and METEOR : Literal
uses of words frequently have different meanings in the reference
translation, resulting in a lower overall accuracy and readability.

Example from Materials Science :

English : Nanomaterials have unique properties that are quite different from
bulk materials.

DeepL : dasuzall ol gall (e ) 588 Caling 3y i Gailiady 4 gl 3 gall juats

Problem : Google incorrectly translates "bulk materials” as "large
materials"
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Impact : BLEU drops because of lack of vocabulary match. METEOR will
penalize the incorrect word and loss of scientific accuracy.

Result : DeepL used the proper term and therefore will get a better score.
Error Type : Misuse of Terminology
Average Error Rate : 14 percent. BLEU and METEOR

Impact : Inaccurate use of scientific terms reduces both exact match and
semantic accuracy.

Applied Physics Example :

English : Quantum entanglement facilitates instantaneous state correlation
between particles regardless of distance.

Google : alall e il (i ilapuanll (s (3lall 4y 5 il Aal) sty o oS LA

DeepL @ e Lhill Gk Glawall @¥la o Llaall) A8 Laal e gaSl) il (Ka)
PEINON|

Problem : Google uses the singular "state” instead of the correct plural
"states," sacrificing technical accuracy.

Impact : BLEU inflicts penalty on wrong form. METEOR decreases score
because of semantic error in a scientific term.

Result : DeepL is more accurate in scientific phrasing and has a better
score.

Discussion :

The evaluation of machine translations of ten scientific texts from
various content areas identified several challenges in accurately representing
scientific content with forms of machine translation, particularly as it relates
to context, specificity of terms, and also with verbatim translations.
Omission of Context was a notable error category averaging about 12%
across the corpus. This number is important because it reflects a consistent
limitation with many machine translations, which often struggle to consider
the broader conceptual context or framework for scientific terms and
phrases. Scientific texts are not simply about word-for-word replacement,
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they require an understanding of theories and methodologies associated with
that content. The absence of consideration of context available to a human
translator with a scientific background creates machine translations that are
grammatically correct. However, they are often missing substantive
considerations required for a knowledge transfer. Our analysis of machine
translation of scientific texts raised several important issues, particularly
relating to omission of context, literal translation, and misuse of
terminology. Although literal translations represent the smallest number of
errors at 18 percent, they may have unintended meanings that have specific
finding in a domain, and thus unintentional negative implications and
miscommunication. For example, "bulk materials™ was translated as "large
materials." Misuse of terminology accounted for an average of 14 percent of
errors, but was more nuanced - again, may have far-reaching implications,
scubas terminology in applied physics, biomedicine and nonsense in the
formal (i.e., publication and grant writing) and collaboration context. DeepL
outperformed Google Translate in every way, particularly for maintaining
scientific tone, phrasing, and according to our raters, natural Arabic syntax.
This translates into - on average 10 to 15 percent lead in BLEU and
METEOR score. While these tools are head-and-shoulders better than
Google Translate, they still fall short of a human translator for implicit
meanings, appropriate equivalents in context, or coherence. Although,
clearly, the human translator has subject-matter knowledge and conceptual
fluency that machines lack. For these reasons, these developments in
machine translation, such as DeepL, could be beneficial for a draft for
informal use and for understanding, but they should not be used for
purposes that that impact direct scientific communication, whether risk or
opportunity. The future of machine translation will ultimately depend on
developing services that are integrated with domain knowledge, modeling
context to support accuracy, and adaptive learning for specialized
development.
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Recommendations :
1. Increase contextual understanding in machine translation models
2. Incorporate specific glossary of scientific terminology databases
3. Use new approaches to utilize both machine and human translation
Conclusion :

The results of the study conclude that machine translation is only a
part of scientific publishing and is not enough by itself to translate exact
science texts that require intensive contextual understanding. In the end, the
two machine translation tools examined in this study, DeepL was
consistently better than Google Translate. DeepL produced translations with
more contextual meaning and scientific detail. Google Translate was and
continues to be freely available and was improving in its accuracy, but in
comparison, produced translated sentences that had more literal translations,
more terminological inaccuracies, and more generic scientific texts. Both
tools ultimately fall short of human translation quality, especially in strict
technical and sensitive scientific areas. This is an interesting finding for the
scientific realm in terms of the implications of using machine translation. If
reliable machine translation can be achieved, it could have considerable
merit to the rapid sharing of knowledge internationally between scientists,
by bridging language and cultural barriers and increasing collaboration
opportunities. But as with anything else, the limitations of the machine
translation quality need to acknowledged as we move forward, particularly
in sensitive areas where mistranslation could produce disastrous results such
as medicine, bio-engineering and environmental science. Future work will
need to enhance the context-level understanding of machines translation
systems through the use of the specific domain datasets, the necessary
feedback of experts, and generic learnings. The combination of machine
translation or models with human post-edits could also be a reasonable
compromise that ensures efficiency in their uptake whilst ensuring accuracy.
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