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Abstract 

With the ever-increasing use of online translators, it is more crucial than ever to evaluate their 

efficiency in various fields, including the medical field, where terminology can pose 

significant challenges in translation due to the technical and specialized nature of these terms. 

Regarding the significance of the issue, this study compared the performance of four free 

online machine translation software (Google Translate, Yandex, Aryanpour, and Faraazin) in 

translating English medical terms into Persian. The study employed a comparative corpus-

based, quantitative approach to evaluate the accuracy, efficiency, and precision of each 

machine translation tool. Three hundred medical phrases were randomly selected from the 

Dorland's Medical Dictionary to be machine translated, analyzed, and compared. The Dorland 

medical dictionary was used as the criterion in this study. The results identified Google 

Translate as the most effective and precise tool, providing more accurate translations compared 

to the other translation tools. The study also demonstrated that although the proportions of 

‘proper’ translation were similar across all four MT tools, the proportions of ‘improper’ 

translation and ‘untranslated’ items were significantly different across the tools. Hence, the 

findings have some implications for those involved in medical translation indicating that while 

MT tools can provide a reliable translation of most medical terms, it is imperative to exercise 

caution when using these tools for critical and high-stakes medical contexts. 
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1. Introduction 

Machine translation (MT), as a subcategory of 

computational linguistics, has been developed to 

translate texts. MT is a computerized process for 

translating texts that differs from computer-aided 

translation (CAT) tools, which rely on online 

dictionaries and terminology databases. In fact, MT 
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aims to automate the translation procedure. In recent 

years, online translators have become one of the most 

frequently used MT tools, and even non-academic users 

benefit from their remarkable capacities in the 

translation field (Arnold et al., 1994; Khadem 

Olhosseiny & Askari, 2024; Taleghani & Pazouki, 

2018). Furthermore, systematic research has revealed 

that learners prefer using online translation gadgets and 

applications (Merschel et al., 2013) while translation 

experts consider it unproductive and, in most cases, a 

form of academic dishonesty (Hellmich, 2019).  

Alternatively, medical translation is a cognitive process 

requiring specialized skill and expertise to make sure 

that the translation accurately conveys the exact 

meaning of medical terminologies and avoids any 

potential errors or misunderstandings (Montero‐

Martínez & de Quesada, 2003; Munassar Awadh, 2024; 

Sedaghat Rostami & Bigdeli, 2016; Williams & 

Chesterman, 2002). Medical terminology is a 

fundamental resource to any sort of health care service, 

function, and task that encompasses a diverse range of 

specialized terms used in various contexts (Buzarna-

Tihenea, 2015a & b).  As Nădrag (2016) noted, medical 

translation is challenging for several reasons, including 

the use of jargon and idiosyncratic phrases that may 

sound unfamiliar in everyday conversations. 

Furthermore, specific medical terms have been 

developed to describe diseases, medications, dosages, 

and examination methods, which can add to the 

problem (Karwacka, 2015; Nord, 1997; Pekcoşkun 

Güner, 2020). Thus, a translator in the medical area 

must be an expert, because any mistake made in the 

translation process could have a significant and 

irreparable impact on clinical outcomes (Betancourt & 

Jacobs, 2000). Also, as stated by MOGI's translation 

team (2011), while translating medical texts, a 

translator must possess the ability to effectively convey 

messages to both professional healthcare staff and non-

professional audiences in the field, which necessitates a 

high level of accuracy and consistency (Gharsa, 2015; 

Nădrag, 2016). The popularity of online machine 

translation software, the substantial role they play in the 

translation field, and the challenge they might pose in 

the medical field indicate that evaluating the quality of 

their performance in translating this type of text is 

absolutely vital, which was a motivation to conduct this 

study. Therefore, this investigation was an attempt to 

compare the efficiency and precision of the 

performances of two foreign-based (i.e., Google 

Translate and Yandex Translate) and two Iranian-based 

(i.e., Faraazin and Aryanpour) online translation 

software in comparison to a reliable medical reference 

book (the Dorland's Medical Dictionary) regarding the 

translation of medical terms.  

1.1. Research Questions 

Following the intention of this inquiry, these research 

questions were posed: 

RQ1: To what extent is online machine translation 

software accurate in the translation of English medical 

terms into Persian? 

RQ2: Which of the online machine translation software 

is more efficient in translating English medical terms 

into Persian? 

RQ3: Are there any statistically significant differences 

between the degrees of precision of the MT software 

examined in this study? 

RQ4: To what extent are the online MT software 

examined in this study reliable tools for translating 

English medical terms into Persian? 

 

2. Literature Reviews 

2.1. Machine Translation 

Machine Translation (MT) is a term developed over 

time and has been interpreted differently. Originally, 

MT referred to a fully computerized process without 

human contribution, while the European Association of 

Machine Translation broadened the definition, 

incorporating the use of computers for various types of 

translation. The International Association of Machine 

Translation (IAMT) described MT as an input receiver 

that produces the corresponding output with no 

guarantee of its reliable quality (Wang et al., 2022).  

Neither of the definitions presented earlier includes any 

mention of human intervention in MT. Although some 

scholars, such as Costa-jussà et al. (2012), do 

acknowledge the possibility of some form of human 

involvement in the translation process of different 

languages via MT, others have conflicting opinions on 

what role human intervention should play in MT 

(Aiken & Balan, 2011; Archer, 2002; Randhawa et al., 

2013). Despite this lack of consensus, the term MT is 

still commonly used to refer to automated systems as 

well as those that involve some level of human 

involvement, since no other term has replaced it 

(Somers, 2003). The idea of using digital computers for 

translation was first proposed by Booth in 1946. Since 

its inception, MT has undergone two major strategies 

for development: Rule-Based and Corpus-Based 

(Statistical) strategies. Rule-based MT is mostly used 

for providing dictionaries and grammatical programs, 

and it requires more information about the linguistic 

rules of both intended languages (Kaliyadan & Pillai, 

2010) while Corpus-based or Statistical method was an 

approach that uses data to automatically generate 

translation knowledge without relying on human skills 

(The Google Translate is the most recognized instance 
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of the Statistical system) (Deilen et al., 2024; Zappatore 

& Ruggieri, 2024).   

The triumph of SMT models has inspired many 

scholars to suggest fresh models such as factored SMT 

models, hierarchical SMT models, and SMT models 

that can boost the efficiency of SMT techniques 

(Chiang, 2007; Koehn et al., 2007; Wang, 2006). In 

2003, Phrase-Based MT was introduced, which 

improved the translation quality (Koehn & Knowles, 

2017; Och & Ney, 2003). 

In light of the significant advancements in deep 

learning techniques in other fields, the Neural 

Translation Models (NMT) were introduced (Bahdanau 

et al., 2015; Sutskever et al., 2014) whose fundamental 

concept involved converting the SL into a compact, 

meaningful representation, which was then utilized to 

create the translation through the application of an 

attention mechanism (Dong et al., 2015; Zhang & 

Zang, 2020). In 2016, Google released an NMT system, 

soon followed by similar systems from other 

institutions. Therefore, it only took roughly one year 

from the initial proposal of NMT in 2014 for it to be 

implemented online, whereas it took approximately 16 

years for SMT systems to be adopted for online 

services (Wu et al., 2016).  Subsequently, other models 

were introduced, leading to further substantial 

enhancements in translation quality.  

This remarkable progress prompted extensive debates 

on whether MT can match the quality of human 

translation (Koehn & Knowles, 2017; Vaswani et al., 

2017). In light of the impressive achievements of NMT, 

numerous techniques were developed to improve both 

the quality and efficiency of multilingual translation 

(Gehring et al., 2017; Wang et al., 2022). 

2.2. Medical Field and Machine Translation  

Healthcare professionals resort to using online MT 

tools as a final option when alternative language 

services are not accessible, and there is a mounting 

body of proof to support this claim (Vieira et al., 2020). 

According to a survey conducted by Turner et al. 

(2013), nearly one-third of local health departments 

resorted to MT to translate written materials as they did 

not have sufficient funds for professional translations.  

In critical situations, where all other options are 

exhausted, healthcare professionals have effectively 

utilized MT to communicate directly with their patients 

(Kaliyadan & Pillai, 2010; Khadem Olhosseiny & 

Askari, 2024; Pekcoşkun Güner, 2020).  

However, it is uncertain how healthcare professionals 

can use these tools efficiently without any adverse 

outcomes except for refraining from their usage 

(Moberly, 2018). Some medical practitioners have 

expressed their inclination to use translation tools since 

open-ended MT systems are more likely to produce 

erroneous translation (Khoong et al., 2019; Randhawa 

et al., 2013). Phrase-based translation apps limit the 

user's communication options, but are more dependable 

since all the phrases available have been professionally 

translated (Dew et al., 2018; Spechbach et al., 2017).  

Several studies have assessed online translators’ 

performances in medical communication. Khanna et al. 

(2011) studied the degree of Google Translate (GT) 

accuracy in translating patients’ information and found 

low fluency errors. Patil and Davies (2014) worked on 

GT to analyze its accuracy in translating medical 

phrases.  

The result showed that GT has 57.7% accuracy, and it 

is not trustworthy for critical medical communication, 

but it can be used along with human translation 

services. Similarly, Chen et al. (2016) evaluated the use 

of GT in Chinese-English translation and vice versa. 

The findings indicated that the association between the 

level of difficulty and the accuracy of the translations 

provided by GT was negative. 

Studies conducted in Iran on translating medical terms 

have exclusively investigated the models of translation 

employed. For example, Yassi (2018) investigated the 

translation of English-Persian surgical-medical terms 

based on Newmark’s model. The results highlighted a 

lack of proper Persian equivalence for the medical 

terms. Also, Rahmanian (2018) compared the human 

translation of the medical terminology based on Reiss’s 

Model and found that neither translation students nor 

medical students could independently produce high-

quality translation without the use of MT. 

 Honari (2018) examined the effectiveness of MT in the 

field of technical and scientific documents (abstracts) 

from English to Persian and vice versa, concluding that 

in translating scientific and technical terminology, MT 

is neither suitable nor effective.  

Franca Daniele (2019) conducted a comprehensive 

study to analyze the efficiency of GT in English-Italian 

translation of medical content and found that the 

average percentage of translation errors was 15%, 

which suggests that this online translation tool performs 

satisfactorily when translating complex medical essays 

and writings.  

Furthermore, Khoong et al. (2019) assessed GT 

capacity to translate medical guidelines. The study 

found that its new algorithm translated the instructions 

with increased precision and reduced errors compared 

to the previous ones.  Also, Birkenbeuel et al. (2021) 

studied the effectiveness of GT in the accurate English-

Spanish translation of sentences commonly used in 

healthcare situations. The findings demonstrated that 

the precision of the translation varied depending on the 

text length. 

https://doi.org/10.57647/ijm2c.2025.150420
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As the literature revealed, although some studies have 

evaluated the translation of medical terms, they have 

typically concentrated on a general evaluation of online 

MT software based on different models and no study 

has compared the accuracy and efficiency of MT tools 

as investigated in this inquiry so far.  

Therefore, this research sought to fill the gap by 

examining the accuracy, efficiency, and precision of the 

performances of two foreign-based (i.e., Google 

Translate and Yandex Translate) and two Iranian-based 

(i.e., Faraazin and Aryanpour) online translation 

software in comparison to the Dorland's Medical 

Dictionary (as the most reliable medical reference 

book) regarding the translation of medical terms.  

3. Method 

3.1. Design 

This study employed a quantitative comparative 

approach in which the performances of four online 

translation software were compared with a reliable 

source, considering the translation of medical 

terminologies to Persian.  

 

3.2. The Corpus 

Three hundred medical phrases concerning diseases 

and disorders formed the corpus of this study, selected 

from the Dorland’s Medical Dictionary as the main 

resource for both selecting the phrases and checking the 

accuracy of the translations (Newman Dorland, 1890).  

3.3. Instruments 

Four different online MT software, namely, Google 

Translate (GT), Yandex Translate (YT), Faraazin (F), 

and Aryanpour (A), were used to translate the medical 

terms into Persian, and their accuracy, efficiency, and 

precision were evaluated based on the Dorland’s 

medical dictionary as a reliable criterion.  

3.3.1. Google Translate 

Google Translate (GT) is believed to be the most 

extensively employed online translation service. 

According to Kroulek (2016), more than 500 million 

individuals avail themselves of this facility to translate 

approximately 100 billion words every day, which 

encompasses 103 languages. Google introduced GT in 

2006, utilizing a statistical, phrase-based MT model 

which was later updated to incorporate a neural system 

(McGuire, 2018; Turner, 2016).  

3.3.2. Yandex Translate 

Yandex Translate is an online tool that enables users to 

convert text or web pages into different languages 

(Yandex, 2017). It uses statistical MT, analyzes 

thousands of translated texts, and creates a dictionary of 

one-word translations. To translate a piece of text, the 

computer consults a word database and language 

models to determine its meaning in the context 

(Yandex, 2023). In 2017, YT combined both statistical 

and neural MT models, with which words, sentences, or 

web pages can be translated in 98 languages.  

3.3.3. Faraazin Translator 

The Faraazin Smart Translator project started in 2009 

in the Text Processing and Natural Languages 

Laboratory of Tehran University and continued with 

the support of the Communication and Information 

Technology Research Center. FT uses the joint neural 

translation engine developed by two companies, Vera 

Azar Adan and Targoman Smart Processing, and by 

using this translation engine, which is published as an 

open source, it provides higher translation quality than 

all existing translation engines (Faraazin, 2023). 

3.3.4. Aryanpour 

Aryanpour Dictionary is free to use and can translate 

texts and documents from one language to another 

using powerful multilingual tools. It is powered by the 

Machine Learning Translation API and employs the 

most up-to-date machine learning techniques for 

optimum results (Aryanpour, 2023). 

3.4. Data Collection Procedure 

Before choosing the corpus, the researchers consulted 

with some experts in the medical field, considering the 

category of terms to be used. Considering the 

importance of the diseases and health problems 

suggested by the experts, the source terms and 

translated terms were extracted from the Dorland's 

medical dictionary based on a random sampling 

method.  In the next stage, the selected terms were 

inserted into each translation software separately, and 

the translations were obtained. Next, the definitions 

provided by different translation software were 

recorded and compared to determine their accuracy, 

efficiency, and precision based on the Dorland's 

medical dictionary. The performance quality and 

reliability of the MT software were assessed and 

compared using SPSS software version 24.  For data 

analysis, In order to assess the extent to which each 

online MT software is accurate in translating English 

medical terms into Persian, the percentages of correct 

translations were calculated. Then, to compare the 

efficiency of these translation tools, pairwise 

comparisons were conducted via using the McNemar-

Bowker Test. Moreover, to determine if there were any 

statistical differences between the precisions of the MT 

software examined in this study, a Chi-Square test for 

https://doi.org/10.57647/ijm2c.2025.150420


Ghavidast et al., J. New Trends Engl. Lang. Learn., 4(Special Issue)Article si-06                                                                                                            5 
 

      10.57647/JNTELL.2025.si-06 

independence was performed. Finally, a comprehensive 

analysis was conducted via using Fleiss' Kappa 

coefficient to evaluate the reliability of the online MT 

software utilized in the translation of English medical 

terms to Persian. 

4. Results 

The translation tools analyzed in this study included 

Google Translate, Yandex Translate, Aryanpour, and 

Faraazin. To probe the research questions, translation 

levels were categorized as: E (Eponyms: Here, the 

name of a disease or disorder that is also the name of 

the person who first discovered it), F (Wrong 

translation), L (Loan Translation), NT (Not translated), 

S (Correct translation with similar equivalence), and T 

(Correct translation). Then, various statistical analyses 

were performed on the data collected which are 

explained below. 

4.1. Data Analysis 

4.1.1. The First Research Question 

To what extent is online machine translation software 

accurate in the English to Persian translation of 

medical terms? 

To evaluate the extent to which each online MT 

software is accurate in translating English medical 

terms into Persian, the percentages of correct 

translations were calculated for each tool based on the 

provided data. In this study, ‘accuracy’ is defined as the 

percentage of the terms translated correctly measured 

via the following formula:  

Accuracy (%) =   
Number of Correct Translated Terms

Total Number of Terms) ∗ 100.
 

Table 1 provides both the absolute counts (N) and the 

corresponding percentages (%) of each translation tool 

and its translation level. Table 1 presents a 

comprehensive comparison of translation accuracy for 

the four translation tools across different translation 

levels. In this step, the focus was on assessing the 

percentage of correct translation denoted as ‘T’. The 

results indicate distinct performance variations among 

the examined tools. According to the Table, GT 

achieved an accuracy of 37.00%, demonstrating its with 

an accuracy rate of 33.30%, followed by AT with the 

accuracy of 33.00% showcased their reliability in the 

context of medical terminology, while FT achieved an 

accuracy rate of 17.00%. Figure 1 displays the 

schematic presentation of the findings.

 

Table 1. Comparison of Translation Accuracy of Different MT at Various Translation Levels 

Levels 
GT YT AT FT 

N % N % N % N % 

E 25 8.30 30 10.00 22 7.30 5 1.70 

F 98 32.70 109 36.30 99 33.00 37 12.30 

L 19 6.30 19 6.30 21 7.00 NA NA 

NT 6 2.00 2 0.70 15 5.00 193 64.30 

S 41 13.70 40 13.30 44 14.70 14 4.70 

T 111 37.00 100 33.30 99 33.00 51 17.00 

* E: Eponyms; F: Wrong translation; L: Loan Translation; NT: Not translated; S: Correct translation with similar equivalence; T: Correct translation 

 

Figure 1. Comparison of Translation Accuracy of Different MT at Various Translation Levels
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Moreover, to assess the accuracy of online MT 

software in Persian translation of medical 

terminologies, the translated terms were categorized 

into ‘proper’ and ‘improper’ categories. In the ‘proper 

translation’ category, both ‘T’ (Correct translation) and 

‘S’ (Correct translation with similar equivalence) were 

included as they represent accurate translation. 

Conversely, in the ‘improper translation’ category 

included ‘E’ (Eponyms), ‘L’ (Loan Translation), and 

‘F’ (Wrong translation) as they represent various forms 

of inaccuracy in translation. Also, the category ‘NT’ 

(Not translated) was included, which represented the 

terms the translation tools were unable to handle or for 

which there were no suitable equivalents in Persian. 

Table 2 provides a comparative analysis of the 

performances of the four online MT tools in question. 

The analysis in Table 2 categorizes translation 

outcomes into three main groups: ‘Proper translation’, 

‘Improper translation’, and ‘Not translated’. Table 2 

displays both the absolute counts (n) and the 

corresponding percentages (%) for each translation 

tool. Considering ‘Proper Translation’, GT 

demonstrated the highest percentage of ‘Proper 

translation’ at 50.70%, indicating that it successfully 

provided accurate translations for a substantial portion 

of the medical terms. AT closely followed with an 

accuracy rate of 47.7% in the ‘Proper translation’ 

category; YT displayed a similar high accuracy of 

46.2% for ‘Proper translation’, while FT showed the 

lowest percentage in this category at 21.70%. 

 

Table 2. Comparative Analysis of the Four Translation Tools’ Performances 

 

Translation Tool 

GT YT AT FT 

N % N % N % N % 

Proper translation 152 50.70 140 46.20 143 47.70 65 21.70 

Improper translation 142 43.30 158 52.70 142 47.30 42 14.00 

Not translated 6 2.00 2 0.7 15 5.00 193 64.30 

 

‘Improper translation’ encompasses various forms of 

inaccuracy, including loan translations, eponyms, and 

incorrect translations. YT had the highest percentage of 

‘Improper translation’ at 52.70%. AT closely followed 

with 47.30% in the ‘Improper translation’ category. GT 

displayed a percentage of ‘Improper translation’ at 

43.30%, and FT exhibited the lowest percentage in this 

category, at 14.00%. The ‘Not translated’ category 

represents terms that the translation tools were unable 

to handle or for which there were no suitable 

equivalents in Persian. FT had the highest percentage in 

this category at 64.30% and AT showed a percentage of 

5.00%. GT and YT had relatively low percentages in 

this category, at 2.00% and .70% respectively.  

4.1.2. The Second Research Question 

Which of the online machine translation software is 

more efficient in Persian translation of English medical 

terms? 

To compare the efficiency of different translation tools, 

pairwise comparisons were conducted via McNemar's 

test, through which each pair of translation tools was 

compared to determine which one is significantly better 

than the other in terms of accuracy. The cross-

tabulation analysis of GT and YT reveals noteworthy 

differences in their performances in translating medical 

terms. While both tools excel in categorizing 

translations as ‘Proper translation’ (Google vs. Yandex: 

50.7% vs. 46.7%), there are significant discrepancies in 

their handling of ‘Improper translation’ categories 

(Google vs. Yandex: 43.3% vs. 52.7%). GT produced 

more untranslated results than YT (2.0% vs. 0.7%).  The 

McNemar-Bowker Test indicates a highly statistically 

significant difference between the two tools (P = .035), 

favoring Google translate in all terms of translation. 

Findings of this analysis suggest that GT and AT both 

offer viable options for translating English medical 

terms into Persian, while AT exhibited more improper 

translation (47.3%). GT demonstrated a higher 

accuracy rate in providing proper translations compared 

to AT (50.7% vs. 47.7%). Additionally, AT had a higher 

incidence of terms that could not be translated (5.0% 

vs.2.0%). The McNemar-Bowker Test confirmed the 

statistical significance of these differences (p =.021). 

GT appears to offer more efficient Persian translation 

of English medical terms due to its higher rate of 

proper translations and lower rate of improper and 

untranslated terms compared to that of AT. 
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Table 3. Comparative Analysis of Translation Outcomes across the Four Translation Tools 

  Proper Translation Improper Translation Not Translated P-value 

  YT  

Google 

Translate 

Proper translation 131 (43.70) 21 (7.00) 0 (0.00) 

0.035 Improper translation 8 (2.70) 133 (43.30) 1 (0.30) 

Not translated 1 (0.30) 4 (1.30) 1 (0.30) 

  AT  

Google 

Translate 

Proper translation 135 (45.00) 16 (5.30) 1 (0.30) 

0.021 Improper translation 7 (2.30) 124 (47.30) 11 (3.70) 

Not translated 1 (0.30) 2 (0.70) 3 (1.00) 

  FT  

Google 

Translate 

Proper translation 64 (21.30) 8 (2.70) 80 (26.70) 

0.001 Improper translation 1 (0.30) 33 (11.00) 108 (36.00) 

Not translated 0 (0.00) 1 (0.30) 5 (1.70) 

  AT  

Yandex 

Translate 

Proper translation 126 (42.00) 13 (4.30) 1 (0.30) 

0.008 Improper translation 17 (5.70) 128 (42.70) 13 (4.30) 

Not translated 0 (0.00) 1 (0.30) 1 (0.30) 

  FT  

Yandex 

Translate 

Proper translation 61 (20.30) 7 (2.30) 72 (24.00) 

0.001 Improper translation 4 (1.30) 35 (11.70) 119 (39.70) 

Not translated 0 (0.00) 0 (0.00) 2 (0.70) 

  FT  

Aryanpour 

Proper translation 64 (21.30) 4 (1.30) 75 (25.00) 

0.001 Improper translation 1 (0.30) 37 (12.30) 104 (34.70) 

Not translated 0 (0.00) 1 (0.30) 14 (4.70) 

Note: The McNemar-Bowker Test was used to analyze the relationship between two distinct translation tools. 

Moreover, the findings indicate that GT outperformed 

FT in terms of both proper translations (50.7% vs. 

21.7%) and improper translations (43.3% vs. 14.0%). 

GT demonstrated a higher rate of accurate and 

contextually appropriate translations, but also exhibited 

a higher incidence of improper translations. In contrast, 

a statistically significant proportion of terms that could 

not be translated by FT compared to GT (64.3% vs. 

2.0%) (P< .001). GT clearly performs better in terms of 

both proper translation and minimizing untranslated 

results, even though it exhibits a higher rate of 

improper translation. Overall, GT is considered more 

efficient in this context. When AT was compared to YT, 

we found significant differences in translation 

outcomes.  AT yielded more ‘Proper translation’ results, 

indicating its efficiency in accurate translations (47.7% 

vs. 46.2%). Furthermore, AT had fewer ‘Improper 

translations’, suggesting it performed better in this 

aspect (47.3% vs. 52.7%). However, AT exhibited a 

higher proportion of terms could not be translated in 

comparison to YT (5.0% vs. 0.7%). Considering the 

statistical significance of the differences (p=.008), if 

proper translation and the reduction of improper 

translation are highly valued, AT is to be preferred. 

https://doi.org/10.57647/ijm2c.2025.150420
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However, if minimizing untranslated results is the 

primary concern, then YT is regarded as more accurate 

in this regard.  

The comparison between FT and YT revealed 

significant disparities in translation outcomes. YT had 

more ‘Proper translation’ results, indicating its 

efficiency in providing more accurate translations 

(46.2% vs. 21.7%). However, FT had fewer ‘Improper 

translations’, suggesting it performed better in avoiding 

mistranslation (14.0% vs. 52.7%). Moreover, a 

significant difference was observed between the 

percentages of the terms FT could not translate 

compared to those of YT (64.3% vs. 0.7%; p<.001).  

Furthermore, AT outperformed FT in ‘Proper 

translation’ (41.7% vs. 21.7%). FT had a lower rate of 

improper translation compared to AT (14.0% vs. 

47.3%), while it produced more untranslated results 

than AT (64.3% vs. 5.0%). The findings indicated a 

statistically significant difference between the two tools 

(P < .001), favoring AT in terms of proper translation. 

 

4.1.3. The Third Research Question 

 

Are there any statistically meaningful differences 

between the degrees of precision of the machine 

translation software examined in this study? 

In order to determine whether a statistically meaningful 

difference existed between the translation precision of 

the tools (Proper, Improper, or Not translated), a Chi-

square test for independence was performed. 

 
Table 4. Comparative Precision Assessment of the MT Software 

 

Outcome 

P Proper translation Improper translation Not translated 

N % N % N % 

Translation Tool 

Google Translate 152a 30.4% 142a 29.3% 6b 2.8% 

0.001 
Yandex Translate 140a 28.0% 158a 32.6% 2b 0.9% 

Aryanpour 143a 28.6% 142a 29.3% 15b 6.9% 

Faraazin 65a 13.0% 42a 8.7% 193b 89.4% 

Note: all proportions are reported at the .05 significance level. 

 

As presented in the Table, the Chi-Square test results 

presented meaningful variations in the precision of the 

MT tools examined in this study when translating 

medical terms (p<.001). Nevertheless, it is noteworthy 

that both ‘proper’ and ‘improper’ translation categories 

displayed notably higher percentages when compared 

to the category of terms that were not translated. 

 

4.1.4. The Fourth Research Question 

 

To what extent are the online machine translation 

software examined in this study reliable tools for 

English-Persian translation of medical terms? 

To evaluate the reliability of the online MT software 

utilized in the Persian translation of English medical 

terms, a comprehensive analysis was conducted using 

Fleiss' Kappa coefficients to assess the agreement 

among multiple raters, in this case, the various 

translation tools employed. 

Table 5. The Overall Kappa for Evaluating Agreement among Multiple Raters 

 Kappa 
Asymptotic 

Standard Error 
Z P 

Lower 95% 

Asy.CI 

Bound 

Upper 95% 

Asy.CI 

Bound 

Overall with three categories 0.38 0.02 21.92 0.001 0.35 0.42 

Overall with six categories 0.47 0.01 38.53 0 0.44 0.49 

 

The results demonstrated an overall Kappa coefficient 

of .38 for three distinct categories (proper, improper, 

and not translated), with a significant p-value (P<.001). 

This finding indicates a substantial level of agreement 

among the translation tools regarding the translation of 

medical terms. Additionally, when considering a more 
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detailed breakdown into six categories (T: Correct 

translation, F: Wrong translation, L: Loan Translation, 

E: Eponyms, NT: Not translated, S: Correct translation 

with similar equivalence), the Fleiss’ Kappa coefficient 

yielded a value of .47 (P<.001). This result signifies a 

noteworthy level of agreement among the translation 

tools concerning the translation of medical terms across 

these specific categories. 

 
Table 6. Kappa for Individual Categories 

Classification Rating Category 
Conditional 

Probability 
Kappa SE Z P 

95% CI 

Lower Upper 

Three Groups 

Proper translation 0.78 0.61 0.02 26.04 <0.001 0.57 0.66 

Improper Translation 0.68 0.36 0.02 19.31 <0.001 0.41 0.50 

Not translated 0.08 -0.12 0.02 -5.16 <0.001 -0.17 -0.08 

Six Groups 

E 0.65 0.63 0.02 26.51 <0.001 0.58 0.67 

F 0.65 0.51 0.02 21.59 <0.001 0.46 0.56 

L 0.59 0.57 0.02 24.02 <0.001 0.52 0.61 

NT 0.08 -0.12 0.02 -5.16 <0.001 -0.17 -0.08 

S 0.64 0.59 0.02 25.05 <0.001 0.54 0.64 

T 0.80 0.71 0.02 30.16 <0.001 0.67 0.76 

E: Eponyms; F: Wrong translation; L: Loan Translation; NT: Not translated; S: Correct translation with similar equivalence; T: Correct translation 

Additionally, Kappa coefficients were computed for 

individual categories of translation ratings, as shown in 

Table 6. Proper translation, which represents 

translations deemed highly reliable, exhibited a Kappa 

coefficient of .61 (p < .001), signifying strong 

agreement among the translation tools.  Improper 

translation, denoting moderately reliable translations, 

yielded a Kappa coefficient of .36 (p < .001), indicating 

a moderate level of agreement among the translation 

tools.  However, Not translated category, representing 

unreliable translations, displayed a negative Kappa 

coefficient of -.12 (p < .001), suggesting a significant 

disagreement among the translation tools.  

Furthermore, the full categories of translation levels 

were also considered. The first category, ‘Eponyms’, 

yielded a Kappa coefficient of .63 (p < .001), indicating 

strong agreement among the translation tools regarding 

the translated terms categorized as eponyms. The 

second category, ‘Wrong translation’, exhibiting a 

Kappa coefficient of .51 (p < .001), suggests a 

substantial level of agreement among the translation 

tools for wrong translations.  The ‘Loan Translation’ 

category, displaying a conditional probability of .59 

and yielding a Kappa coefficient of .57 (p < .001), 

indicates a noteworthy level of agreement among the 

translation tools for loan translations.   

Moreover, the ‘Not translated’ category, exhibiting a 

low conditional probability of .08 and yielding a 

negative Kappa coefficient of -.12 (p < .001), implies 

substantial disagreement among the translation tools for 

‘not translated’ terms. Also, the fifth category, 

displaying a Kappa coefficient of .59 (p < .001), 

indicates a strong level of agreement among the 

translation tools. Finally, the sixth category, with a 

Kappa coefficient of .71 (p < .001), signifies a 

substantial level of agreement among the translation 

tools for correct translation. 

5. Discussion 

The focus of this inquiry was to compare the 

performances of four online MT software in Persian 

translation of English medical terms, assessed based on 

the Dorland Medical Dictionary as the criterion. The 

findings signified that Google Translate appeared as 

the most accurate among the evaluated MT tools. It 

performed well in terms of proper translation and 

minimum untranslated results, despite having a higher 

rate of improper translation. Yandex Translate followed 

as the second most accurate option and performed 

competitively in terms of proper translation, but had a 

slightly higher rate of improper translation compared to 

Google Translate. However, it excelled in minimizing 

untranslated results. Aryanpour demonstrated moderate 

accuracy in providing proper translation and had a 

higher incidence of untranslated terms. Finally, 

Faraazin Translate ranked the lowest in terms of 

accuracy. It had the lowest rate of proper translation 

and a moderate rate of improper translation. Moreover, 

it had a significantly higher percentage of untranslated 

terms, making it less efficient in medical contexts. 

Ultimately, the choice between Faraazin and Yandex 

Translate is contingent upon specific needs and 

priorities. If accurate translation is prioritized and a 

higher rate of untranslated terms is acceptable, Yandex 

Translate may be deemed superior. Conversely, if the 
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goal is to minimize mistranslation and a higher rate of 

untranslated terms is acceptable, Faraazin could be 

considered the preferable option. The findings are in 

line with those of Zappatore and Ruggieri (2024), 

Randhawa et al. (2013), Aiken and Balan (2011), and 

Kaliyadan and Pillai (2010) asserting that when used in 

the healthcare sector, MT should be exclusively used 

for translating non-sensitive texts. Furthermore, the 

results showed that there were significant differences in 

the precision and effectiveness rates of the MT 

software in translating medical terms. The tools showed 

notably higher percentages of 'proper' translation 

compared to the categories of ‘improper’ and ‘not 

translated’ items. This finding suggests that while 

online MT software is capable of translating the 

medical terms, their accuracy can vary significantly 

depending on the tool used. This result is in agreement 

with that reported by Deilen et al. (2024) and Zhao et 

al. (2021), concluding that although MT translations 

seemed easier to read, they contained a considerable 

rate of complex structures than the human translations 

with various types of mistakes.With regard to the 

reliability of the software, a high level of inter-rater 

reliability was observed, indicating that the assessed 

translation tools were in substantial agreement in their 

proper translation of medical terms. The high levels of 

reliability suggest that online MT software can provide 

a consistent and reliable translation of some medical 

terminologies despite their varying degrees of accuracy, 

efficiency, and precision. However, the results revealed 

that the ‘improper’ and ‘untranslated’ categories 

exhibited statistically significant disparities across the 

translation tools examined, which are in line with the 

studies by Xie et al. (2021), Weng et al. (2019), 

Daniele (2019), and Patil and Davies (2014). They 

found that Google Translate is a practical tool for 

translating medical content; however, its accuracy may 

vary depending on the type of content being translated. 

Furthermore, Costa-jussà et al. (2024) concluded that 

MT tools are not still efficient enough to be applied in 

the medical field where a translation with the highest 

rate of adequacy is required. Therefore, it is important 

to exercise caution when using online translation tools 

and to consider their limitations. Additionally, human 

translators should still be relied on for critical and high-

stakes medical communication. Nonetheless, the results 

of this study are not consistent with those of Honari 

(2018) and Zhu et al. (2021), who claimed that MT 

systems are not proper when it comes to translating 

scientific or technical expressions from English to 

Persian. Regarding the use of MT tools in clinical 

settings, Mehandru et al. (2022) recommended several 

strategies for designing appropriate MT systems, such 

as accounting for dialect differences, combining neural 

MT with human-translated texts, encouraging feedback 

systems, considering the patients' literacy levels, and 

setting collaborative suggestions for practitioners. It 

shows that using MT tools could be effective, 

particularly in those with a higher literacy level. Also, 

despite the fluctuating levels of correctness, 

Birkenbeuel et al. (2021) found that Google Translate 

can be conveniently employed without any financial 

expenses, providing almost instantaneous interpreting 

services. Owing to its attributes, it has the capacity to 

consistently aid in effective one-way verbal 

communication between medical professionals and 

patients who have a restricted comprehension of 

English. All in all, the findings point to the fact that 

professionally trained human medical translators still 

remain the most reliable criterion for translation in 

clinical practices. 

6. Conclusion 

Medical professionals, researchers, and students 

increasingly rely on MT tools for communication and 

collaboration across linguistic boundaries while the 

accuracy and reliability of their translation output are 

still a matter of investigation. Translating medical 

terminology using online MT tools can be difficult due 

to the technical and specialized nature of the terms and 

some potential limitations of the tools. This study 

compared the extent to which online MT software can 

accurately translate English medical terms into Persian 

and the findings illustrated that while translating the 

medical terms, healthcare professionals, researchers, 

and medical students should be aware of these 

limitations when using the MT tools. Pairwise 

comparisons also revealed that although these tools 

seem the most viable options for English-Persian 

translation of medical terms, they have variations in 

accuracy, efficiency, and precision and they showed 

considerable differences while dealing with ‘the items 

they could not translate’. Thus, it is crucial to exercise 

caution when using online MT tools for medical 

translations, particularly in critical and high-stakes 

medical communication, where the accuracy and 

reliability of the translation output are critical. Human 

translators should still be the preferred option in such 

situations. Like all other studies, this research had some 

limitations that should be taken into account while 

generalizing the results. In this research, the medical 

terms were chosen by three medical experts; thus, it 

might affect the nature of the terms selected. Also, the 

reference book in this study was ‘The Dorland’s 

Medical Dictionary’, since no other more reliable 

source was available. Finally, this study only focused 

on Google Translate, Aryanpour, Faraazin, and Yandex 
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Translate; thus, the outcomes should not be generalized 

to other translation software.The research highlights 

both positive and negative aspects of using online MT 

software to translate medical terms. While such tools 

are helpful for medical professionals, researchers, and 

students in overcoming language barriers, they cause 

challenges when it comes to translating specialized and 

technical medical terminology. Medical professionals 

can use the findings of the study to make informed 

decisions about using online MT tools when 

communicating or collaborating with others. Moreover, 

researchers in the field of medical translation can use 

the results as a reference to better understand the 

reliability and efficiency of online MT tools for 

medical translations. Furthermore, medical students 

who may use online translation tools, while translating 

medical terminology and concepts, should take their 

strengths and limitations into account. Finally, 

developers and designers of online MT tools may use 

the insights gained from this research to detect errors 

and improve the algorithms of the MT tools. Future 

research may examine the accuracy and precision of 

online MT tools in translating a more extensive range 

of medical terms. Additional research could assess the 

impact of context on online MT output quality, 

including the styles and lengths of medical texts or 

medical specialties (e.g., radiology, surgery, and 

cardiology). 

Moreover, future studies should explore the impact of 

cultural variations and idiomatic expressions on the 

accuracy and reliability of online MT output. Overall, 

this study may contribute to the already existing 

findings on evaluating the performance of online MT 

software in the medical field and provide practical 

implications to enhance the quality of medical 

translations. 
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