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Abstract—This experimental study aims to evaluate the quality of post-edited texts, originally translated using 

computer-assisted translation (CAT) tools, in comparison with traditional human translation. This study 

investigates the quality of post-editing (PE) compared to traditional translation from scratch (TFS) in the 

context of Arabic–English translation, utilizing the Phrase CAT tool. The main hypothesis posits that PE yields 

a final product whose quality is similar or equivalent to that of TFS. The participants’ scores and error 

frequencies were evaluated using the American Translators Association framework for standardized error 

marking, and terminology, word choice, mistranslation, addition/omission, spelling, punctuation, case, 

inconsistency, style, and grammar in both approaches were compared. Data from nine professional Saudi 

translators showed that PE generally outperformed TFS in terminology, spelling, punctuation, and case, 

whereas TFS exhibited strengths in consistency, style, grammar, and literal translation. Statistical analysis 

confirmed the similarity in overall error rates between PE and TFS. The difference in mean error numbers 

between TFS and PE was not statistically significant. Thus, the disparity in means likely resulted from random 

chance and might not indicate substantive differences between the two groups. These results imply that PE yields 

quality that is comparable or equivalent to that of TFS, proving the aforementioned hypothesis. The implications 

highlight the need for CAT tool training and PE skills among translators to meet the demands of evolving 

translation technologies. Furthermore, this study underscores the importance of integrating PE training into 

translation curricula and organizing workshops to improve CAT tool usage. 

Index Terms—post-editing, traditional human translation, computer-assisted translation (CAT) tools, ATA 

framework, error analysis 

I. INTRODUCTION

The development of computer-assisted translation (CAT) tools represents a significant advancement in the field of 

translation, primarily aimed at enhancing the speed and efficiency of the translation process while maintaining the 

integrity of the translated material, as noted by Esselink (2000). Nevertheless, these technological advances have not 

entirely met the high expectations set for them, encountering obstacles arising from technological and cognitive 

constraints (Garcia, 2012). Furthermore, the development of translation technology, dating back to 1952, was met with 

skepticism from pioneers in the field of translation, such as Bar-Hillel, who doubted the feasibility of such endeavors. In 

addition, many translators felt threatened by the possibility of these technologies replacing them (Mossop, 2017). Despite 

these concerns, it is imperative to recognize that these tools are not intended to replace human translators but to enhance 

their capabilities. This is evident in their primary objective of reinforcing human productivity. Once it was established 

that translation technology, regardless of its quality, would never attain the quality of human-edited text and would largely 

require human intervention, the concept of post-editing (PE) came into existence (Allen, 2001, 2003). 

The emergence of PE in the domain of translation has been a crucial development, addressing the shortcomings inherent 

in translation technologies. PE tools are integrated with various CAT tools, providing a practical solution. O’Brien (2011) 

highlighted the procedural and qualitative aspects of PE. He described it as a process in which human translators enhance 

the output of machine translation (MT) in accordance with specific guidelines and quality measurements. This 

enhancement of technology-generated translations has been substantiated by a growing body of research (Jia et al., 2019) 

claiming that the application of these technologies can significantly enhance the translation process in terms of 

productivity. Such enhancement is achieved without compromising the quality of the output, and it concurrently reduces 
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the overall effort required in the translation process. Despite these advancements, a degree of skepticism persists regarding 

the reliability of the quality of post-edited texts generated by CAT tools. In relation to the context of the present study, 

this reluctance to trust translation technologies has been observed among Arab translators. Previous studies (Alanazi, 

2019; Al-Jarf, 2017; Alotaibi, 2017), as cited in Alkhatnai (2021, p. 73), highlight that, although CAT tools and other 

digital tools are being utilized more frequently worldwide, there is a sense of reluctance among researchers, particularly 

in the Arab world, with regard to adopting these modern technological tools. 

This experimental study is designed to evaluate the quality of post-edited texts that have been translated through CAT 

tools, in comparison with traditional human translation, within the Arabic–English translation context. This comparison 

seeks to contribute valuable insights to the ongoing discourse in translation studies, particularly concerning the usability 

of integrating technology into the translation process and its implications for the quality of the output, with a specific 

focus on Arabic–English translation. The experiment in this study addresses the question of whether performing PE on 

CAT tool-generated text results in quality that is similar or equal to that of human translation. The data analysis for 

comparing CAT translation and traditional translation comprises three steps: assessing the total scores achieved by each 

participant in both approaches, examining the occurrence of errors across various criteria in both approaches, and tallying 

the overall count of errors and subsequently computing the means in both approaches. 

II. LITERATURE REVIEW

A. Translation Quality Assessment

In the early stages of translation studies, Nida (1969) proposed four tests to determine the translation quality: the cloze

test, reactions to alternatives, verbal reading of the text, and explanation of the content. However, House (1997, p. 136) 

criticized these tests for their lack of specificity and failure to reveal qualitative differences between translations. In the 

late 1980s, Newmark (1995) introduced an assessment approach that involved specific steps for analyzing a text. These 

steps included evaluating the extent of deviation from the original, determining if the translator misrepresented the author, 

assessing the deculturization of the text, and evaluating semantic and pragmatic accuracy (Newmark, 1988; as cited in 

El-Zeini, 1994). However, Newmark’s approach faced criticism for its vagueness and potential subjectivity (El-Zeini, 

1994). 

Another significant development came from House (1997), who proposed a model for translation quality assessment 

that focused on identifying “mismatches” or “errors” (Munday, 2016, p. 147). This approach aligned closely with the 

“error typology” approach, which aims to reduce subjectivity by utilizing consistent classification models (O’Brien, 2012). 

The error typology approach for translation assessment is currently the most widely used method for evaluating a 

translation. Its significance lies in reducing the subjectivity of evaluation processes through methodical and consistent 

classification models (Secară, 2005). The field of translation quality assessment has witnessed various approaches over 

time. These developments have contributed to the ongoing exploration and refinement of translation quality evaluation 

methods. 

In the present study, the researchers applied the American Translators Association (ATA) framework for standardized 

error marking for quality assessment to evaluate the translation and PE output of the participants. This framework refers 

to the guidelines provided by the ATA for marking errors in translated texts. The ATA is a professional association that 

sets standards and provides resources for translators and interpreters. This framework outlines a systematic approach to 

identifying and categorizing errors in translations, helping translators and reviewers ensure the accuracy and quality of 

their work. It typically includes categories such as grammatical errors, mistranslations, omissions, additions, 

inconsistencies, and stylistic issues. Each category may be further divided into subcategories to provide more detailed 

feedback. 

B. The Quality of PE and Traditional Human Translation

PE has been defined and conceptualized by various scholars over time, each adding depth and perspective to its

understanding. Veale and Way (1997; as cited in Allen, 2003) offered an initial definition of PE, describing it as “the term 

used for the correction of machine translation output by human linguists/editors” (p. 297). This definition emphasizes the 

role of human linguists or editors in refining the output produced by MT systems. Allen (2001) provided a more 

comprehensive description. He characterized PE as an integrated process within MT, involving professional human 

translators. These translators engage in correcting machine pre-translated texts and fuzzy matches, which are translations 

generated from the translation memories (TM) that bridge an original language (source language [SL]) to a translated 

language (target language [TL]). This process aims to produce translations of higher quality in less time, highlighting the 

efficiency gains achieved through human–machine collaboration. Further adding to the discourse. 

Fiederer and O’Brien (2009) explored whether post-edited MT output is inherently inferior to human translation. Their 

study involved a comparison of 30 sentences evaluated for clarity, accuracy, and style by 11 qualified raters. Out of these, 

three versions of each sentence were assessed: one translated version and two post-edited versions. The findings revealed 

that the PE of machine-translated content yielded higher clarity and accuracy, whereas human translations were superior 

in terms of style. Guerberof (2009) conducted research on the speed and quality of performing PE on TM or MT outputs. 

The study involved nine professional translators with experience ranging from 1 year to over 10 years. For the experiment, 

791 words were used, divided into new segments needing translation, segments from Trados translation memories (fuzzy 
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matches), and segments from Language Weaver MT. A web-based PE tool was employed to time each task, and the 

Localization Industry Standards Association (LISA) standard was used for error measurement and classification. The 

study found that post-edited TM outputs had the highest error count, namely 91% higher than the MT segments and 26% 

more than the human-translated segments; this was attributed to the less apparent nature of errors in naturally flowing 

language compared to MT, in which errors are more conspicuous. 

Garcia (2010) conducted a study to evaluate the benefits of MT in segments that received a “no match” result in the 

Google Translation Toolkit, particularly focusing on the quality of translations and their utility for translators. Instead of 

professional translators, this study involved trainee translators who were directed to use the Google Translation Toolkit 

to translate passages from English to Chinese, either from scratch or by filling in the blanks using Google Translate. The 

translation quality was assessed by experienced raters using the criteria set by the Australian National Accreditation 

Authority for Translators and Interpreters (NAATI). The comparative analysis revealed that, in 33 out of 56 cases, the 

passages translated via Google Translator Toolkit and then edited by humans were rated more favorably. These results 

suggest that performing PE on MT output could be a more effective and advantageous method in the field of translation. 

Elming et al. (2014) conducted a case study focusing on the comparative quality of post-edited MT segments and 

segments translated by humans. The results indicated that the human-translated segments contained a higher number of 

errors. Notably, stylistic errors were three times higher in the human-translated segments than in the PE segments. This 

finding contrasts with the results of Fiederer and O’Brien (2009) at Dublin City University, which suggested that human 

translation achieved better style than post-edited MT. Yang et al. (2020) carried out a study comparing human translation 

and PE approaches. Unlike other studies conducted in professional settings, this experiment was carried out in an 

educational context, aiming to assess the effectiveness of PE. The researchers employed the multidimensional quality 

metrics (MQM) framework to objectively analyze translation errors in both human translation and MT, focusing on 

accuracy and fluency. They found that the participants scored higher in PE tasks compared to human translation, with a 

tendency for more accuracy errors than fluency errors in post-edited outputs. 

Samman’s (2022) study, one of the few conducted in Saudi Arabia, aimed to evaluate the efficacy of MT PE training 

within a female undergraduate translation program. The study, adopting a mixed-method design and based on the 

Kirkpatrick model of learning evaluation, compared MT PE with human translation in terms of quality and other factors. 

The translations, which were from English to Arabic, were evaluated using the DipTrans Examiners’ Mark Sheet. The 

analysis revealed that MT PE was effective in reducing deletion and technical errors but increased errors in accuracy, 

register, grammar, comprehension, mistranslation, word order, and overall text organization. Despite showing potential 

for improvement, the study highlighted challenges in achieving accurate and fluent translations. PE was found to be 

beneficial in addressing errors in capitalization, punctuation, numbering, and agreement. The error count analysis showed 

only a slight difference in scores between the human translation and MT PE groups, suggesting that PE can achieve results 

comparable to human translation but does not significantly outperform it. The study underscored the potential benefits of 

PE for inexperienced translators and non-professionals, emphasizing the need for improved Arabic MT output and 

specific skill development for effective MT PE. 

The present study, motivated by the significant progress in CAT tools and the evident scarcity of scholarly research on 

their application in the context of Arabic translation, is designed to fill this gap in the existing literature. The main 

hypothesis of this study posits that the PE of texts translated using CAT tools yields a final product whose quality is 

similar or equivalent to that of traditional human translation. The key metric for assessing quality in this context is the 

frequency of errors in the translated texts. This research seeks to ascertain whether performing PE on CAT tool-generated 

translations can produce a final product with fewer errors and, hence, of higher quality compared to translations completed 

entirely by human translators without the aid of such technology. This comparison illustrates the effectiveness of CAT 

tools in enhancing translation quality and the overall accuracy of the final translated product. 

III.  METHODOLOGY 

A.  Sample, CAT Tools, and Text 

The quality of PE performed on texts originally translated using CAT tools, in comparison with traditional human 

translation, was evaluated based on the performance of professional translators, with data collected from nine Saudi 

translators holding bachelor’s or master’s degrees in translation and possessing 5–12 years of experience. The translators 

were familiar with both traditional translation and PE and had used various CAT tools, such as Trados, MemoQ, Matecat, 

and Memsource. They were asked to translate an Arabic educational text into English using both approaches. The 

researchers utilized the Phrase CAT tool to produce the text for PE and to analyze the quality of the final output. A 

screenshot of Phrase is illustrated in Figure 1 below. 
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Figure 1. Screenshot of the Phrase Platform 

 

The participants were requested to participate in a language lab, where they used devices to record the process of the 

approaches on Translog-II in both translation from scratch (TFS) and PE. The selected text was chosen for its suitability 

in evaluating the translators’ performance in handling non-literary, unambiguous educational content. 

B.  Evaluating Rater Agreement Using Cohen’s Kappa 

Cohen’s Kappa (1960), a statistical measure of inter-rater reliability, was employed to evaluate the consistency and 

agreement between assessments made by the rater and an inter-rater. This approach ensured that the error assessments 

were dependable and coherent across the raters. The kappa value was calculated using the following formula: k = (Po – 

Pe) / (1 – Pe), where Po stands for the observed agreement and Pe represents the expected agreement by chance. The 

Kappa values were interpreted using a scale to determine their agreement levels. It generates a value between -1 and 1, 

with different ranges indicating varying levels of agreement: 

• 0: by-chance agreement 

• 0.1–0.2: slight agreement 

• 0.21–0.4: fair agreement 

• 0.41–0.6: moderate agreement 

• 0.61–0.8: substantial agreement 

• 1: perfect agreement 

C.  ATA’s Framework for Standardized Error Marking 

In this study, the ATA framework for standardized error marking (2002) was utilized to assess the quality of the final 

texts produced by the participants in TFS and PE. This framework is one of the most commonly adopted error typologies 

(Doyle, 2003; Koby, 2015; Phelan, 2017). ATA certifications are among the most respected certifications in the world, 

and this framework is its grading system for certification exams to assess the language skills of potential translators. To 

identify translation errors and assign points to each error, ATA evaluators refer to a list of error categories. The evaluation 

of translation quality is conducted by applying the ATA framework for standardized error marking. In this study, the total 

scores obtained by each participant, errors across various error criteria, and the score means in both approaches were 

calculated. However, some criteria, such as the false cognate, accent, and other diacritical markers, were not applicable 

to this study’s language pair (Arabic–English). Furthermore, the incomplete passage criterion was not included in the 

assessment since the participants were instructed to complete the passages and were not restricted by a time limit. 

IV.  RESULTS 

This section presents the quality analysis investigating the hypothesis that performing PE on a CAT tool-generated text 

yields quality that is similar or equal to that of human translation. The ATA framework for standardized error marking 

(Doyle, 2003) was used to assess the quality. Subsequently, the participants’ final scores in both approaches were 
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determined by counting the number of errors, taking into account the severity level of the errors. Considering the severity 

level of errors is essential, as two translations may have an equal number of errors, but one may contain more significant 

errors, resulting in lower quality. This is followed by a detailed examination and description of the error types and their 

frequencies in each approach. In addition, this section offers a comprehensive analysis of the total errors found in the TFS 

and PE approaches. 

The first part of the quality analysis compared each participant’s final scores in the two approaches. The score 

calculation involved deducting one point for minor errors, two for major errors, and none for neutral errors. The total 

points determined the final scores. Figure 2 illustrates those six participants (P2, P3, P4, P5, P6, and P9) performed better 

in PE, only one participant (P8) achieved equal scoring (P8), and two performed better in TFS (P1 and P7). The TFS 

scores ranged from 54% (P3) to 86% (P9), while the PE scores ranged from 76% (P4 and P5) to 86% (P9). 
 

 
Figure 2. Participants’ Scores in TFS and PE 

 

An inter-rater reliability analysis was conducted using Cohen’s kappa to assess the level of agreement between two 

raters in the evaluation of error criteria. It was conducted with two participants: P1 and P3. For P1, the calculated kappa 

value for the observed agreement (Po) was found to be 17 divided by 22, which means that the two raters agreed on 17 

error criteria out of 22. This yielded a Kappa value of 0.77, indicating a substantial level of agreement beyond what would 

arise from random chance. This suggests that the two raters generally concurred in their assessments of error categories. 

To further evaluate the agreement, the expected agreement by chance (Pe) was calculated and found to be 0.194. The 

Cohen’s kappa statistic was then calculated using the formula (Po - Pe) / (1 - Pe), resulting in a kappa value of 

approximately 0.715. This value signifies a substantial level of agreement between the raters, suggesting that their 

evaluations of error categories were consistent and likely not due to random chance. 

For P3, the calculated kappa value for the observed agreement (Po) was determined to be 0.95, which was calculated 

by dividing the number of agreed-upon criteria (21) by the total number of criteria (22). The expected agreement by 

chance (Pe) was also calculated and yielded a value of 0.83. Subsequently, Cohen’s Kappa statistic was calculated using 

the formula (Po - Pe) / (1 - Pe), resulting in a kappa value of approximately 0.897. This kappa value signifies a high level 

of agreement between the raters, affirming the consistency and reliability of the assessments for P3 as well. 

Figure 3 illustrates the frequency of errors in each criterion and reveals that the TFS approach was most susceptible to 

errors related to terminology and word choice, with a total of 85 errors, representing 21.8% of all TFS errors. In contrast, 

the PE approach had 38 errors of this type, accounting for 15% of all PE errors. This suggests that the number of 

terminology errors made by the participants was 44% higher in TFS compared to PE. The results in Figure 3 highlight 

the prevalence of linguistic errors in both TFS and PE. Notably, TFS had a higher frequency of errors in categories such 

as mistranslation, addition/omission, and register. Specifically, the data show that TFS had 12 more mistranslation errors 

than PE, with 36 total TFS errors compared to 24 PE errors. Furthermore, TFS had more errors related to addition and 

omission, with 28 total errors compared to 19 in PE. Despite these discrepancies, the figure also demonstrates that PE 

was effective in improving the translation quality for these categories, with improvements of 32.1% and 33.3% for 

addition/omission and mistranslation errors, respectively. 

In terms of inconsistency, style, grammar, and literal translation errors, the data highlights that TFS outperformed PE. 

The numbers show that PE had a higher frequency of errors in these four areas, with 43, 38, 33, and 16 errors, respectively, 

while TFS had significantly lower error rates, with only 6, 27, 19, and 10 errors, respectively. In addition, the data 

highlights a significant difference between the two approaches regarding inconsistency errors, with PE having 43 errors 

compared to 6 errors in TFS. These errors can lead to confusion and misinterpretation, resulting in negative impacts on 
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the quality of the translated text. Hence, addressing these errors is crucial for preventing inaccurate translations and 

improving the quality of translated texts in both approaches. Furthermore, there was a substantial difference in spelling, 

capitalization, and punctuation errors between the two approaches. In particular, spelling errors occurred 77 times in TFS, 

the second-highest total after terminology, but only 5 times in PE. Similarly, case errors were more prevalent in TFS; it 

had 37 errors, compared to only 14 errors in PE, representing a 62.16% reduction. TFS encountered more difficulties in 
punctuation as well, with 30 errors compared to only 25 errors in PE. These findings suggest that TFS and PE have 

different strengths and weaknesses, and that both approaches require improvements to enhance the overall translation 

quality. 

The results suggest that PE has a significant positive impact on non-linguistic errors, such as spelling, capitalization, 

and punctuation, in addition to improving translation accuracy by aiding the translator in avoiding omission/addition and 

mistranslation. However, PE does not seem to have a noticeable effect on issues such as literal translation, grammar, style, 

and inconsistency. 
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Figure 3. Participants’ Error Frequencies in TFS and PE 

 

The final step in the quality analysis was calculating the total number of errors and then finding their means for the 

TFS and PE approaches, as presented in Figure 4. To obtain this total, the researcher counted the frequency of errors 

according to the ATA error criteria for each approach and subsequently determined the means of the errors for each 

approach. The mean number of errors was 17.9 for TFS and 11.5 for PE. A p-value of 0.289961119 was obtained, 

suggesting that the difference in mean error numbers between TFS and PE was not statistically significant at the 

conventional significance level of p < 0.05. This suggests that the disparity in means likely resulted from random chance 

and might not be indicative of substantive differences between the two groups. In essence, these results imply that PE 

yielded quality comparable or equivalent to that of TFS, proving the hypothesis that performing PE on CAT tool-

generated text results in quality that is similar or equal to that of human translation. 
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Figure 4. Means of Participants Errors in TFS and PE 

 

V.  DISCUSSION AND CONCLUSIONS 

In this study, the quality of the texts produced by the participants in the TFS and PE approaches was evaluated by the 

researcher using the ATA framework for standardized error marking. To compare the errors found in both approaches, 

the researcher assessed the quality of these approaches in terms of terminology, word choice, mistranslation, 

addition/omission, spelling, punctuation, case, inconsistency, style, and grammar. Overall, the number of errors in TFS 

was higher than in PE: 389 errors and 252 errors, respectively. The results showed that the quality of terminology and 

word choice was better in PE than in TFS. In TFS, 85 errors (21.8% of total errors) were found in this criterion, whereas 

in PE, only 38 errors (15% of total errors) were identified. This suggests that translators may struggle with choosing the 

right terminology, whereas the CAT tool used in PE automatically provides appropriate equivalents most of the time. 

Furthermore, regarding errors, this study found that mistranslation and addition/omission errors were less frequent in 

PE compared to TFS. Mistranslation accounted for 24 errors (9.5% of total errors) in PE and 36 errors (9.25% of total 

errors) in TFS. This could be caused by different factors, such as misunderstanding the source text, expressing meaning 

in the wrong manner, or misreading the source text. These are factors mostly related to and caused by human cognition 

and linguistic expression. Addition/omission errors comprised 19 errors (7.54% of total errors) in PE and 28 errors (7.19% 

of total errors) in TFS. While exceptions may apply, it is generally preferred to avoid inserting material for clarification 

in translation and to avoid omitting necessary information. In terms of spelling mistakes, TFS had significantly more 

errors than PE. In TFS, 77 errors (19.79% of total errors) were identified, while in PE, only 5 errors (1.98% of total errors) 

were found. This suggests that translators may rely on automatic correction when translating, but since the software used 

in this study did not correct or indicate spelling mistakes, the participants were often unaware of their errors. In contrast, 

in PE, the translation was provided by a CAT tool, which reduced the occurrence of spelling mistakes. Compared to PE, 

TFS exhibited a higher frequency of punctuation errors, with 30 errors (7.7% of total errors); in contrast, PE had only 6 

errors (2.38% of total errors) in this criterion. In addition, PE showed a better performance in case errors, with only 14 

errors (5.6% of total errors), whereas TFS had 37 errors (9.5% of total errors) in this category. These discrepancies may 

be attributed to the inherent differences between Arabic and English regarding cases and the use of punctuation. The 

results indicate that PE and TFS exhibit similar quality, with room for further improvement in PE. This observation aligns 

with the high-quality MT offered by the Phrase CAT tool. Notably, PE showcased notable enhancements in errors related 

to spelling, case, punctuation, and translation fidelity. It also helped translators avoid omission/addition and mistranslation. 

However, errors related to literal translation, grammar, style, and inconsistency did not show significant improvement in 

PE. This could be due to the natural flow of errors in a high-quality CAT tool translation, which may prevent translators 

from noticing these errors, as previous research has suggested (Guerberof, 2008, 2009; Yamada, 2019). 

The implications of the results are multifaceted and provide valuable insights into the efficacy of PE compared to TFS, 

as well as the role of CAT tools in translation processes. The findings suggest that PE yields better quality in terms of 

terminology and word choice compared to TFS. This implies that the CAT tools used in PE are effective in automatically 

providing appropriate equivalents, potentially enhancing translation accuracy and consistency. Furthermore, PE 

demonstrates a reduction in mistranslation and addition/omission errors compared to TFS. This indicates that the use of 

CAT tools in PE may help mitigate errors caused by human cognitive and linguistic factors, such as misunderstanding or 
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misreading the source text. TFS exhibits a significantly higher frequency of spelling mistakes compared to PE. This 

highlights the importance of CAT tools in reducing spelling errors by providing automatic correction, thereby enhancing 

the overall quality of translated texts. Moreover, PE demonstrates better performance in punctuation and case errors 

compared to TFS. The discrepancies observed could be attributed to inherent differences between Arabic and English, as 

well as the use of CAT tools, which may facilitate more accurate punctuation and case usage. Overall, the results suggest 

that PE with CAT tools offer advantages over traditional TFS in terms of accuracy, consistency, and efficiency. However, 

they also underscore the need for translators to be adequately trained in utilizing CAT tools and PE techniques effectively. 

In addition, the findings emphasize the importance of periodically reviewing and adapting translation training curricula 

to incorporate technological advancements and address specific linguistic challenges, such as those related to Arabic–

English translation. 

There is a growing demand for translation technologies due to increased translation volumes and the need to increase 

productivity. This demand requires translators to be familiar with translation technologies and how to interact with them 

through PE (Bowker, 2015). This is particularly true at present, with advanced translation technologies being developed 

while the demand for them rises. Furthermore, limited experience with CAT tools will not allow translation students to 

gain a realistic understanding of the functioning of these tools (Bowker, 2015). This can also be applied to PE training, 

which is an intrinsic part of using translation technology in general; as mentioned before, these technologies cannot 

replace human translators and will always require human intervention to match the quality of human-edited text. 

Nevertheless, nearly all translators—especially local translators—need to receive training in PE. In a study on PE, Koby 

suggested that “the translator must be trained in post-editing” (Krings & Koby, 2001, p. 12). Furthermore, McElhaney 

and Vasconcellos (1988) argued that, since translation and PE are varying processes, translators are most suitable for 

undertaking this task, as they can identify linguistic errors and have rich knowledge about cross-language transfer. 

Therefore, in line with Al-Rumaih’s (2021) implication, CAT tool course plans should be reviewed yearly to ensure they 

are up to date with technological advancements. Furthermore, PE training should incorporate CAT tool courses. 

Workshops for students should sufficiently cover translation technology and ensure the practical use of these tools, in 

addition to providing PE training. 
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