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Abstract 
Because machine translation (MT) still falls short of human parity, human intervention is 
needed to ensure quality translation. The existing literature indicates that machine translation 
post-editing (MTPE) generally enhances translation productivity, but the question of quality 
remains for domain-specific texts (e.g. Aranberri et al., 2014; Jia et al., 2022; Kim et al., 2019; 
Lee, 2021a,b). Although legal translation is considered as one of the most complex specialist 
translation domains, because of the demand surge for legal translation, MT has been utilized to 
some extent for documents of less importance (Roberts, 2022). Given that little research has 
examined the productivity and quality of MT and MTPE in Korean-English legal translation, 
we sought to examine the productivity and quality of MT and MTPE of Korean of statutes, 
using DeepL, a neural machine translation engine which has recently started the Korean 
language service. This paper presents the preliminary findings from a research project that 
investigated DeepL MT quality and the quality and productivity of MTPE outputs and human 
translations by seven professional translators.  

 

1. Introduction 

Human intervention, namely post-editing, is needed to ensure quality translation when machine 
translation (MT) is used. The existing literature indicates that compared to from-scratch 
translation, namely human translation (HT), machine translation post-editing (MTPE) 
enhances translation productivity, but the question of domain-specific MT and MTPE quality 
still remains to be answered (Aranberri et al., 2014; Jia et al., 2022; Kim et al., 2019; Lee, 
2021a). In the case of patent translation, MT quality is still less than adequate (Choi et al., 2023; 
Lee and Choi, 2022; Tsai 2017) and MTPE may not be efficient to produce HT quality output. 
Legal translation is also considered as a specialist domain, but facing the demand surge for 
legal translation, the translation industry and the language service providers have resorted to 
MT for documents of less importance (Roberts, 2022). However, translation of legal texts, such 
as statutes and contracts, requires accuracy and generally been reserved for HT. Therefore, 
MTPE can be effective only when MT quality is good enough, thus not needing heavy post-
editing. Otherwise, it would be simply more time-consuming and inefficient to post-edit 
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inadequate MT than translate from scratch. Given that little research has examined the 
productivity and quality of legal translation via MTPE, this paper aims to examine the 
performance of a general use neural machine translation (NMT) engine, DeepL, and MTPE 
productivity and quality of Korean statutes in comparison with HT.  

The quality of post-editing results may vary depending on the ability, text type, and 
difficulty level, such as post-editor's experience in translation and post-editing training, native 
language, and subject knowledge (Kim, 2022b; Lee, 2021a; Seo and Kim, 2020). As such, it 
may be argued that translation competence is a necessary condition for post-editing competence 
(Lee, 2021b: 190). Because previous research on MTPE often engaged student translators 
rather than professional translators or post-editors, who were likely to lack translation and post-
editing experiences and skills, we will examine professional translators’ HT and MTPE 
products from the perspective of productivity and quality to find out if legal translation based 
on MTPE can be a productive alternative without sacrificing quality.  

Productivity is not just a matter of time, and the effort required for post-editing can be 
analyzed in terms of technical, temporal, and cognitive efforts (Krings, 2001; Snover et al., 
2006). Technical effort refers to the frequency and amount of correction, whereas temporal 
effort refers to the time required for task completion, and cognitive effort means the effort 
required to identify and correct errors in MT (Krings, 2001). Translation Edit Rate (TER) is 
often used to measure technical effort, such as inserting, deleting, replacing, and moving. 
However, it can only infer productivity through the modification rate, and thus not an absolute 
indicator of productivity. Further, because HT cannot calculate TER, it cannot be directly 
compared with HT (Snover et al., 2006). Although MTPE appears to have similar quality and 
improved productivity compared to HT, some studies suggest that it requires more cognitive 
effort than from-scratch translation (Guerberof Arenas, 2020: 347; Krings, 2001; 320; O'Brien, 
2017). It is said that the cognitive load is large in correcting syntax problems, word order, 
mistranslation, and idiomatic mistranslations (Daems et al., 2015, 2017; Teminkova, 2010; 
Popović et al., 2014). In the following section, we will review the relevant literature, focusing 
on MT and MTPE involving the Korean language and legal texts. 

2. Literature Review 

2.1. MTPE studies 

Recent MTPE studies generally indicate that MTPE is superior to HT in terms of speed while 
maintaining similar translation quality (Cadwell et al., 2016; Guerberof Arenas, 2009; Kim et 
al., 2019; Kim, 2022a,b; Lee and Kim, 2022; Seo and Kim, 2020). Jia et al. (2019) compared 
and analyzed the results of HT and Google NMT post-editing for two types of text in the 
English-Chinese direction. They investigated 30 postgraduate translation students’ translation 
and MTPE processes and output quality, using two types of texts  two in specific fields such 
as patient description materials and dishwasher manuals, and the other two general texts 
(beverage brand promotion brochures). They noted that for the domain-specific texts, the 
participants completed MTPE a little faster than HT, and that cognitive efforts decreased in 
MTPE of both domain-specific and general text types. As for quality, MTPE output quality 
showed an equal level of accuracy and fluency as HT. In Jia et al. (2019), four evaluators two 

professional translators and two Ph.D. students majoring in translation evaluated a total of 
154 sentences. The quality in terms of accuracy was as follows: The average score of the 
domain-specific text MT was 2.76, 3.2 for MTPE results, and 3.29 for HT, revealing 
statistically significant differences between the different modes of translation (Jia et al., 2019: 
74). In the case of general texts, the difference in evaluation scores was narrower, with post-
editing averaging at 3.19 and HT at 3.16, slightly lower than MTPE. Regarding fluency, the 
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domain-specific text MT result scored an average of 2.88, MTPE result was significantly higher 
at 3.25, and HT was the highest at 3.31. On the other hand, in the case of general texts, the 
results of HT and PE were 3.19 and 3.33, respectively, showing no statistically significant 
difference.  

MTPE studies involving Korean also demonstrated that MTPE was productive compared 
to HT. Kim et al. (2019) looked at the time effort required for correction along with the 
correction rate as an index of productivity. They examined the productivity of light post-
editing of the English-Korean MT generated by three general-use NMT engines, namely 
Google Translate, Papago and Kakaoi. The participants translated and post-edited without a 
time limit, and worked on IT manuals, which apparently has contributed to the enhancement 
of productivity. Based on the number of processed words per minute in HT and MTPE, 
MTPE productivity increased at least 78% higher than HT, and the Translation Edit Rate 
(TER) was 3% for Google NMT, 5.9% for Papago, and 5.4% for Kakaoi (Kim et al., 2019: 
65). Except for Kim et al. (2019), the other Korean MTPE studies investigated full post-
editing. 

Lee and Lee (2021) compared the quality of Korean-English news text MTPE and HT 
by undergraduate translation students, and found that the productivity as well as the quality of 
MTPE was better than those of HT. Lee (2021a) examined the difference between HT and 
MTPE productivity and cognitive processes by having five professional translators translate 
and post-edit technical texts (IT manuals) in the Korean-English direction. The participants 
translated around 100 word-long texts in two ways, HT and MTPE, in 10-minute-time 
frames, respectively, which were subject to evaluation by two experts. He noted that MTPE 
productivity was higher than HT productivity in terms of task completion time, and that 
despite individual variations, MTPE quality was not inferior to that of HT. Another study by 
Lee (2021b), which was based on nine translators’ HT and MTPE, confirmed approximately 
34% increase of MTPE productivity measured in terms of time, compared to HT. Both Lee 
(2021a,b) also demonstrated that the MTPE output quality was not inferior to HT in the case 
of technical texts.  

Kim (2022a) also confirmed MTPE’s productivity by analyzing Korean-English HT and 
MTPE outputs provided by 13 postgraduate translation students, comparing technical effort 
and search effort. She analyzed the English translation of Korean economic text of 76 words 
for HT and MTPE of 360 word-long economic text generated by Google NMT.  

Lee and Kim (2022) analyzed the quality and productivity of English-Korean MTPE 
based on TER, word throughput, and output quality evaluation. Fourteen undergraduate and 
graduate students, who had received PE training through regular university courses or special 
lectures, participated in their research. The task completion time for HT or post-editing was 
set to 20 minutes (Lee and Kim, 2022: 128-129). Similarly, MTPE demonstrated a 
productivity advantage of nearly 70% compared to HT, comparable to the productivity of 
light post-editing in their earlier work (Kim et al., 2019). In addition, the quality of the post-
editing results was not inferior to that of HT (Lee and Kim, 2022: 134, 140). 

In summary, the existing Korean MTPE productivity-related research pointed to an 
average of more than 30% productivity enhancement compared to HT. However, the texts used 
in the previous research were mainly manuals, news and economic texts. Few Korean 
researchers investigated MT or MTPE of legal texts. In this paper, we will present the 
preliminary findings from our research on the Korean-English MT and MTPE, focusing on the 
temporal and technical efforts as productivity indicators, and the output quality relative to HT.   

 

2.2. Legal Text MTPE 

There is a lacuna in the literature on MTPE of legal texts, particularly in Korean and English 
language combinations. When it comes to English and Spanish, Killman and Rodríguez-Castro 
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(2022) analyzed 26 translators’ from-scratch translations of English-Spanish legal texts and 
their Google Translate (SMT) post-editing. They reported that post-editing was superior in 
quality and productivity. The found that MTPE reduced time by 16%, with an average of 56.6 
minutes for MTPE and 67.1 minutes for HT. Human evaluations revealed that MTPE contained 
fewer translation errors, with an average of 14.5 errors, whereas HT contained an average of 
22.9 errors (Killman and Rodríguez-Castro, 2022: 63). The results did not indicate that the 
participants' translation experience and translation training made any significant difference in 
quality and time. 

There are few studies that investigated MT or MTPE of Korean legal texts. For instance, 
Lee (2022) undertook an evaluation of Korean-English contract MTs produced by Google 
NMT and a legal domain-specific NMT. He found that the domain-specific NMT produced a 
better quality output than the generic NMT. While Lee (2022) examined MT quality of 
Korean-English contract translation, Lee and Choi (2023) examined the quality of English 
translations of Korean statutes generated by three NMT engines. They analyzed the output 
quality of two general-use NMT engines, Papago and Google Translate, and a legal domain-
specific NTM engine, Otran, drawing on human and automatic evaluations. Four experienced 
legal translators evaluated the output quality, using a five-point rating scale 0 to 4 based 
the criteria of accuracy, fluency, and terminology. The human evaluation resulted in an 
average of 2.8 for Google NMT and Papago, and 3.5 for Otran (Lee and Choi, 2023:83). 
BLEU score for each NMT recorded 0.421, 0.395 and 0.585 (Lee and Choi, 2023: 82). As the 
figures suggest, the legal domain-specific NMT outperformed the other two generic NMT 
engines in both human and automatic evaluations. However, there was still a substantial gap 
between HT and MT, requiring human intervention in order to produce legal translation of 
publishable quality. 

Considering that the largest Korean government-funded legal translation service 
provider, Korean Legal Research Institute’s Translation Center, has sought to improve the 
efficiency and quality of its legal translation services by introducing computer-assisted-
translation and translation automation (Lee, 2021), the current research is expected to throw 
some light on the prospect of MTPE in the legal translation domain from the perspective of 
productivity and quality. Further, DeepL recently launched its Korean language services in 
2023, and merits scholarly investigation of its performance in the legal domain. Against this 
backdrop, this paper aims to investigate the DeepL Korean-English legal MT quality and the 
MTPE productivity and quality in comparison with HT.  

3. The Study 

The current research was designed to answer the folllowing research questions:  
1. What is the quality of DeepL Korean-English legal translation according to human 

and automatic evaluations? 
2. What is the quality of DeepL MTPE and HT according to human evaluation? 
3. What is the productivity of MTPE in comparison with HT in terms of temporal and 

technical efforts?    

3.1. Research Methods 

For this study, we used extracts from two Korean statutes for source texts. Text 1 (241 
Korean words/21 segments) was extracted from the Act on the Punishment of Stalking 
Crimes and was used for HT. Text 2 (242 Korean words/24 segnents) from the Act on 
Registration and Inspection of Water Leisure Devices was translated by DeepL and the MT 
output was post-edited by seven professional translators. The text difficulty was about the 
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same in terms of readability (Flesch Kincaid Score was 31.04 and 24.42 respectively) and 
lexical density (52.33 and 57.93 respectively). 

We recruited seven professional translators who had at least three years’ experience in 
legal translation after a MA in Translation. The participants were requested to translate one 
text from scratch and post-edit the other to produce a HT quality output referring to the 
translation and post-editing guidelines we had provided. They were given 90 minutes each for 
HT and MTPE with 10 minutes’ break in between. We measured their translation and post-
editing time and calculated the words per minute for productivity analysis, and analysed the 
evaluation results and errors analyses provided by evaluators, who had assessed the MTPE 
and HT outputs according to the evaluation criteria of accuracy, fluency, and terminology. 

We engaged three evaluators, two veteran professional legal translators and a translator 
trainer who are familiar with MTPE. They were requested to evaluate not only the raw MT 
output but also the seven HT outputs of Text 1 and seven MTPE outputs of Text 2, using a 
five-point rating scale (zero to four points), and also annotate errors.  

To assess the MT quality through automatic evaluation, we checked the BLEU score of 
DeepL MT output. 

3.2. Results 

Both human and automatic evaluations revealed that DeepL MT quality was not bad. The raw 
MT output received an average of 3.15 points (segment average scores) in human evaluation, 
and the BLEU score recorded 29.92.1 As requested, the evaluators identified errors in MT, 
MTPE and HT outputs. Twenty six errors were identified in the raw MT output by at least 
two of the three evaluators (68 out of 450 English words), giving a TER score of 15.1%.  

Regarding the text difficulty level, the translator participants considered both texts not 
too easy nor too difficult for legal translation. There was a consensus among the participants. 
However, there was some disagreement among the evaluators because they agreed on the 
medium difficulty level of Text 1, but they were divided in their opinion on Text 2, each 
selecting high, medium, and low difficulty. 

 
Participant HT 

 (min.) 
MTPE 
(min.) 

HT  
word/min. 

MTPE 
word/min. 

Productivity 
growth (%) 

P1 90 90 2.7 2.7 0 
P2 80 74 3.0 3.3 9 
P3 80 53 3.0 4.6 52 
P4 59 47 4.1 5.2 26 
P5 65 65 3.7 3.7 0 
P6 83 52 2.9 4.7 60 
P7 90 90 2.7 2.7 0 

Average 78.1 57.3 3.2 3.8 21 
Table 1. Comparison of HT and MTPE productivity 

 
In terms of temporal productivity, as Table 1 shows, the seven participants (P1 to P7) 

tended to spend less time on post-editing than on from scratch translation, HT. The average 
time they spent on MTPE recorded 57.3 minutes whereas the average time spent on HT was 
78.1 minutes. A t-test revealed a statistically significant differences at the 90% confidence 
level (p<0.1). As shown in Table 1, the number of words processed during MTPE was higher 

 
1 The results indicated that DeepL outperformed other general-use NMTs, such as Google Translate and 
Papago, but its performance was inferior to that of a domain-specific NMT, Otran in Korean-English 
legal translations (see Lee and Choi, 2023). 
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than that of HT, confirming enhanced productivity observed in the MTPE research discussed 
in this paper (e.g. Kim, 2022a,b; Kim et al., 2019; Lee and Kim, 2022). The average 
productivity growth of 21% in legal MTPE is smaller than the average productivity of MTPE 
of non-legal texts in these previous studies involving non-legal texts, which hovered above 
30% on average. Therefore, it may be argued that MTPE productivity is better than HT in 
general, but legal MTPE productivity may not be as good as other text types’. Further, 
individual differences were quite large as shown in Table 1. It may be partly due to the fact 
that the participants were allowed to spend up to 90 minutes for each task and were 
encouraged to work at a normal speed to avoid affecting participants’ translating and post-
editing behaviour. Therefore, individual differences might have affected the temporal aspect 
of task completion. Some participants were observed to have completed the task early and 
spend the rest of the time reviewing their work, spending 90 minutes for each task to the full 
extent. 

 
Participant Number of edited words TER 

P1 128 0.28 
P2 100 0.22 
P3 132 0.29 
P4 105 0.23 
P5 84 0.19 
P6 76 0.17 
P7 125 0.28 

Average 107.14 0.24 
Table 2. TER of MTPE Results 

 
As for MTPE technical productivity, TER of each MTPE output was calculated. Based 

on Snover et al. (2006), we counted insertion, deletion, substitution, and shift in each of the 
seven MTPE results by using JavaScript. As shown in Table 2, the average TER was 0.237, 
which means that 23.7% of MT were edited on average. According to Kim et al. (2019: 65), 
TER of light post-editing was recorded 3% whereas the average TER of full post-editing 
involing Korean was 0.230 (Lee and Kim, 2002 : 135). As such, our TER results suggest that 
the seven participants’ MTPE was carried out on a full post-editing scale. However, TER and 
MTPE time did not tend to correlate. For example, P3 edited the largest number of words, 
while spending only 53 minutes in MTPE. In other words, more editing does not always 
mean more post-editing time, which was also observed in Lee and Kim (2022 : 135). 
Meanwhile, P3’s correction rate was lower than the other participants’ as shown in Table 5, 
so processed words may not always be considered as an indicator of MTPE quality either. 

In addition to productivity, we compared the quality of HT and MTPE products 
through human evaluation by three evaluators (E1 to E3). The evaluation results and the 
average scores for each participant are presented below (see Table 3 and Table 4). In 
summary, MTPE quality measured in terms of the segment average scores surpassed HT 
quality. As shown in Table 4, the MTPE scores for each participant exceeded HT scores 
except on two occasions (E3-P2 & E1-P5). The average MTPE evaluation scores also 
indicated superior quality (see Table 4). 

 
 E1 E2 E3 

HT            MTPE HT            MTPE HT           MTPE 
P1 2.52 3.50 3.04 3.88 3.62 3.79 
P2 3.57 3.79 3.29 3.88 3.81 3.38 
P3 3.05 3.25 3.17 3.79 3.57 3.83 
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P4 3.76 3.75 3.33 3.83 3.48 3.88 
P5 3.67 3.54 3.46 3.79 3.48 3.71 
P6 3.29 3.63 3.29 3.88 3.67 3.75 
P7 3.05 3.67 3.00 3.71 3.67 3.58 

Table 3. HT and MT Quality (Segment Average Scores) 
 
AVE P1 P2 P3 P4 P5 P6 P7 

HT  3.06  3.56 3.26 3.52 3.54 3.42 3.24 

MTPE 3.72 3.68 3.62 3.82 3.68 3.75 3.65 
Table 4. HT and MT Average Scores 

 
The inter-rater agreement in HT quality evaluation was stronger than MT quality 

evaluation. 95% confidence interval (CI) of interclass correlation coefficient (ICC) for HT 
evaluation was 0.289 to 0.907 (ICC = 0.720) with a p-value of 0.004. The results suggest that 
the quality of the post-edited legal texts was not inferior to that of HT, but there was a lack of 
consensus on the MTPE output quality among the three evaluators. 

In terms of the average segment scores, the raw MT output was rated 3.15. Compared 
with the seven participants’ HT and MTPE average scores, MT quality was perceived to be 
worse than HT except for P1, whereas all the seven MTPE outputs got much higher average 
points than the raw MT output (see Table 4). That means, DeepL’s Korean-English statute 
MT was inferior to HT, and MTPE could improve the result, largely better than HT, in a 
time-efficient manner.  

Correction rates2 also demonstrated MTPE quality improvement over the MT output. 
As shown in Table 5, most of the 26 errors identified by the evaluators were corrected by the 
seven participants. Except for P3, the other six participants corrected 23-26 out of the total 26 
errors, which resulted in an average correction rate of 89.61%. The high correction rate led to 
higher MTPE average segment scores than the raw MT average segment scores, meaning that 
post-editing did enhance MT quality.  

 
 P1 P2 P3 P4 P5 P6 P7 AVE 

Number of  
errors  

corrected  
26 24 18 24 24 24 23 23.28 

Correction 
rate (%) 100 92.30 69.23 92.30 92.30 92.30 88.46 89.61 

Table 5. Number of Corrected Errors and Correction Rates 

4. Conclusion 

This paper investigated the quality and productivity of MT of legal texts based on DeepL 
Korean-English MT of statutes. In addition to raw MT output quality, we examined the 
productivity and quality of HT and MTPE outputs produced by seven professional translators. 
The BLEU score indicated 29.92, which was not that high, but the MTPE results suggested 
that the raw MT was good enough to produce publishable quality through post-editing.  

 
2 In this study, the correction rate refers to the ratio of post-editors’ corrections to the errors identified in 
the raw MT (Kim 2022b). 
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To examine the productivity of MTPE, we analyzed temporal productivity and technical 
productivity (TER).  The participants tended to spend significantly less time post-editing 
(57.29 minutes) than translating from scratch (78.14 minutes). The average productivity 
growth of 21% appears to be smaller than the average productivity of MTPE of non-legal 
texts in the previous studies. Still, it may be argued that MTPE productivity is better than HT 
in legal texts, too. As for technical productivity, the average TER was 0.237, which means 
that an average of 23.7% of MT were edited. However, TER and MTPE time did not tend to 
correlate.  

The overall MTPE quality measured in terms of the segment average scores was 
superior to HT quality evaluation scores. Regarding the correction rate, most of the errors 
identified by the evaluators were corrected during MTPE with an average correction rate of 
89.61%. As a result, the MTPE outputs got higher points than the original MT output. 

Based on the results, it may be argued that for statute translation, MTPE tends to be 
more productive than HT in terms of task time and number of processed words, and that 
professionals’ MTPE process enhanced MT quality to human parity. All of the seven 
participants got higher points for MTPE than HT, which pointed to the better quality of 
MTPE than HT. Nonetheless, the two texts used for this study were not identical, and due to 
the small sample size, it is impossible to generalize the current research findings. Despite its 
limitations, however, the findings suggest that in Korean-English legal statute translation, 
MTPE by professional translators may be more productive and of better quality than 
translation from scratch. Further research is needed to investigate the merits of MTPE of legal 
texts in comparison with HT and to explore the cognitive effort involved in MTPE of legal 
texts.  
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