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Abstract
The paper describes findings of a large post-editing project in the medical domain carried out
by Tilde. It analyzes the efficacy of post-editing of highly technical texts in a specialized
domain and provides answers to questions important to localization service providers that
consider the introduction of post-editing in their translation workflows. The results show that
by carefully analyzing post-editing projects, machine translation providers and language
service providers can learn how to boost productivity in localization, save time and optimize
resources in the language editing process, as well as to leverage quality post-edits to improve
machine translation engines through dynamic learning.

1. Introduction
In order to analyze the efficacy of post-editing of highly technical texts in a specialized domain,
Tilde embarked on a project to analyze a large post-editing effort in the medical domain. During
the project, Tilde had the unique opportunity to take detailed logs of each activity performed
by post-editors. Tilde then analyzed the post-editing results, allowing us to answer important
questions like: 1) How effectively do post-editors really work with machine translation (MT)?
2) Do post-editors expend their efforts usefully on editing MT results? 3) How can MT be
improved to meet the needs of localization companies that utilize post-editing to boost
translation productivity? 4) How does the MT quality affect post-editing performance?

2. MT System
During the course of the project, post-editors used a statistical MT (SMT) system that was based
on the phrase-based Moses SMT system (Koehn et al., 2007). The system was trained on the
European Medicines Agency (EMEA) parallel corpus from OPUS corpus (Tiedemann, 2009)
and latest documents from EMEA website (years 2009-2014) collected by Tilde on the Tilde
MT platform (Vasiļjevs et al., 2012). The statistics of the training corpus before and after
filtering are given in Table 1. The system’s automatic evaluation results are given in Table 2.
Corpus
Parallel
Monolingual

Sentences before filtering
378,869
378,869

Sentences after filtering
325,332
332,652

Table 1: Statistics of the training corpora used to train the SMT system

Evaluation
scenario
Case sensitive
Case insensitive

BLEU
47.42 (45.82-48.88)
45.79 (44.23-47.26)

NIST
9.5300 (9.3469-9.7027)
9.2735 (9.1036-9.4539)

METEOR
0.3637
0.2575

TER
0.3952
0.4105

Table 2: Automatic evaluation results of the SMT system

3. Post-editing Task
The post-editing task was performed using the tool PET (Aziz et al., 2012), which is able to
precisely track the time spent on each segment and all keystrokes that a post-editor performs
while post-editing each segment. An example of the graphical user interface of PET as used in
the post-editing task is given in Figure 1. The whole post-editing task, which contained 22,500
(360,000 words) sentences, was split into jobs that consisted of 100 sentences. All jobs
contained consecutive sentences from the latest documents. All jobs were pre-translated with
the SMT system prior to giving the jobs to post-editors, so that translators would not have to
wait for the SMT suggestions to appear.
While post-editing texts, translators were asked to evaluate the quality of each MT
suggestion, marking it as one of the following: “near perfect,” “very good,” “poor,” and “very
poor.” If the translator did not apply changes to the MT suggestion, the post-editing tool
automatically rated it as “unchanged”, which means that the MT suggestion was perfect and
did not require any post-editing.

Figure 1: Example of the user interface of the PET post-editing tool showing: 1) the MT
suggestion; 2) previous context; 3) the source text of the segment that is being post-edited; 4)
the target editing field (showing the MT suggestion); 5) the further context; and 6) the entries
of the term collection that are found in the source text of the current segment
A total of five professional translators worked on the post-editing project full-time for
approximately five weeks in total. The post-editors were also asked not to spend excessive
amounts of time on each segment, as the quality expectations were not “human translation
quality” but rather “post-editing quality.” To assist post-editing, post-editors were provided

with an in-domain term collection that was integrated in the post-editing tool and automatically
showed translation suggestions for known terms.
The detailed logs of each translator’s work recorded the timing of each keystroke,
measuring the time spent on post-editing in three distinct intervals: the amount of time that
elapsed between the appearance of a MT segment and the first click, or “reading time”; the
amount of time between the first edit and approving the segment, or “editing time”; and the
amount of time spent between approving the segment and completing the assessment of the
quality by clicking the “Finish” button, referred to as “assessment time.”

4. Preliminary Results
The results showed that the use of custom MT resulted in a considerable boost in overall
translation productivity (see Table 3). The translators’ average translation speed for human
translation of medical domain texts is approximately 800-900 tokens per hour (pure translation
time, not counting pauses between sentences). But MT succeeded in boosting the average
translation productivity to 2,694 tokens per hour – an approximately 200% increase.
This strong boost in productivity came about thanks to the high translation quality of the
MT system used by post-editors (BLEU score of 47.42). The analysis showed that the MT
system produced a majority of MT segments – over 37% – that were marked “unchanged,”
demanding no editing time at all from the post-editors.
MT suggestion
assessment
0. Unchanged
1. Near perfect
2. Very good
3. Poor
4. Very poor
Grand Total

Total
Total source
Productivity
Segment
editing
length in
(tokens post-edited
count
time
tokens
in one hour)
14:15:43
83,661
5,488
5,865
12:12:01
46,108
2,458
3,779
44:11:31
102,309
4,962
2,315
26:40:50
37,956
1,717
1,422
04:13:39
3,582
175
847
101:33:46
273,616 14,800
2,694

Segment count %
1.2%
11.6%
37.1%
33.5%
16.6%

0. Unchanged
1. Near perfect
2. Very good
3. Poor
4. Very poor

Table 3: Sum of editing time and productivity gains
Not surprisingly, the average amount of post-editing time for each segment rose
incrementally as the quality of the MT result (as marked by the post-editor) declined (see
Figure 2). A “near perfect” segment had an average of 19.23 seconds of post-editing; a
“very good” segment had an average of 34.80 seconds; a “poor” segment demanded 59.55
seconds of the post-editor’s time; and a “very poor” segment clocked in at 90.98 seconds of
work.
Though the editing time grew incrementally, the total “reading time” on the part of posteditors grew more gradually. Even an “unchanged” segment demanded an average of 10
seconds of reading time from post-editors. This figure should be kept in mind by localization
companies that want to increase their MT use: even an unchanged segment, with perfect MT
quality, demands 10 seconds of a post-editor’s time for review.
The most surprising results of the study came when graphing the relationship between
the quality of an MT suggestion and the PE quality of the segment vi-à-vis a reference human
translation (see Figure 3). We found that segments with “near perfect” or “very good” MT
quality led to the creation of post-edited texts with Translation Edit Rate (TER) scores that
ranked fairly consistently in relation to the reference translation. For instance, an MT segment
with “near perfect” quality produced, on average, a post-edit that had TER scores of 0.22-0.30
in relation to the reference translation.

However, when MT produced “poor” and “very poor” segments, the post-editing quality
was furthest from the reference translation. Post-edits of “poor” and “very poor” segments could
have TER scores that ranged from 0.50 to 1.00. One possible reason for the wide range in
scoring was that the target language in the project was a morphologically rich, highly inflected
language with relatively free word order. Therefore, thanks to the liberal syntax, post-editors
had a wider range of options for constructing post-edited sentences. This led to grave
inconsistency in results for post-edits that demanded the most efforts, namely, edits of “poor”
and “very poor” segments.
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Figure 2: Average of reading, editing, and assessment times for segments with different MT
suggestion quality assessments (left) and all segments (right)

2

0.40

0.44 0.43

7
0.2
9
0.3

0.
59

64
0.

0.4

9

0.27

0.
41

0.11

0
0.39 0.2

4

0.31

2
0 .6
0.
72

0.
5

0.14

1.
00

0.22

0.28

0.3

0.37

43
0.
0.
50

0.2
8

3

2

5
0.

57
00.
.5

0.5
8
41
0.
0
0.4

69

0.19
0.21
0.24
2
0. 1

0

0.

0.0
5
0.09
0.29

0.3

0.65
0.
86
4
0 .6

Post-edited Translation

Reference Translation
0.58

0.27

Post-edited Translation

Reference Translation

0.4
2

0.2

0.1

0.20
0

0.29

5

0.42

0.54
0.57
0.60

0.63

MT quality assessment:

0.57

Unchanged (perfect)
0.71

Near perfect

0.81

Very good

0.75

Poor
0.94

MT Suggestion

Very poor

MT Suggestion

Figure 3: Translation edit rates between reference translations, MT suggestions, and postedited translations (left – for 4 individual translators, right – for all translators) depending on
different MT suggestion quality assessments

Inconsistent post-editing quality poses a serious problem for language editors and
linguists at localization companies, who must expend extra effort in establishing linguistic
uniformity in a text. This problem is further compounded for post-editing projects that utilize
multiple post-editors.

5. Key Findings
By carefully tracking the work of post-editors during this project, we were able to make four
concrete findings:


Post-editing resulted in a huge increase in translation productivity (200%)



The amount of time spent on post-editing a segment is, on average, directly
proportional to the quality of the MT



High quality MT results lead to relatively consistent post-editing quality



Poor quality MT leads to a high degree of inconsistency between post-editing
quality and a perfect human translation

6. Conclusion: What Does This Mean for Language Service Providers?
Most importantly, however, these results have allowed us to offer several recommendations for
localization service providers utilizing MT in the post-editing process.
First, post-editing projects must be carefully tracked in the CAT tool environment. By
asking post-editors to rank the quality of a segment – an activity that takes up only a fractional
interval of editing time, approximately 3% – much insight can be gained and then applied to
the final language editing process.
As many segments in post-editing will remain “unchanged” or just slightly changed –
that is, if the quality of the MT system is high – language editors who are alerted to the quality
of segments can safely accept these post-edits without expending any additional language
editing efforts. However, taking into account the great inconsistency in post-editing of “poor”
and “very poor” segments, language editors should expend extra effort on editing these
segments in order to ensure that they conform to the overall stylistic quality of the text.
Second, the results of the finding also illuminate the ways in which Dynamic Learning
can improve MT quality. MT results that are marked “near perfect” and “very good” produce
relatively high quality post-edits, therefore these post-edits can safely be used to dynamically
improve MT engines through the Dynamic Learning function. However, inconsistent postediting quality, as produced from “poor” quality MT can severely pollute the quality of a MT
system and should be removed from dynamic improvement to the MT engine.
Therefore, logging a post-editor’s quality assessment or editing time of MT suggestions
can also help improve the quality of engines with Dynamic Learning. LSPs and their MT
vendors should only allow post-edited segments of “near perfect” and “very good” quality to
be used to dynamically improve the underlying MT engine.
By carefully analyzing post-editing projects, MT providers and LSPs can learn how to
boost productivity in localization, save time and optimize resources in the language editing
process, as well as to leverage quality post-edits to improve MT engines through Dynamic
Learning. Only in this way will LSPs be enabled to meet the booming volumes of translation –
up to a 67% increase (Lommel, 2016) – that they can expect from enterprises in the next few
years.
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