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ABSTRACT  

Increased use of computer-assisted translation (CAT) technology in business settings with augmented 
amount of tasks, collaborative work and short deadlines give rise to errors and the need for quality 
assurance (QA). The research has three operational aims: a) methodological framework for QA analysis 
b) comparative evaluation of four QA tools c) to justify introduction of QA into CAT process. The research 
includes building of translation memory, terminology extraction and creation of terminology base. Error 
categorization is conducted by multidimensional quality (MQM) framework. The level of mistake is 
calculated considering detected, false and not detected errors. Weights are assigned to errors (minor, major 
or critical), penalties are calculated and quality estimation for translation memory is given. Results show 
that process is prone to errors due to differences in error detection, harmonization and error counting. 
Data analysis of detected errors lead to further data-driven decisions related to the quality of output results 
and improved efficacy of translation business process. 
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INTRODUCTION  

Use of computer-assisted translation (CAT) and machine translation technology is increasingly used in 
various business environments, such as in multilingual companies, societies, in industry, entertainment, and 
educational institutions or international events. Language service providers (LSPs) that offer translation 
services face competitive markets and digital transformation.  
 
Digital transformation of the translation process has introduced various changes related to the whole 
business translation process, such as the use of CAT and machine translation technology, new jobs, task 
distribution, collaborative work, creating and sharing of digital resources and education of employees. In 
this competitive business environment, the use of CAT technology, used separately or integrated with 
machine translation, has gained considerable importance.  

An increasing amount of work, short deadlines and collaboration in the same project give rise to an 
augmented number of errors in the translation process using CAT technology. Human verification of errors 
would be an extremely tedious, time-consuming and subjective task, inclined to errors. For this reason, the 
use of quality assurance (QA) tools helps to detect errors and possibly enable the categorization and 
counting of errors, can considerably contribute to the analysis of errors. Data analysis of error types could 
lead to further relevant decisions related to the translation business process, such as the building of language 
resources (e.g. lists of forbidden or preferred terms or list of abbreviations for translation), check of style 
formats depending on the language (e.g. number, currency and time formats), setup of QA tool profiles and 
creation of regular expressions detecting specific language errors, but also to the reorganization of business 
processes (e.g. introducing new jobs, such as language engineer and project manager, redistribution of tasks 
or segmentation of complex tasks).  

…… 
 
QA tools enable not only verification of target text, but also verification of the translation memories 
consisting of pairs of source and target segments, as well as compliance with client demands. Some QA 
tools can provide an additional asset, enabling language setup, control of content, control of layout, control 
of orthography and cultural formatting differences or check of terminology compliance with end-user 
demands. QA tools can provide significant help, but on the other hand, they differ regarding their setup 
characteristics, types of detected errors, ways of counting errors and integration possibilities. For this 
reason, the main goal of this research is to present the role of QA tools in error analysis, which can serve 
as a source for data analysis of errors performed in the CAT process and lead to future decisions. Existing 
researches of QA in CAT technology are mainly oriented to production level, concentrating on speed, 
analysis of error types, mistranslations, or post-editing, while researches related to QA of translation 
memory including source and target segments are scarce. As a translation memory represents the foundation 
for building high-quality resources used in CAT and machine translation technology, QA of translation 
memories directly affects the quality of the translated text.  
 
The general aim of this research is to present the role of QA tools and data analysis of errors performed in 
the CAT process. The paper has three aims: i) to present a methodological framework for quality estimation 
of the translation memory which represents the basis for CAT technology ii) to perform a comparative 
evaluation of four QA tools with the aim of the harmonization of error types iii) to justify the introduction 
of QA tools into the digitally transformed process of translation, supported by CAT technology. 
 
The research methodology consists of phases in a way that each activity gives output result, which serves 
as an input for the following phase. After the selection of four QA tools, the first phase includes the building 
of the translation memory, through the sentence alignment of the parallel English-Croatian text. In the 



second phase, the terminology base serves as a digital resource in the CAT process. This terminology base 
is created through the automatic terminology extraction process, followed by terminology selection. The 
final terminology base consisting of 100 terms serves as a control mechanism for the QA process. The third 
phase consists of the error categorization in order to perform the harmonization of different types of errors 
among the four selected QA tools.  For the error categorization, the multidimensional quality (MQM) 
framework. The fourth phase consists of calculation of the level of mistake, taking into account detected, 
false and not detected errors - the smaller the level of mistake, the better the quality. In the next phase, error 
grouping is performed, for the criteria of fluency and adequacy. For each error type, weights are assigned 
(minor, major or critical), and penalties for criteria of adequacy and fluency calculated. The final step gives 
the quality estimation of the translation memory. 
 
The paper organization is as follows: after the introduction part follows the section on related work. The 
research section presents the research methodology, tools and the process, including sentence alignment, 
creation of digital resources, the error categorization, assignment of error weights and the level of mistake 
analysis. Then results for each QA tool are given. The final section gives solutions and recommendations 
related to QA as an essential step of error analysis in the CAT process, affecting the quality of output results 
and the improved efficacy of the translation business process. At the end, suggestions for future research 
and a conclusion are given. 

RELATED WORK 

Quality Aspects 

The aspect of quality in the translation had numerous definitions (Lommel et al., 2013; Czopik, 2014). In 
the narrow traditional sense, the quality was derived from literary translations, assuming perfect quality and 
style, being oriented to target text concerning the source text. With software development and localization, 
the quality was perceived more in the business environment, through identification and quantification of 
errors. With the development of machine translation tools and applications, the aspect of quality evolved 
and introduced the idea of "good enough" and “usable." For evaluation of machine translation, both human 
and automatic metrics are used, aiming to evaluate the quality of machine-translated texts. Today, data-
driven decisions related to the quality are based on data analysis and make part of the whole Quality 
Management System (QMS). 
 
Stejskal (2006) indicated that QA in the translation process traditionally included the three Ps: provider, 
process, and product. Chiocchetti et al. (2017) stated that QA was mainly used for the analysis of workflow, 
product or staff, processes, or people as the key elements. Seljan (2018a) identified several levels of the 
QA process, as part of the quality management system (QMS): workflow level (with different activities 
involved), production level (the use of QA tools), staff level (team experts) and users’ aspects in a 
collaborative environment, software level and the output level.  
 
The use of CAT technology can increase the number of errors due to large projects, collaborative work of 
translators, several language pairs, creating and sharing of new resources and short deadlines. Humans can 
perform QA, but this method is highly inconsistent, subjective, time-consuming, and prone to errors, 
differing considering evaluators, tools and methodology. For this reason, the use of QA tools that would 
perform consistently, would present great help. According to Dynamic Quality Framework Report by Meer 
and Görög (2015), the translation quality could be performed by different types of experts, experiencing 
various challenges (lack of knowledge, choosing an adequate metric, or lack of transparent evaluation 
criteria), which was one more reason for the standardization. According to Austermühl (2007) and Snell-
Hornby (2006), various key drivers had an impact on the process of computer-assisted translation, including 
expectations in terms of quality, time and consistency, where quality has become a corporate issue. Muzii 



(2006) pointed out that the concept of quality was a relative concept that could take into account a set of 
expectations and users' requirements.   

 

Quality Evaluation in CAT Technology 

Existing researches on QA in the CAT process are mainly oriented to productivity and speed, to fuzzy 
matching techniques, to post-editing time or effort. Researches related to quality estimation through QA 
are mainly oriented to quality evaluation of the target text, while errors in the source text remain undetected.  
 
Researches of CAT technology mainly examined productivity (Brkić et al., 2009; Federico et al., 2012) 
measured through speed and post-editing effort. Yamada (2011) researched the impact of translation 
memory in different styles (free and literal) to the translator's productivity. Zhang (2016) explored the 
influence of CAT software on the efficiency of technical translation through speed, quality, the possibility 
of mistranslation, term consistency and style. Kučiš and Seljan (2014) explored whether CAT technology 
and resources contributed to the quality and consistency of translation through analysis at several levels: 
lexical errors, spelling and punctuation, and syntactic errors. Results of t-tests showed statistically 
significant differences at p<0.002 confirming that the use of computer-assisted translation tools and 
resources, such as bilingual corpora, multilingual terminology bases, improved the quality of translation at 
the lexical, orthographic and also syntactic and stylistic levels. Gural and Chemezov (2014) investigated 
the efficiency of QA tools by counting the number of errors for five QA tools.  
 
There were a few research types on QA analysis, such as in Makoushina (2007), who investigated eight 
translation QA tools from the practitioners' viewpoint and working environment or by Makoushina & 
Kockaert (2008) who classified QA tasks. Bogaert (2008) explored how terminology management affected 
translation and QA of translation. Kockaert et al. (2008) highlighted the need for effective translation where 
QA tools could guarantee consistency, transparency and impartiality at all levels, including punctuation, 
terminology, language register, and style. Seljan and Katalinić (2017) pointed out the importance of QA in 
a localization process, paying attention to tools and resources, processes, project management, and quality 
assessment, achieved through several methods and storage structures. Vázquez et al. (2013) investigated 
the post-editing effort from a statistical machine translation system and the translation memory, considering 
the amount of time, keystroke movements, and the resulting quality of translations. 

Quality Evaluation in Machine Translation  

Machine translation technology has become widely accessible, but the output quality was not always 
satisfactory, especially for less-resourced languages. Machine translation output can be used for a range of 
purposes, such as quick access to necessary information, for browsing or cross-lingual information retrieval, 
for individual use or in a business setting. Quality evaluation in machine translation generally falls into two 
main groups: human evaluation and automatic evaluation. Human evaluation is considered the “gold 
standard," but it is a long-term, subjective and laborious task. The most frequent criteria for the human 
evaluation of machine translation are adequacy and fluency, introduced by the Linguistic Data Consortium 
(2005). Adequacy denotes how well a target translation is translated in terms of meaning, while fluency 
denotes the quality in terms of style. Adequacy represents the degree to which the translation communicates 
information present in the original text and how much it preserves the meaning, whereas fluency refers to 
the degree to which the translation is well-formed, i.e. fluent according to the linguistic standards of the 
target language. 
 
On the other hand, automatic metrics are low-cost, quick and consistent (always giving the same results for 
repeated usage), but also specific to machine translation system properties, as described in Koehn (2010). 
The main principle for the automatic metrics is the correlation with human evaluation. Various automatic 
metrics perform the quality evaluation in a fast and consistent manner, such as BiLingual Evaluation 



Understudy (BLEU) as in (Papineni et al., 2002; Coughlin, 2003), NIST by Doddington (2002), METEOR 
by Denkowski and Lavie (2011), GTM (F-measure), Word Error Rate (WER), Position-independent Error 
Rate (PER), Translation Edit Rate (TER), etc. The metrics differ in the way they measure similarity, while 
PER, TER and WER are distance error metrics. However, a hypothesis translation that is closer to a 
reference translation is considered better by all of the metrics.  
 
Researches on the use of machine translation in business cases (Aiken & Ghosh, 2009) explored the use of 
machine translation in multilingual business meetings linked to the Google Translate service for instant 
messaging. Seljan and Dunđer (2014) researched the use of combined automatic speech recognition and 
machine translation in the domain of business correspondence. The research included results of the human 
evaluation and automatic metrics (WER and PER). In the research presented by Dunđer et al. (2020) the 
authors conducted an automatic evaluation of machine-translated Croatian-German and German-Croatian 
datasets, using BLEU, METEOR, RIBES and CharacTER metrics to evaluate machine translation at the 
corpus level for two online tools, showing deficiencies concerning dataset type and size and domain 
coverage. 
 
Another aspect of measuring machine translation output is human post-editing time, productivity or human 
ranking of machine translation systems (e.g. by ordering of machine translation outputs by their quality). 
Machine translation system ranking seemed to be an easier task to perform since it did not require specific 
skills (Zampieri & Vela, 2014; Guerberof, 2009). Brkić et al. (2011a) conducted machine translation system 
ranking for four tools, performed by automatic evaluation metrics (BLEU, NIST, F-measure) which were 
then correlated with human evaluation according to the criteria of fluency and adequacy, for two opposite 
language directions. Results showed that all metrics, as well as human evaluators, almost completely agreed 
on system ranking.  
 
Maney et al. (2012) measured how various translation variables, such as a deleted verb, adjective, noun, 
pronoun, modified preposition or specific word order, affected the comprehension of machine-translated 
text.  Some methods measured the effort needed to fix machine translation output and transformed it into 
the linguistically correct output. One of the metrics is WER, based on the Levenshtein distance 
(Levenshtein, 1966), counting a minimum number of insertions, deletions, and substitutions needed to 
convert the generated sentence (hypothesis) into the reference sentence. Another variant was the HTER 
(Human-targeted Translation Edit Rate) metric (Snover et al., 2006) which estimated translation post-
editing rate at the sentence level (Specia & Farzindar, 2010), i.e. the fewest modifications (edits) required 
so that the machine translation system output became relatively fluent.  

Digital Transformation and Datafication 

Industry 4.0 has introduced changes ….. 
 
Digital transformation in LSPs includes changes to task and distribution, process approach, education of 
employees and their engagement, data-based decision-making, customer focus, continuous improvement 
and innovations, and value-chain management. For this reason, the translation process is going through the 
reengineering process, introducing new tasks, types and distribution of jobs (language engineers, 
computational linguists, data analysts, project managers, and researchers), education and engagement of 
employees, data-driven decisions, and business process reorganization. Results in the study (Seljan, 2018b) 
showed that in micro and small translation companies, the lowest attention was given to data-based decision 
making, followed by leadership, systematic management and continuous improvement. Results showed the 
need for adaptation regarding the business organization, additional knowledge and types of jobs (language 
engineer, localization expert, data analyst, and PR manager).  

 



Data is a valuable source of information for decisions related to translation business process reorganization 
(e.g. introduction of new types of jobs, separation of complex tasks, process changes, more time for specific 
tasks). Data obtained by QA can give insight into specific weak points of the translation process using CAT 
tools. Therefore, errors detected by QA can represent valuable data for further business decisions. 
Quality assurance (QA) is often associated with the concept of quality control, as part of the quality 
management process. 
Quality control represents the essential step of the quality management process (Seljan 2018a, 2018b), 
usually performed at the end of the process, in order to detect committed errors. Quality control is mainly 
product-oriented and conducted after the completed process.  
On the other side, quality assurance (QA) is mainly performed before the beginning and during the process 
(Czopik, 2014; Seljan, 2018b), in order to prevent errors and to achieve the desired quality. QA might 
include various activities (e.g., planning, rules, procedures, templates for QA) useful for future similar types 
of projects.  
Further steps, such as quality verification and validation, from developer and customer points of view, 
include various activities to check whether requirements are satisfied and to evaluate the needs of customers 
in order to provide constant feedback.  

RESEARCH 

The research on quality assurance in the CAT process included the English-Croatian language pair in the 
business correspondence domain. Figure 1 presented the methodology used in the research process through 
actions and results.  
After the selection of QA tools and tool profiling, the following phase consisted of building the translation 
memory. Existing translations (English-Croatian texts) were used for the process of sentence alignment, 
enabling the building of translation memory (Seljan et al., 2007), revision, updating and use (Seljan & 
Pavuna, 2006). High-quality alignment represented the primary condition for further use of CAT tools 
(Brkić et al., 2011b), usually measured by precision, recall, and f-measure (Seljan et al., 2008; Seljan et al., 
2010).  
The created translation memory was a source for the further process of bilingual terminology extraction. 
After the automatic terminology extraction, 100 terms were selected and used to create the terminology 
base. This terminology base served as the control mechanism for checking compliant terminology.  
 
The next phase included the error categorization since different tools considered different types of errors. 
The multidimensional quality metric (MQM) served as the framework for the error categorization.  Each 
error type received a specific weight (minor, major or critical), and each error affected the criteria of fluency 
or the criteria of adequacy. Then penalties were calculated for both criteria of fluency and adequacy.  In the 
next phase, the level of mistake took into account detected, false and not detected errors. The final result 
was the quality estimation of the translation memory quality. The second part of the research gave 
descriptive and non-parametric statistics (Kruskal-Wallis and Mann-Whitney tests). 
 



 
 

Figure 1. Research Methodology 
Source: Authors’ work, 2020 

Methodology  

The research methodology consisted of several steps: the building of the translation memory and building 
the terminology base, the error categorization and assignment of error weights, calculation of the level of 
mistake, and quality estimation. 
The first part of the research consisted of the sentence alignment process of English and Croatian parallel 
texts. The result of the alignment process was newly created translation memory, which contained 2250 
translation units, i.e. parallel sentences from English and Croatian texts.  
The following step consisted of the automatic extraction of the terminology. The resource for automatic 
terminology extraction was the translation memory. As a result of automatic terminology extraction, the 
list of term candidates was obtained, which was then filtered out. 
Out of the suggested total number of 5500 automatically extracted terminology candidates, 100 terms were 
selected and used to create a terminology base for this research.   



The newly created terminology base, consisting of 100 selected terms, was integrated into the CAT process 
and served as a resource in the QA process. This terminology base was a resource for verifying terminology 
consistency or checking the use of forbidden terms. 
 
In QA analysis, four QA tools detected different types of errors and counted them in different ways. The 
multidimensional quality metric (MQM) served as a framework for the harmonization of error types and 
for the error categorization. The harmonization enabled the authors to set up the joint base of errors and to 
perform the comparable evaluation. 
Errors were classified according to the multidimensional quality metrics (MQM) framework, using the 
criteria of accuracy and fluency. For each error type weights were assigned: 

 minor,  

 major,  

 critical.  

In the next step, the level of mistake was calculated, according to Gural and Chemezov (2014) for each of 
the selected QA tools – the smaller the level of mistake, the better the translation quality. 

Penalties for the criteria of adequacy and fluency were calculated, as in Lommel et al. (2014), with the 
final aim to estimate the quality evaluation.  

Error Categorization 

For the error categorization, the multidimensional quality metric (MQM) framework served. MQM was a 
result of an EU-funded project “QTLaunchPad” (Multidimensional Quality Metrics (MQM) Issue Types 
(2015), created to offer a flexible framework helping to define categories for the assessment of the 
translation quality (Lommel, 2014).  
The Multidimensional Quality Metrics (MQM) Issue Types (2015) defines more than 100 categories, which 
are classified hierarchically and which enable the use of categories at different levels. As in this study, 
errors can be examined at the top level by categories of fluency and adequacy or at a more fine-grained 
level, including subcategories. MQM metric can be used at different levels of granularity to identify more 
or less specific issues. Errors can be selected and implemented according to various needs.  
 
At the top level, the MQM (2015) metric includes the following dimensions: 

 Accuracy – referring to the information transferred in the target language. It is affected by the 
following types of errors: omission, non-translation, mistranslation, false friends, addiction, 
improper exact translation memory match, over translation, etc. 

 Fluency – is related to the naturalness of expression in the target language. It is affected by errors 
such as agreement, word order, word forms, abbreviations, ambiguity, duplication, spelling, 
typography, etc.  

 Design – is related to layout and formatting, including issues such as graphics and tables, fonts, 
formatting, markup, hyphenation, and overall layout, such as margins, formatting, color, page 
breaks, headers and footers, etc. 

 Internationalization – includes the preparation of the source text for the localization, enabling the 
use of categories at different levels, including character support, embedded strings, language-
specific tools, the localization support from locale convention.  

 Locale convention – is associated with compliance with local conventions, such as formatting of 
time, currency, measures, telephone formats, etc. 

 Verity – is related to issues of appropriate communication of the content in the target language, 
including end-user suitability, local-specific content, culture-specific reference, etc. 



 Style – is closely related to fluency, but often treated separately, defined as "light style" or 
"engaging style," including the specific register, company style, or another specific style. 

 Terminology – covers the use of domain-specific or client-specific terminology, which is one of 
the major concerns. 

For Croatian as the target language, several types of research explored the use of MQM framework: for 
English/Russian-Croatian (Seljan & Dunđer, 2015a), for Croatian-German (Seljan et al., 2020), for different 
domains – e.g., sociological-philosophical-spiritual domain (Seljan & Dunđer, 2015b), legislation, 
technology, general – or combined with automatic speech recognition or with the summarization 
technology (Seljan et al., 2015) for five language pairs, showing problems with fluency, due to the 
characteristics of Croatian as a language with rich morphological system and relatively free word order. 
Meer and Görög (2015) present the report on Dynamic Quality Framework (DQF), where the quality is 
dynamic, depending on the type of text, audience, and content. The focus of this research is not on the 
dynamic quality framework (DQF), but on static standalone or integrated tools used in the CAT process. 
 

Tools 

In this step, for four selected QA tools,  language profiles were created. This research included standalone 
QA tools (Tool2, Tool3, Tool4), and one integrated tool  (Tool1), where the QA made an integral part of 
the CAT tool. Among the other three standalone tools, Tool4 had a free version. 

Tool Selection 

In the QA process, four different tools considered different types of errors (e.g. punctuation, way of writing 
numbers, compliance of terminology and translation memory, URL addresses) and counted them in 
different ways (e.g. one error type was counted as one error, or each time when appearing). Different types 
of tools took into account different types of errors (Le Ny, 2014; Makoushina, 2007; Škof, 2017) that asked 
for the harmonization in order to be comparable. After the error detection and the harmonization of error 
types among tools, each tool's efficacy was calculated based on the number of errors: 

 true errors detected by tools or confirmed errors, 

 false errors detected by tools, 

 not detected errors. 

Tool Profiles 

Different tools supported a different number of languages and mainly offered default profiles for supported 
languages. Such profiles included: 

 terminology check for consistent use of terminology and non-translatable for source-to-target, 
target-to-source or both, 

 warning for forbidden terms used,  

 segmenting length based on words, characters or both, 

 empty or identical segments,  

 auto-translatable, 

 formatting differences (bold, italic) and tags, 

 number format (decimal point or decimal comma, negative sign, digit grouping symbol, warning 
if the number is >10 000), number grouping, digit to text conversion, exclusion list for numbers 
or numeronyms, range sign and spacing, etc.), 



 punctuation differences (e.g. multiple spacing, end punctuation, brackets, quotations, special 
signs), 

 measurements, tags, quotes, and apostrophes, 

 letter case, orthography, 

 omissions,  

 URLs, etc. 

Apart from the exact set of profile properties, some tools allowed regular expressions and export/import 
options in a specific format, for example searching for the improper use of spaces around dashes in the 
target language.  
 
Some tools offered an additional option for auto-correction – suggested auto fix, which could be useful in 
correcting formatting errors, spelling errors, deleting unnecessary blanks or adding non-existing blanks 
(e.g. deleting a blank before a comma, and adding a blank after a comma or full stop, question or 
exclamation mark). Some tools offered false suggestions, depending on resources used for the target 
language (e.g. suggesting a correction for misspelled words). 
 
Untranslatables mainly related to brands (e.g. names of companies and brands), use of machines or devices 
(Memory Stick™, SD), or expressions that remained untranslated from the source text (e.g. Copy to disk). 
The client's specific list contained untranslatables, and all tools had the option to include a list of 
untranslatables. Similarly, the forbidden list, usually defined by a client, could also be included in QA tools 
for quality checking. 

Alignment and Terminology Extraction 

Translation memory was the output of the alignment process on the English-Croatian language pair in the 
business correspondence domain. After the automatic process of alignment, it was necessary to perform 
human verification to correct a few misaligned segments that occurred due to colon punctuation and 
hyphen, followed by lower letters. Verified exported translation memory contained 2250 aligned translation 
units. 
 
In the next step, the translation memory served as a source for automatic terminology extraction. The list 
of automatically created terminology candidates was refined by the language engineer expert, who created 
the final list of 100 selected terms. This list served as a resource for the research purpose of QA in the CAT 
process.  
From the previous researches performed by (Alhashmi, 2016; Chiocchetti et al., 2017; Seljan, 2018a), 
terminology evaluation and terminology management represented an imperative in the translation process, 
which was difficult to separate from the whole document production system. For the language-independent 
terminology extraction, the set up included defining of minimal and maximal lengths, delimiters, stop-
words, and minimal frequency, resulting in a high number of term candidates (Seljan et al., 2017) which 
were then filtered out.  
 
Out of a large number of automatically suggested term candidates, an expert selected 100 terms and used 
them to create the terminology base. This terminology base served as a control mechanism in the QA 
process to verify the terminological consistency and deviations. 

Error Categorization 

Different tools took into account different types of errors, which was handled through regular tool profiling 
and in the subsequent QA detection process. The harmonization among QA tools enabled the comparative 
analysis. 



 
The following types of errors which appeared in the source and the target languages of the translation 
memory were considered: 

 Orthography – in the source and target language; 

 Terminology – wrong terminology use, compared with terminology base obtained by extraction 
process (Eng. buying agent – Cro. correct: komisionar za kupnju, instead of komisionar za 
prodaju; Eng. sales – Cro. prodaja instead of kupovina);  

 Consistency of target text – conducted through consistency check in the target language, when the 
same segment had different translations (Eng. commission – Cro. provizija, zastupnik); 

 Consistency of source text – conducted through consistency check of the source text, when 
having a different segment in the source text translated by the same segment in the target text 
(Eng. agent, representative, deputy – Cro. zastupnik); 

 Capital letters – in segments of both languages (Eng. Yours faithfully – Cro. srdačno); 

 Double spaces – which appeared between words or signs in source and target languages; 

 Numbers – errors regarding inconsistent numbers between source and target language (Eng. 
12,543.600 – Cro. 12.543,600 or 12 543,600); 

 Dates – e.g. Eng. by March 1st 2010 – Cro. do 1. ožujka 2010.; 

 Punctuation errors – inconsistencies in end punctuation (e.g. four dots in Croatian, instead of 
three, Eng. to receive a monthly allowance of … – Cro. mjesečni paušal od … . ); 

 Quotation marks – e.g. Eng. Company “ABC” Cro. kompanija „ABC"); 

 Repeated words around signs or phrases (Eng. Firstly – Cro. Prvo naprije); 

 Spaces around signs – errors regarding incorrect use of spaces before or after signs (e.g. %, ©, °); 

 URL errors – in cases when URLs were translated, not correctly written, or missing URL (e.g. 
www.servoce.sap.com/pam – www.service.sap.com/pam; www.goto... – www.ići...). 

Level of Mistake 

Each QA tool counted all types of errors, where tmax represented a maximal number of errors for each error 
type. 
Level of mistake, as in Gural and Chemezov (2014), takes into account:  

 t – number of true errors found by a tool, 

 f – number of false errors, 

 d – total number of all found errors (true and false), where (d = t + f), 

 n – number of errors not found by the tool, (n = tmax - t),  

and was calculated as in (1) and (2). 

𝐿𝑀 =
∗

                                                                                (1) 

 

𝑒 = 𝑓 + 𝑛                                                                                (2) 

Based on the level of mistake for each tool, the translation quality was calculated. 



In the research, four tools were analyzed in terms of error types. The second tool, closely followed by the 
third tool, achieved the best score and made the smallest mistake. The level of mistake was calculated for 
each tool: 
 
level of mistake (Tool1) = 76.2% 
level of mistake (Tool2) = 55.85% 
level of mistake (Tool3) = 59.33% 
level of mistake (Tool4) = 86.62% 

Assigning Weights to Errors 

In the next step, each error received an assigned weight, as in Yang et al. (2017):  
 minor errors (weight 1) – including errors not affecting the content, such as blanks, 

 major errors (weight 5) – including errors that affected the content, but did not understanding, 
such as orthography, spelling, 

 critical errors (weight 10) – including errors that affected the meaning, such as omissions, 
untranslatables, specific grammatical errors, etc. 

Each error with its assigned weight affected the criteria of Accuracy or Fluency: 
 Accuracy: 

o Terminology – error weight: 10 
o Numbers – error weight: 10 
o Repeated words – error weight: 5 
o URL errors – error weight: 10 

 Fluency: 
o Orthography – error weight: 5 
o Consistency of target text – error weight: 5 
o Consistency of source text – error weight: 5 
o Capital letter – error weight: 1 
o Double spacing – error weight: 1  
o Punctuation – error weight: 5 
o Quotation marks – error weight: 1 
o Spaces around signs – error weight: 1 

 
The calculation of the translation quality estimation was as in Lommel et al. (2013): 
 

𝑇𝑄 = 100 − AP − (FPT −  FPS) − (VPT −  VPS)                                   (3) 

where: 

 TQ - translation quality (overall rating of quality), 

 AP – accuracy penalty (sum of all penalties assigned to accuracy),  

 FPT - fluency penalty for the target language (sum of all penalties assigned to fluency for the 
target language),  

 FPS - fluency penalty for the source language (sum of all penalties assigned to fluency for the 
source language; if the source not assessed then FPS=0) 

 VPT - verity penalty for the target language (sum of all penalties assigned to verity for the target 
language),  



 VPS - verity penalty for the source language (sum of all penalties assigned to verity for the source 
language; if the source not assessed, then VPS=0). 

 

The penalty was calculated for all error types, as in Lommel et al. (2013): 

P =  (Err_minor +  Err_major ∙  5 +  Err_critical ∙  10) / WordCount                         (4) 

where: 

 P - penalty, 

 Err_minor - minor errors, 

 Err _major - major errors, 

 Err _critical - critical errors, 

 WordCount - total number of words (here target language words). 

 

Calculations for adequacy penalty (AP) and fluency penalty (FP) gave the following results:  

AP = 2.24 

FP = 4.65 

The final translation quality: 

TQ = 100-AP-FP 

TQ = 100-2.24-4.65 

TQ = 93.11 

Translated quality was affected by the total number of words of the target language (WordCount), a total 
number of true errors (tmax), and assigned weights. Errors which were not essential for understanding 
(weight 0) were also corrected, because of transmission into future projects. 

RESULTS 

Table 1 presented descriptive statistics on the total number of errors. The number of errors differed among 
tools as the tools counted errors in different ways. The total number of errors included errors in all 
categories: true errors with categories of orthography, terminology, capital letters, spaces, then false errors 
and errors not detected by the tool.   
 
Several errors in the category of Orthography were directly related to spell-check, which was part of another 
tool (MS Word or Hunspell), or to additional options that were different among tools (such as writing in 
capital letters or combination, letters, and digits). Tool2 had the option to add the word into the dictionary, 
meaning that it would not appear as an error any more.  
The error category Terminology was related to the created terminology base, which served as a control 
mechanism for checking compliant extracted terminology with the translation memory. Terminology 
consistency has considerable importance in the specific domain translations, here in business 
communication. In this paper, terminology evaluation considered terminology inconsistencies between the 
translation memory and the created terminology base. Although these texts did not contain the large 
terminology pool, all tools that had the option for terminology check detected terminology inconsistencies. 
 



Tool1, Tool2 and Tool3 had options of additional formatting compatible with the target language. In 
Croatian, for decimal numbers, comma sign was used (0,25), and numbers higher than 10 000 separated by 
a blank character (full stop also permitted, but comma not allowed). Detected errors in this process included 
the wrong way of writing numbers. Tool2 and Tool3 had different punctuation options. Errors of 
punctuation represented the majority of the counting task (three dots in Croatian ritten next to the word 
followed by a blank). 
 
Apart from the harmonization problems, QA tools counted errors in different ways. For the calculation of 
the level of mistake (LM), it was necessary to harmonize the number of detected true errors among tools 
(t), which were taken at the segment level, meaning that the error of the opening and closing quotation mark 
was one error and not two errors. The same segment could have more errors of different types, which 
counted additionally. 
 
Errors were counted at the segment level, meaning that quotation errors at the beginning and the end of one 
segment was  one error (and not as two errors), while errors in orthography were all counted several times. 
Tool1 and Tool4 did not offer an option for counting of ignored errors. In practice, it appeared that several 
false errors were higher than several true errors, which was the reason for the high level of mistake. False 
errors often include numbers (e.g. in source text written in letters and target text written in numbers, or false 
error in writing ordinal numbers 10th and 10.), punctuation (abbreviation Mr. and “gospodin” – in Croatian 
“mister" without full stop), different formats in abbreviations or terminology. 
 
Table 1. Descriptive Statistics - Total Errors 

 Total_errors 

 Tool1 Tool2 Tool3 Tool4 

Valid  12 12 12 12 

Missing  0 0 0 0 

Mean  157.417 97.667 86.750 70.167 

Median  35.500 45.000 32.000 13.500 

Range  888.000 252.000 478.000 434.000 

Minimum  0.000 2.000 0.000 0.000 

Maximum  888.000 254.000 478.000 434.000 

Sum  1889.000 1172.000 1041.000 842.000 

Source: Authors’ work, 2020 

 
Figure 2 presented the total number of true errors and errors not found by the tool, and Figure 3 presented 
boxplot for true errors. The most of true errors were found by Tool2 (517), closely followed by two similar 
results, achieved by Tool1 (469) and Tool3 (456), whereas the Tool4 achieved the lowest score (162). Level 
of mistake results showed that the Tool2 obtained the best sore, with the lowest level of mistake (55.85%), 
followed by the Tool3 (59.33%).  



Tool2 had the lowest number of not found errors (15), and it was the only tool that detected each type of 
error, although URLs were not properly detected. Regarding the number of errors not found by the tool, the 
Tool4 did not detect the most errors (370).  
 

 

Figure 2. Errors per Tool 
Source: Authors’ work, 2020 

 

 

Figure 3. Boxplot for True Errors 
Source: Authors’ work, 2020 

Although the tools gave different results of errors, a Kruskal-Wallis test showed that there was no 
statistically significant difference among the four QA tools at the level of significance α=0.05, regarding 
the total number of true errors. 
According to the results of not found errors, each of two created categories contained two tools (category 
1 – Tool1 and Tool2 and category 2 – Tool3 and Tool4). A Mann-Whitney test showed a statistically 
significant difference at the level of significance α=0.05 between the two groups of QA tools concerning 
the number of not found errors (p-value=0.043, p<0.05). 



 
The final quality estimation for translation memory was 93.11%. Although some errors were not critical 
for understanding, it was necessary to fix them for future projects, as that translation memory could make 
an integral part of future projects. By correcting errors, the quality of the final product (translation) raised. 
Human correction of all errors (tmax=532) would be a long and tedious task and hard to accomplish. QA 
tools differed regarding setup characteristics, types of detected errors, ways of counting them and 
integration possibilities, but offered advantages of time, specific error detection and non-subjectivity, 
although pointed to the need for the harmonization of error types. 

 

SOLUTIONS AND RECOMMENDATIONS 

Besides indicated types of data used for the analysis, the suggestion is to keep track of other data, such as 
data related to time used for translation, time used for revision, number of revisions, post-editing effort, 
number of translators included in the task, consistency among translators, and their preferences related to 
the domain of translation. The use of QA tools that enabled the selection of specific error categories, chosen 
from the pool of standard error types, was a valuable source of information as they enabled data evaluation 
of error types during the CAT process.  
The main limitation of this research is the use of only selected versions of QA tools. As new solutions 
develop, such as the Dynamic Quality Framework (DQF) integrating the MQM framework, further research 
would focus on investigating the use of QA tools integrating the DQF framework. The research would 
include analysis of time, post-editing effort and understanding of audience expectations (Czopik, 2014).  

FUTURE RESEARCH DIRECTIONS 

The use of CAT technology has become part of business processes in numerous agencies and institutions 
that provide various translation services. Due to the digital transformation of the translation process, 
including collaborative work, changes in the translation process (number of translators, task distribution), 
short deadlines and augmented amount of work, there is augmented risk of the high number of errors 
appearing during the CAT process.  
For this reason, QA has become a necessary part of the CAT process. The use of QA tools enables data 
analysis of different types of errors, and thus can lead to relevant decisions related to the translation business 
process. Analysis of indicated QA errors enables future improvements related to QA task distribution (e.g. 
previous check of number formats, language style formats), the building of additional language resources 
(e.g. a list of forbidden terms, list of preferred terms) or check of untranslatables (URLs, brand names, 
specific expressions). Correction of various types of errors performed by humans would be a tedious and 
long-term task, prone to errors. Therefore, the use of QA tools is a necessary step to obtain data valuable 
for future decisions.  

CONCLUSION  

This paper presented a methodological framework for the quality estimation of translation memory in 
computer-assisted translation (CAT), using four selected QA tools. For the harmonization of error types, 
the MQM framework served, after which the error weight followed, calculation of penalties for accuracy 
and fluency, calculation of the level of mistake and the final quality estimation.  Benchmarking of the 
quality estimation has moved from the traditional way to the data-based solutions in a business 
environment, as part of quality management systems (QMS).  
 
The first aim of the research was to present a methodological framework for the quality estimation of the 
translation memory, which represented the basis for CAT technology. The research offered a framework 
for the quality estimation of the translation memory, which turned out to be complicated, prone to errors 
due to differences in performance, error detection, the error categorization, the error correction, and 



counting. The error counting and weight assignment affected penalty scores and the final score of quality 
estimation.  
 
The second aim was to perform a comparative evaluation of four QA tools to harmonize error types. An 
analysis of four QA tools showed there was a need for harmonizing error types to conduct a thorough 
comparative evaluation. Existing QA tools enabled detection of errors but performed according to different 
principles. Interface and intuitiveness for some of the tools were not at the highest level, as well as additional 
options for defining profiles, auto-correction, and orthography check. Results showed that the tools detected 
various types of errors, however not in a harmonized approach. 
Although all tools offered different options of error types, they allowed the option of ignoring detected 
errors. Different tools counted errors in different ways: some tools counted the same error twice, for 
example when finding wrong quotation marks, while others counted them once. The terminology base 
served as a control mechanism in the QA process and enabled the use of terminology compliant with end-
user demands. Terminology QA looked at compliant, forbidden or inconsistent terminology in the 
translation memory. QA tools should detect these types of errors and prevent errors in the translation 
memory and in the final translation output.  However, results showed differences in the detection of 
terminology errors and orthography among tools. The investigated standalone tools (Tool2, Tool3 and 
Tool4) were more oriented to quality assurance, and supported various options for setting up the language 
profiles, whereas Tool1 was an integrated commercial tool, but dating from previous versions. 
 
The third aim of this paper was to justify the introduction of integrated QA tools into the digitally 
transformed translation process, supported by CAT technology. The high number of errors could affect the 
quality of the output result (here translation), especially important in specific domains, as when dealing 
with business contracts, legal documentation, public information or e-government documentation, medical 
guides and manuals or publicity materials in marketing campaigns. Besides the quality issue of the product 
(here translation), the error analysis can affect the translation business process concerning its processes, 
organization, job specialization and task distribution.  
 
As presented, QA at the end of the translation process is a complicated, uneven, prone-to-errors, and time-
consuming process that required additional time and engineering knowledge for specific tasks. QA 
represented an essential step in error analysis, leading do data-driven decisions. This research supported the 
assumption of QA integration into the digitally transformed process of translation, supported by CAT 
technology.  
 
Errors detected by the QA process, point to specific weak points of the digitally transformed translation 
process. Corrections of detected errors are essential for future projects and the direct output - for the 
translation. Data analysis of detected errors can lead to further data-driven decisions affecting the CAT 
process, such as changes in the organization, process, time scheduling, job distribution, use of ICT tools or 
education requirements. 

Translation quality assurance plays a crucial role in the translation business, connecting engineering 
knowledge, language and terminology, data analysis and statistics, management and marketing. Digital 
transformation of the translation process does not refer only to the platform including tools and resources. 
However, it encompasses changes in processes and people, values and innovations, leading to multilingual 
information management and a new type of Translation Industry, as part of the Industry 4.0. 
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KEY TERMS AND DEFINITIONS 
 
Alignment: The process of creating segment pairs in source and target languages used to create 
translation memory as a fundamental resource for computer-assisted translation and machine 
translation. 
 
Computer-Assisted Translation (CAT): Implementation of interactive computer software in the 
translation process, which enables retrieving of already existing similar sentences from the 
translation memory when translating the new document. It includes the use of translation memory, 
terminology base and alignment modules, but can become integrated translation software. 
 
Error type: Refers to various types of errors (here in machine translation/computer-assisted 
translation process), basically according to the MQM framework. 
 
Integrated Translation Software: Assumes computer software that integrates computer-assisted 
translation, terminology base and machine translation, possibly with other technologies, such as 
speech technology, optical character recognition (OCR), summarization, etc. 
 
Machine Translation: Use of computer software/programs when translating from one natural 
language into another, performed by automatic machine translation or by integrated machine 
translation, which can include various technologies (e.g. automatic machine translation integrated 
with speech technologies, computer-assisted translation, optical character recognition (OCR), etc.) 
 
Multidimensional Quality Metric (MQM) framework: Provides a list of over 100 error types, 
classified into main categories (adequacy, fluency, verity, terminology, locale convention, design, 
internationalization) and subsequent subcategories, to harmonize error types.  
 
Translation Memory: This is a textual database containing parallel segments (sentences, clauses, 
phrases, terminology, numbers) in source and target languages. Translation memory is the basis 
for building resources in computer-assisted translation tools and for building machine translation 
systems. 
 
Quality Assurance (QA): The process which identifies differences in translation between two 
languages, which can be differences in terminology, use of forbidden terms, layout differences, 
cultural differences (writing numbers, time, currency), signs, names, segments which are not 
translated (URL addresses), names, etc. in order to provide the high-quality translation. 
 


