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Abstract  

Governments have the potential to improve the civic inclusion of people with intellectual 

disabilities living in multilingual societies by providing administrative documents in an Easy-to-

Read format and in the preferred language of the target audience. However, in the case of 

Switzerland and France, Easy-to-Read is not widely used for French administrative 

communication, and even less so for English. This study aims to address the obstacles that could 

be keeping the Swiss and French administrations from publishing more translated Easy-to-Read 

documents, or in other words, the barriers to successful accessible communication with their 

English-speaking citizens with disabilities. To this end, it investigates the suitability of a free and 

public neural machine translation system, DeepL, for generating linguistically accessible English 

from Easy-to-Read French source texts. With the goal of increasing the linguistic accessibility of 

the texts produced by the system, it proposes the introduction of a pre-editing step, in which 

formatting is removed from the French text prior to translation. A four-part study examined the 

issue from three different angles of linguistic accessibility: translation quality, accessibility, and 

readability. In the first three parts of the study, translation quality and accessibility were manually 

assessed by way of DQF-MQM error annotation, measurements of post-editing effort, and Easy-

to-Read guideline violation annotation. The fourth part featured an automatic evaluation of 

readability. Findings allow us to conclude that adding a pre-editing step, which clarifies sentence 

boundaries for the machine, does in fact improve two of the three factors of linguistic accessibility 

examined, translation quality and accessibility, and make this type of tool more suitable for 

producing Easy-to-Read English translations. 

Keywords: neural machine translation; controlled language; Easy-to-Read; accessibility; accessible 

communication  
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Chapter 1: Introduction 
1.1 Motivation 

In a study on administrative communication, Felici and Griebel (2019, p. 168) VXggeVW WhaW ´Rne 

of the main administration duties is to serve citizens and to speak their language; therefore, 

infRUmaWiRn acceVVibiliW\ VhRXld alZa\V be a SUiRUiW\ Zhen iW iV nRW a SXblic dXW\.µ The Oxford 

English Dictionary offers two distincW bXW UelaWed definiWiRnV Rf ́ langXageµ (´langXage, n.,µ 2008): 

1.a .  The system of spoken or written communicat ion used by a particular 
country, people, community, etc.  

2 .a .  The form of words in which something is communicated; manner or style 
of expression.  

When Felici and Griebel (2019) put forward the assertion that a government has an obligation to 

speak the language of its citizens, they engage both definitions. They focus not only on the role of 

interlingual translation in a multilingual society, translation between different natural languages, 

but also on the role of intralingual translation, how the language surrounding complex topics can 

be brought to a level that average citizens can understand and utilize ² plain language. However, 

that idea can and should be taken a step further if a government is to truly serve its citizens. Just 

as not all people in a society have the same knowledge of legislation, people in the same society 

also have a range of different reading and communication abilities. Even in plain language, what 

one person considers a straightforward text could present major comprehension difficulties to 

another, for instance someone with an intellectual disability (ID). So, how can administrative texts 

be translated into a language that reaches the most diverse readership of citizens possible? One 

possibility is another controlled language (CL), Easy-to-Read (E2R), which is designed to be just 

that: easy to understand by as many people as possible, including those with particular reading and 

processing difficulties. 

HiVWRUicall\, aXWhRUV haYe emSlR\ed Whe WeUmV ´We[WXal acceVVibiliW\µ RU ´We[W acceVVibiliW\µ WR Walk 

about inclusivity via simplified language (Drndarevic et al., 2012; Hassell, 2018; Rodríguez 

Vázquez, 2013, 2016), but in order to explicitly include the dual definition of language we will use 

Whe WeUm ́ lingXiVWic acceVVibiliW\.µ The fiUVW cRmSRnenW Rf lingXiVWic acceVVibiliW\, fXUWheU deYelRped 

in Chapter 3, can be mapped to OED definition (1.a.). Without this, the other factors of linguistic 

accessibility, which deal with the second definition ² lexical, syntactic, and structural aspects of 

language, or form ² do not matter. Consider a French text that is written using the simplest version 
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of the language possible. If a reader has no knowledge of French, the text is still not accessible. 

Linguistic accessibility should be prioritized in order for an administration to effectively deliver 

information in a way that is inclusive of all of those whom it governs ² not just those who speak 

Whe cRXnWU\·V Rfficial langXage flXenWl\, and nRW jXVW WhRVe ZhR haYe ZhaW cRXld be cRnVideUed 

´averageµ Ueading and cRmmXnicaWiRn VW\leV and abiliWieV. Nearly every country in the world still 

has a long way to go if that is to be achieved. We focus our investigation on two countries in 

particular: Switzerland and France. 

First, let us examine linguistic accessibility with regard to definition (1.a.). Information published 

by the Swiss government is generally provided in three of the four official languages: French, 

German, and Italian. Yet in 2018, English was the primary language of 6.6% (471,056 speakers) of 

the population in Switzerland, spoken by nearly as many residents as Italian (593,646 speakers) 

and roughly 13 times more residents than the fourth official language, Romansh (36,709 speakers) 

(Office fédérale de la statistique, 2020). In 2017, according to statistics published by the Institut 

National de la Statistique et des Études Économiques (INSEE), roughly 225,000 immigrants from 

primarily English-speaking countries were living in France (2020). FUance iV alVR Whe ZRUld·V WRS 

tourist destination, welcoming many English-speaking visitors each year (United Nations World 

Tourism Organization, 2020). The UeVeaUcheU·V SeUVRnal e[SeUience liYing in SZiW]eUland and 

France revealed that despite prevalent and growing Anglophone populations, few administrative 

documents are made available in the English language. Professional translation can be costly, and 

governmental organizations do not always have room in their budgets to justify ordering 

translations for non-official languages. Consequently, free, online neural machine translation tools 

like Google Translate and DeepL are starting to play an increasingly important role in a foreign 

UeVidenW·V inclusion in the civic life of their host country. Machine translation has made enormous 

strides of progress since its inception in the 1940s, and the newest generation, which makes use of 

neural networks and deep learning, is often able to produce results that are of good enough quality 

to be of use to average readers for informational purposes. 

But VRmeWimeV ´gRRd enRXghµ iV nRW gRRd enRXgh fRU all. With respect to our second definition, 

(2.a.), Article 21 of the United Nations Convention on the Rights of Persons with Disabilities, 

UaWified in FUance in 2010 and in SZiW]eUland in 2014, enVXUeV acceVV WR infRUmaWiRn fRU all ́ WhURXgh 

Whe fRUm Rf cRmmXnicaWiRn Rf WheiU chRice,µ Zhich inclXdeV VimSlified langXage. DeVSiWe VXch 

legislation, individuals with disabilities are still often marginalized and numerous barriers to their 

full participation in society still exist, even in developed countries such as Switzerland and France 

(World Health Organization & World Bank Group, 2011). Felici and Griebel (2019) investigated 
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the extent to which plain language guidelines are respected in Swiss administrative texts in three 

of the four official languages in Switzerland and the role that human translation may or may not 

play in accessible communication in multilingual countries and contexts. They found that although 

plain language is said to be a priority in institutional communication, in practice, Swiss insurance 

leaflets feature far from optimal readability. And Easy-to-Read, though it has the potential to 

provide value to more citizens, is even less widespread than plain language. Whether real or 

perceived, the obstacles to producing E2R, which include money, time, awareness, and training, 

mean that few Swiss and French government publications are provided in Easy-to-Read, and those 

that are, are almost never translated into English. 

In light of these facts, we will investigate the suitability of DeepL, a neural machine translation 

(NMT) system as a tool for generating linguistically accessible English versions of French Easy-

to-Read texts. If it requires fewer resources for public and private organizations, associations, and 

companies to produce Easy-to-Read materials, it is reasonable to expect that more information 

would be made available in this accessible format. We therefore anticipate that English-speaking 

adults with intellectual disabilities living in these two countries, and others that produce 

information primarily in French but have large English-speaking populations, could benefit from 

the research carried out for this thesis. With this study, we will shed light on some of the challenges 

that arise from using free and public NMT technology to translate administrative documents 

published in an Easy-to-Read format from French into English. We also aim to examine one 

potential solution to these challenges, introducing a specific pre-editing step into the translation 

workflow, with the ultimate goal of improving barrier-free communication and inclusion for adults 

with intellectual disabilities. 

1.2 Research context 

With a few notable exceptions, there is generally a dearth of research combining controlled 

language (see Chapter 2), machine translation (see Chapter 2), and the different factors that make up 

linguistic accessibility (translation quality, readability, and accessibility; see Chapter 3). The machine 

translatability of controlled language using machine learning technology has been explored in 

healthcare (Rossetti, 2019) and technical communication (Marzouk and Hansen-Schirra, 2019) 

contexts, but never with a focus on accessibility for readers with disabilities, tR Whe UeVeaUcheU·V 

knowledge. Research on automatic text simplification using neural networks has also proliferated 

in recent years (Chen et al., 2017; T. Wang et al., 2016). The SIMPLES (Simplification des Textes 

Écrites) project addresses the issue of accessibility-driven E2R text production using machine 
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learning technology as well, proposing an automatic text summarization tool and an authoring tool 

for Français facile à lire et à comprendre (FALC), the French version of Easy-to-Read (Jacquet & 

Poitrenaud, 2019; Chehab et al., 2019). However, even these closely related studies do not address 

the multilingual component that we are interested in. 

The observation of this research gap prompted Kaplan, Rodríguez Vázquez, and Bouillon (2019) 

to begin delving into the topic with their exploratory study on NMT of Easy-to-Read, which is 

expanded upon in Section 3.5.2. Their ZRUk, in addiWiRn WR Whe UeVeaUcheU·V SeUVRnal family 

connection to and interest in the rights and inclusion of people with disabilities, was a direct 

inspiration to this thesis. In summary, the exploratory study compared English output from three 

different machine translation systems for: translation quality, measured using a manual translation 

error typology; accessibility, measured manually based on the Inclusion Europe E2R guidelines; 

and readability, measured automatically via the indices calculated by the Coh-Metrix tool. DeepL, 

a generic neural machine translation system, greatly outperformed its challengers, Google 

Translate and Yandex.Translate, but nevertheless produced some curious errors, including highly 

ungrammatical constructions. It is known from previous studies that NMT technology tends to 

score high in fluency ratings, meaning that it is unlikely to make such grammatical mistakes 

(Castilho et al., 2017; Neubig et al., 2015). Upon closer examination of the results of the 

exploratory study and of the Information for All standards published by Inclusion Europe, one E2R 

guideline in particular stood out as the possible culprit of a number of unusual phenomena in the 

target translations (2009, p. 17): 

19. Keep your sentences short.  

Where possible, 1 sentence should fit on 1 line. You could do this by  

x writing only 1 idea per sentence  

x using a full stop before starting a new idea, instead of using a comma 
RU an ´andµ.  

If you have to write 1 sentence on 2 lines, cut the sentence where 
people would pause when reading out loud.  

Indeed, translation errors and E2R violations in source sentences that had been split onto multiple 

lines manually with either a soft (↵) or hard return (⁋), in compliance with that guideline, were often 

varied and unpredictable. This discovery prompted us to narrow our focus, leading to the research 

goals and questions laid out in the following section. 
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1.3 Research goals, questions, and hypotheses 

The main goal of this study is to continue the investigation into whether a free and public NMT 

system could be a worthwhile tool for generating linguistically accessible English translations from 

French source texts. We do so by targeting the sentences that are impacted by the line break 

guideline described in Section 1.2 and exploring the effects of a pre-editing step on their quality, 

accessibility, and readability. 

A four-step empirical process, outlined in Section 1.4, was designed in an attempt to answer three 

research questions: 

Research Question (RQ) 1: How does the removal of line breaks from Easy-to-Read French-

language administrative documents during the pre-editing process influence the translation quality of 

English output produced by a generic NMT system? 

This question aims to evaluate how well DeepL handles French-to-English translation with and 

without the peculiar E2R formatting challenge of line breaks. Predictions about the impact of pre-

editing on translation quality were made and formulated as one general hypothesis statement and 

four more granular hypotheses: 

Hypothesis 1.0: Removing forced line breaks from French Easy-to-Read texts will improve the 

quality of English NMT output. 

Hypothesis 1.1: The segments that were pre-edited to remove manual line breaks prior to 

translation with DeepL NMT will contain fewer translation errors than the segments that 

contain manual line breaks. 

Hypothesis 1.2: The segments that were pre-edited to remove manual line breaks prior to 

translation with DeepL NMT will contain less serious translation errors than the 

segments that contain manual line breaks. 

Hypothesis 1.3: Fluency and style will be the two categories most positively affected by this 

pre-editing process. 

Hypothesis 1.4: The segments that were pre-edited (i.e. manual line breaks were removed) 

prior to translation will require less post-editing effort to achieve publishable quality than 

the segments that were not pre-edited, and that therefore contained manual line breaks, when 

translated with DeepL NMT. 
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These hypotheses were tested in Steps 1 (H1.1-3; Section 4.3.1.1.1) and 2 (H1.4; Section 4.3.1.1.2) of 

the study. 

The second question we were interested in exploring relates to how accessible translated texts are 

for readers with ID, or in other words, to what degree they are E2R compliant. 

Research Question (RQ) 2: How does the removal of line breaks from Easy-to-Read French-

language administrative documents during the pre-editing process influence the accessibility of English 

output produced by a generic NMT system? 

Hypothesis 2.0: Removing forced line breaks before performing NMT with DeepL will improve 

text accessibility. 

Hypothesis 2.1: The segments that were pre-edited to remove manual line breaks prior to 

translation with DeepL NMT will contain fewer violations of E2R guidelines than the 

segments that contain manual line breaks. 

Step 3 (Section 4.3.1.2.1) aims to test H2.0 and H2.1. 

Finally, our third research question and corresponding hypothesis statement (H3.0) deals with 

readability, measured quantitatively in Step 4 (Section 4.3.2.1). 

Research Question (RQ) 3: How does the removal of line breaks from Easy-to-Read French-

language administrative documents during the pre-editing process influence the readability of English 

output produced by a generic NMT system? 

Hypothesis 3.0: Removing forced line breaks before NMT will improve readability. 

1.4 Materials and methods 

Since no Easy-to-Read corpora that would fit the needs of our study existed at the time of writing, 

a corpus of 41 French-language Easy-to-Read documents was assembled. Continuing on the same 

WUajecWRU\ aV KaSlan eW al.·V (2019) e[SlRUaWRU\ VWXd\, and becaXVe Rf Whe imSRUWance Rf cleaU and 

accessible administrative documents for civic inclusion highlighted by Felici and Griebel (2019), 

all of the texts selected were published by or in collaboration with Swiss and French federal 

agencies and relate to the rights and inclusion of adults with disabilities in their community. 
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We analyzed the effect of pre-editing on NMT output of these documents, with a particular focus 

on the line break guideline Rf InclXViRn EXURSe·V Information for All standards. DeepL Translator, 

a free and public online neural machine translation tool, was selected to translate the corpus from 

French to English, because findings from the aforementioned exploratory study show that this 

tool produced the best results in terms of number of translation errors and Easy-to-Read guideline 

violations (Kaplan et al., 2019). Each sentence in the corpus containing one or more line breaks 

was translated twice: once with the E2R line formatting intact and once with line breaks removed. 

Then, three manual analyses were performed on the resulting translations. One relied on the DQF-

MQM error typology model to measure translation quality. A second, which invited a small group 

of translators to participate in a post-editing task, allowed us to evaluate translation quality from 

anRWheU SeUVSecWiYe. A WhiUd XVed InclXViRn EXURSe·V VeW Rf gXidelineV WR idenWif\ acceVVibiliW\ 

violations. Finally, one automatic analysis was performed to measure various indices of readability. 

1.5 Thesis structure 

Following this introduction (Chapter 1), an overview of the main topics addressed in this thesis, as 

well as a review of the literature, will be provided in order to situate this work within the broader 

research context. Chapter 2 surveys the fields of controlled language, which can be mapped to 

definition (2.a.) of the OED definition of language, and machine translation, which deals with 

definition (1.a.). It demonstrates how the two subfields studied in this thesis, Easy-to-Read and 

neural machine translation, came to be, how they relate to the other types of CL and MT that exist, 

and why they were chosen for this work. The third broad field incorporated in this work is 

linguistic accessibility, which is broken down into three measurable factors and defined in Chapter 

3, along with the current state of the art of the intersections of these three areas of research. 

Chapter 4 details the methods and materials employed in the four-step experiment that tested the 

translation quality, accessibility, and readability of French-to-English neural machine translations 

of administrative documents written in Français facile à lire et à comprendre, the French version of 

Easy-to-Read, before and after forced line breaks were removed from the texts. 

The results from the aforementioned experiment are presented and discussed in Chapter 5. Finally, 

a brief conclusion in Chapter 6 summarizes the work and its intended contributions to the field, 

and introduces related avenues of research that could be explored in the future. 
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Chapter 2: Controlled Language and 
Machine Translation 
2.1 Introduction 

This thesis brings together three broad fields of research in Translation Studies that, to our 

knowledge, have rarely before been linked within a single project. In this chapter, the concepts of 

controlled language and machine translation will be explored and defined in order to provide a 

solid theoretical foundation grounded in scholarly literature for Chapter 3, which introduces 

components of the third field, linguistic accessibility, and Chapter 4, which describes the 

methodological basis of this thesis. Following this short introduction (Section 2.1), we present the 

idea behind and primary purposes of controlled language; synthesize the main machine- and 

human-oriented controlled languages that have emerged in English- and French-speaking contexts 

up to this point; and outline the development, characteristics, applications, and limitations of Easy 

to Read (or Facile à lire et à comprendre in French), the focus of our investigation (Section 2.2). Section 

2.3 provides a brief history of machine translation, establishes some key features of neural machine 

translation, and introduces DeepL Translator, the system that was used to generate our bilingual 

corpus. In Section 2.4, we present the current state of research combining the two fields explored 

throughout the rest of the chapter. 

2.2 Controlled language 

This section provides a comparative view of the history and evolution, goals, usage, and 

specifications of several restricted subsets of the two natural languages relevant to this study: 

French and English. Due to the exhaustive nature of controlled languages (CL), particularly in 

English, we only address a small selection in order to provide context for Easy to Read, which is 

examined more thoroughly in Section 2.4.3. 

2.2.1 Defining controlled language 

It is difficult to pin down a single definition of CL, as well as what does and does not qualify as 

one. However, researchers seem to agree on one overarching goal of CL ² improved 

comprehension ² and two ways by which that goal is achieved: reducing ambiguity by limiting the 

language on a lexical level (e.g. vocabulary) and reducing complexity by imposing syntactical 

constraints (e.g. sentence length, accepted grammatical constructions). There is an important 
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distinction to be made between natural sublanguage, spontaneous restricted usage of a language in 

a specific field or area of specialization, and controlled language, language restrictions that are 

designed and applied deliberately (Kittredge, 2003). Since a controlled language is consciously 

created, Wyner et al. (2010) identify three levels of properties ² generic, design, and linguistic ² 

which translate to different questions that developers must ask themselves, and which can help us 

further define a given CL. Questions which range from the very broad, such aV: ´WhR aUe Whe 

inWended XVeUV?µ and ´WhaW aUe Whe SXUSRVeV?µ WR Whe e[WUemel\ SUeciVe, fRU inVWance: ´WhaW VRUWV 

Rf VXbRUdinaWe claXVeV aUe VXSSRUWed?µ (Wyner et al., 2010, pp. 283²286). To answer those first 

generic questions, CL designers must think about whether they intend to enable human-human 

communication or human-machine communication (Wyner et al., 2010). 

2.2.2 Branches and applications of controlled language 

Both Huijsen (1998) and Nyberg et al. (2003) note that classifying CLs as one or the other can be 

challenging because a controlled language that was designed for one purpose often fulfills the 

other. In fact, Rne VWXd\·V findingV VXggeVW WhaW iW iV SRVVible WR deYelRS a CL WhaW imSURYeV bRWh 

translatability and readability (Reuther, 2003). This thesis further blurs the lines by applying 

machine translation technology to a CL that has thus far been strictly human-oriented. 

Nevertheless, attempting to characterize CLs can be helpful for situating them within the 

landscape of language tools and understanding the possibilities and limitations of their 

applications. 

2.2.2.1 Machine-oriented controlled language (MOCL) 

The primary goal of machine-RUienWed cRnWURlled langXage (MOCL) iV WR imSURYe ́ XndeUVWandingµ 

by machines, i.e. translatability and other computational processing.1 Take for instance Jurafsky 

and MaUWin·V (2009, p. 4) example of an ambiguoXV VenWence: ´I made heU dXck.µ PURceVVing WhiV 

seemingly simple sentence is a complex task for a machine, because it has at least five distinct 

possible meanings in English. Applying a controlled language that implements restrictions such as 

a one-to-one correspondence between form and meaning could reduce, if not eliminate 

completely, the risk of an incorrect interpretation. Whether the result is a translation that is nearly 

ready to deploy as soon as it comes out of the machine ² in other words, fully automatic, high-

 
1 This is not to say that translatability cannot be the primary goal of some human-oriented controlled language 
(HOCL); take for instance Minimal English, which has roots in natural semantic metalanguage and breaks English 
dRZn inWR ´VemanWic SUimeV,µ Whe most basic universal ideas that cannot be further reduced, to ensure optimal 
intercultural exchange (Goddard, 2018). Other HOCL with primary or secondary goals of translation are explored in 
Section 2.2.2.2. and Section 2.4 presents one study that focused specifically on a CL and how it was handled by a 
neural machine translation system. 
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quality translation, introduced in Section 2.3.1 ² or a translation that needs full post-editing often 

depends on how strictly or loosely defined the CL used to author the text is. KANT Controlled 

English is a well-known example of a strictly defined CL, which was developed along with its own 

machine translation (MT) system and has been used for technical translation (Mitamura, 1999). A 

lesser-known strict CL is PENG (Processable English), which was designed not for interlingual 

WUanVlaWiRn bXW UaWheU fRU fRUmal UeSUeVenWaWiRn, and ´deVigned fRU ZUiWing XnambigXRXV and 

precise sSecificaWiRnVµ (Schwitter, 2002). On the other end of the spectrum, loosely defined CLs 

like Perkins Approved Clear English (PACE), which features much more vague rules, such as, 

´OUdeU Whe SaUWV Rf Whe VenWence lRgicall\,µ bXW Zhich VWill UeVXlWed in VignificanWl\ faster post-

ediWing Zhen cRmSaUed WR ´cRnYenWiRnal WUanVlaWiRn,µ haYe alVR been VXcceVVfXll\ deSlR\ed (Pym, 

1990 as cited in Nyberg et al., 2003, p. 256). 

2.2.2.2 Human-oriented controlled language (HOCL) 

In contrast to machine-oriented controlled languages, which generally serve one main purpose ² 

reducing linguistic ambiguity for more accurate computational processing ² human-oriented 

controlled languages (HOCL) are more focused on comprehension for humans and may be further 

categorized by the goal that developers created them to achieve. Some of these goals include 

assisting foreign-language learners and promoting intercultural communication via 

international auxiliary languages; reducing misunderstanding in technical writing and 

translation to ensure safety; facilitating interactions in business and administration, 

particularly in government-to-citizen communication; and improving accessibility for people 

with disabilities and other conditions that cause reading difficulties. 

The way that controlled language came about, and perhaps one of its most intuitive objectives, is 

within the context of language learning and literacy. The earliest documented CL is thought to 

be ChaUleV Ka\ Ogden·V BaVic (BUiWiVh AmeUican ScienWific InWeUnaWiRnal CRmmeUcial) EngliVh, 

described in his book that was published in the UK in 1930. Ogden argued that everything one 

could possibly want to express can be achieved with a very limited amount of English vocabulary, 

just 600 to 1,000 words, only 18 of which are verbs. Basic English blossomed from a desire to give 

people around the world a simple, and quick-to-learn basis for communication in English, an 

international auxiliary language of sorts (Kuhn, 2014; Nyberg et al., 2003; Ogden, 1930). Kuhn 

(2014) and Nyberg et al. (2003, p. 250) seem to disagree on the actual application of the CL, the 

former asserting that it is still in use today and citing several published Basic English texts and the 

laWeU calling iW ´a meUe cXUiRViW\, XnVXiWable fRU an\ SUacWical SXUSRVe,µ and claiming WhaW iW haV 

´neYeU been Zidel\ XVedµ. In an\ caVe, iW haV inVSiUed man\ mRUe cRnWURlled langXageV; KXhn 
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(2014) mentions just under 50 primarily HOCL in his 2014 survey and classification, and over 50 

more MOCL. Not mentioned in his Anglo-centered classification is Français élémentaire, which later 

become Français fondamental, deYelRSed in Whe 1950V dXe WR a ´cRnceUn RYeU Whe declining URle Rf 

FUench aV a ZRUld langXageµ (Stern, 1983, p. 55). This French CL is considered an offshoot of 

Basic English ² though chiefly a way to teach the language, not a means of international 

communication ² no matter how ardently the authors opposed the association in response to the 

harsh criticism they received when they described it as such (López, 2006). Another interesting 

feature of Français fondamental is that it is originated from a corpus of spoken French rather than 

written texts (Cortier, 2006). 

KiWWUedge·V (2003, p. 441) definition of controlled language ² one of the many attempts to delineate 

the concept ² specifically mentions the second of those four goals, asserting that restricted 

langXage iV RfWen XVed fRU ´writing technical documentation for non-native speakers of the 

dRcXmenW langXage.µ He (aV Zell aV N\beUg eW al. (2003)) ciWeV VafeW\ and liabiliW\ cRnceUnV aV Rne 

advantage to using clear and simplified language, as well as ease of translation ² when translation 

is even required, since another advantage is that CLs in the manufacturing and service industries 

can sometimes eliminate this need by simplifying language for non-native English-speaking 

workers. Reducing the amount of time and effort it takes to get a product to market can also have 

a positive impact on cost and competitiveness (Huijsen, 1998). Two of the most influential and 

well-documented are Caterpillar Fundamental English (CFE), which later evolved into Caterpillar 

Technical English (CTE), and AECMA (from the French Association Europeene des Constructeurs de 

Materiel Aerospatial) Simplified English, which became ASD Simplified Technical English (ASD-

STE) following a merger. CFE was first deployed by the American equipment manufacturer in 

1971, making it likely the oldest CL curated specifically for industries (Wojcik & Hoard, 1997 as 

cited in Kuhn, 2014). 

Like Basic English, by which it was greatly influenced, CFE was mainly targeted toward 

CaWeUSillaU·V nRn-native English-speaking mechanics, but was abandoned in 1982 because it was 

no longer practical. About a decade later, the company reevaluated the purpose of CL in their 

processes and shifted their focus to reducing translation costs as opposed to eliminating the need 

for it altogether by trying to make English the default language of communication. The result was 

CTE, which was more similar to KANT Controlled English than Basic English (Kuhn, 2014). 

ASD-STE was introduced in 1983 with the same main goals as CFE and CTE, and is still in use 

today, primarily by aerospace manufacturers and airlines (Kittredge, 2003). These are major 

industries in France, so it is not surprising that a version of this CL was also implemented for the 
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French language. GIFAS (Groupement des Industries Françaises Aéronautiques et Spatiales), a French 

partner in the original AECMA project, began working on Français rationalisé (Rationalized French) 

in 1985 to facilitate translation to and from the English simplified language and to increase clarity 

for employees. But the task of developing one CL on the basis of another was more complex than 

the authors anticipated, and the project took 12 years to complete. Barthe et al. (1999, p. 228) raise 

an interesting question about Simplified English (SE) and Français rationalisé that is pertinent to 

EaV\ WR Read Vince iW, WRR dealV ZiWh mXlWiSle EU langXageV: ́ WaV ZRUking backZaUd fURm Whe SE 

guide a satisfactory method, or should we have worked only on the basis of the corpus of French 

dRcXmenWV Ze cRllecWed, indeSendenWl\ Rf SE?µ 

HOCL are also employed for business and administration purposes, and some people have 

even advocated for controlled language in legal contexts, a field that has traditionally produced 

non-lay-friendly writing.2 The WeUmV ´Slain langXageµ and ´Slain EngliVhµ haYe been diVcXVVed in 

various English-speaking governmental contexts since the 1940s, beginning with The Complete Plain 

Words (later Plain Words), a VW\le gXide inWended WR eUadicaWe ´RfficialeVe,µ ZUiWWen b\ a ciYil VeUYanW 

based at the request of the UK Treasury Department (E. Gowers, 2014). Presidents Nixon and 

Carter introduced the idea in the US in the 1970s, however their executive orders lacked substance, 

calling fRU Whe XVe Rf ´la\man·V WeUmVµ and ´Slain EngliVhµ bXW nRW SURYiding gXidance aV WR hRZ 

that should look or how to go about it. The Clinton administration (1993-2001) built on its 

SUedeceVVRUV· SURgUeVV and VSecified four very broad components of plain language (common 

words, active voice, direct address, and short sentences). It also began rewarding government 

employees who complied particularly well with these components in their written communication. 

The vague idea of plain language was finally fleshed out into more concrete standards following 

the adoption of the Plain Writing Act of 2010 under President Obama.3 

In the Francophone world, ministries of the French and Quebecois governments also published 

similar, and quite extensive guides to writing simplified (i.e. in language that the general population 

can understand) administrative documents in the 2000s (COSLA, 2008; Savard et al., 2003). 

Despite these and other initiatives such as the Plain English Campaign in the UK, Harper and 

Zimmerman (2009) found that interpretations of what ´Slain langXageµ acWXall\ meanV, eYen 

among people within the same organization, still vary wildly. However, this may have improved in 

recent years, since Kuhn (2014) does consider US Federal Plain Language Guidelines (although, 

 
2 See BU\an GaUneU·V Legal Writing in Plain English (2002). 
3 https://plainlanguage.gov/ Last accessed: August 3, 2020 

https://plainlanguage.gov/
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cXUiRXVl\, nRW Whe ´HRZ WR WUiWe CleaUl\µ VeW b\ Whe EXURSean CRmmiVViRn, fURm Whe Vame \eaU) 

to be a strict CL in his classification. 

The final overarching goal of CL that we will address is accessibility. Although most HOCL aims 

to reduce ambiguity and complexity, and improve understanding between the person or body 

authoring a text and the people receiving it, one subset of the population that is particularly 

affected by these very factors is often left out of discussion around CL: people with different 

reading needs and other disabilities. This could be because the line between style guide and 

controlled language can be fuzzy; according to Kuhn (2014, p. 124), TXalificaWiRn ´deSendV Rn 

whether the style guide defines a new language or whether it merely describes good practices that 

haYe emeUged naWXUall\.µ NeYeUWheleVV, a mXlWiWXde of guides on accessible communication have 

been set forth, particularly within the last 20 years, which some would consider accessibility-

focused CLs. 

2.2.3 Easy to Read/Facile à lire et à comprendre 

Although it does not appear in the predominant literature on the topic of controlled language, we 

take the position that Easy to Read falls into that final, narrow branch because it meets all four of 

Whe cRndiWiRnV in KXhn·V (2014, S. 123) lRng definiWiRn Rf cRnWURlled naWXUal langXage: 

1. It iV baVed Rn e[acWl\ Rne naWXUal langXage (iWV ´baVe langXageµ).  

2. The most important difference between it and its base language (but not 
necessarily the only one) is that it is more restrictive concerning lexicon, syntax, 
and/or semantics.  

3. It preserves most of the natural properties of its base language, so that speakers of 
the base language can intuitively and correctly understand texts in the controlled 
natural language, at least to a substantial degree.  

4. It is a constructed language, which means that it  is  explicitly and consciously 
defined, and is not the product of an implicit and natural process (even though it is 
based on a natural language that is the product of an implicit and natural process).  

First, we can consider that each translation of the Inclusion Europe guidelines are indeed based 

only on one natural language; Easy to Read is based on English and has slightly different rules 

than Facile à lire et à comprendre, which is based on French (which in turn differs somewhat from 

Lectura fácil (Spanish), Leichte Sprache (German), Leitura fácil (Portuguese), Facile da leggere (Italian), 

etc.). Next, it dictates restricted lexicon (there is no dictionary of acceptable/unacceptable terms, 

but it does stipulate no difficult words, no words in other languages, no abbreviations, no 

contractions, etc.), syntax (e.g. present tense, active voice, no ambiguous pronouns), and semantics 

(e.g. natural line breaks, bullet points). Third, because it was created for English speakers with 
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specific reading needs, we can aVVXme WhaW ´VSeakeUV Rf Whe baVe langXage can inWXiWiYel\ and 

cRUUecWl\ XndeUVWandµ iW, deVSiWe VRme UeVeaUch VhRZing negaWiYe UeceSWiRn b\ W\Sical adXlWV (Section 

2.2.3.2) (Kuhn, 2014, p. 123). And laVWl\, Whe ´gRRd SUacWiceVµ KXhn (2014) refers to were 

consciously developed, although as some scholars have pointed out there is a notable lack of 

empirical evidence for various forms of easy-read, and guideline designers often do not cite 

references or provide information about how they came to the conclusions they did (Fajardo et 

al., 2014; Sutherland & Isherwood, 2016).4 

2.2.3.1 History and development of Easy to Read 

The international non-profit International League of Societies for the Mentally Handicapped ² 

European Association (ILSMH-EA) was founded in 1988 in Brussels to represent Europe as a full 

member branch of Inclusion International, a disability advocacy network created in 1960.5 ILSMH 

changed its name to Inclusion Europe in 2000,6 bXW nRW befRUe SXbliVhing ´Make iW SimSle: 

European Guidelines for the Production of Easy-to-Read Information for People with Learning 

DiVabiliW\µ in 1998. The gXide RXWlined beVW SUacWiceV fRU ZUiWing and SUeVenWing infRUmaWiRn in a 

such a way that as many people as possible are able to understand. In it, the authors contend that 

implementing Easy to Read can cRnWUibXWe WR bUeaking dRZn Whe ́ infRUmaWiRn Uichµ/´infRUmaWiRn 

SRRUµ baUUieU WhaW e[iVWV in RXU VRcieW\ becaXVe Rf Whe Za\ WhaW infRUmaWiRn haV W\Sicall\ been 

presented (Freyhoff et al., 1998). Despite this and other initial steps taken by European and 

international organizations such as Mencap and the International Federation of Library 

Associations and Institutions (IFLA) in the 1990s and early 2000s, it was found that the current 

ZRUk e[iVWed ´ZiWhRXW an\ cRmmRn gURXnd, UegXlaWiRn RU TXaliW\ VWandaUdVµ (CARDET, 2014, p. 

28).  

In response to a need for more formal and standardized guidance for producers of accessible 

education materials, and within the framework of the first phrase of the Pathways to Adult 

Education for People with Intellectual Disabilities project, funded by the European Commission 

as part of the Lifelong Learning Programme, Inclusion Europe led nine partners from eight 

different countries in the creation of European standards for Easy-to-Read informative documents 

(2009). The SURjecW alVR ´deYelRSed and WeVWed a meWhRdRlRg\ Rn hRZ WR inYRlYe SeRSle ZiWh 

intellectual disabilities in preparation and quality control of accessible adult edXcaWiRn maWeUialµ 

(CARDET, 2014, p. 28). The result of the first phase of Pathways was four brochures outlining 

 
4 Cf. Ruel et al. 2011, a Canadian accessibility guide that cites extensively. 
5 http://www.siwadam.com/hmm/euie.htm Last accessed: August 3, 2020 
6 https://www.inclusion-europe.eu/about-us/ Last accessed: August 3, 2020 

http://www.siwadam.com/hmm/euie.htm
https://www.inclusion-europe.eu/about-us/
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best practices not only for producing Easy-to-Read infRUmaWiRn (´InfRUmaWiRn fRU allµ), laUgel\ 

baVed Rn ILSMH·V RUiginal SXblicaWiRn, bXW alVR fRU WUaining lifelRng leaUning VWaff abRXW ZUiWing 

(Training lifelong leaUning VWaffµ) and Weaching acceVVibl\ (´Teaching can be eaV\µ), and fRU 

inYRlYing SeRSle ZiWh diVabiliWieV in Whe ZUiWing SURceVV (´DR nRW ZUiWe fRU XV ZiWhRXW XVµ).  

OXU UeVeaUch iV fRcXVed Rn Whe gXidelineV VeW fRUWh in Whe ´InfRUmaWiRn fRU allµ bURchure, and the 

definition of Easy-to-Read (E2R) that we have adopted for this thesis is based on that document. 

The guidelines have been published in 16 of the 24 official EU languages, and a handful of 

guidelines are language specific, an important point to consider when analyzing the results of the 

accessibility study presented in Section 3.3.2. Two guidelines appear in English but not in French, 

which recommend writing in the present tense instead of the past tense where possible and 

avoiding contractions (Inclusion Europe, 2009, pp. 22²23). Due to the slight differences in the 

two sets of guidelines, we make the distinction between French texts written specifically in 

accordance with the French UXleV (´Facile à lire et à comprendre,µ RU FALC) and EngliVh We[WV aV 

(´EaV\ WR Read,µ RU E2R). The fiUVW WZR VecWiRnV Rf Whe dRcXmenW SURYide geneUal VWandaUdV and 

standards for written information, but the brochure also addresses electronic, video, and audio 

formats. The guidelines in these two sections can be further broken down into several broad 

categories: general (e.g. appropriate language for the target audience), structural (e.g. bullet points 

instead of comma-separated lists), word-level (e.g. no figures of speech, consistent terminology 

throughout), and sentence-level (e.g. active instead of passive constructions when possible). The 

full list that was used for the annotation described in Chapter 3 can be found in Appendix A. In 

addition to providing instructions for how to write in Easy-to-Read, unlike the 1998 ILSMH 

version, the 2009 publication itself is written in Easy-to-Read, allowing the target population to 

access the standards that impact them and participate more easily in the document creation 

process. 

The line break guideline that we have chosen to focus on (introduced in Section 1.2) was also present 

in Whe RUiginal YeUViRn, bXW Whe ZRUding changed VlighWl\ WR UeflecW E2R VWandaUdV, fURm: ´TU\ WR 

put one sentence on one line. If this is not possible, try to have separate clauses on separate lines 

or break the sentence into separate lineV aW Whe SRinWV ZheUe SeRSle ZRXld naWXUall\ SaXVe,µ WR: 

´WheUe SRVVible, 1 VenWence VhRXld fiW Rn 1 line. / If \RX haYe WR ZUiWe 1 VenWence Rn 2 lineV, / cXW 

Whe VenWence ZheUe SeRSle ZRXld SaXVe / Zhen Ueading RXW lRXd,µ ZheUe fRUZaUd VlaVheV UeSUeVent 

line breaks (Freyhoff et al., 1998; Inclusion Europe, 2009). Unlike some other recommendations 

that seem to be universally accepted in other accessibility style guides and CLs, for instance to use 

well-known words, the line break guideline only appears in a handful of other publications.  For 
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e[amSle, Whe ´InfRUmaWiRn fRU Allµ bRRkleW SURdXced b\ Whe NRUah FU\ ReVeaUch CenWUe in Whe 

UK: ´If a VenWence haV WR UXn RnWR a VecRnd line, WU\ WR bUeak iW afWeU ZRUdV like ¶and· RU ¶bXW· VR iW 

is not read as two separate sentences. Or better still, make a new sentenceµ (Mears et al., 2004). A 

similar suggestion was put forth by Nomura et al. (2010, p. 11) in their revised version of the IFLA 

gXidelineV: ́ WRUdV Rf a Vingle ShUaVe VhRXld fiW Rn a Vingle line, i.e. each VenWence VhRXld be bURken 

Rff aW a naWXUal VSeech bUeak.µ7 Ruel et al. (2011) echo this sentimenW: ´MeWWUe leV mRWV d·Xne 

phrase sur la même ligne et la même page. Si vous ne pouvez pas, essayez de diviser la phrase après 

les conjonctions « et, mais ª, caU elleV indiTXenW Xne SaXVe naWXUelle.µ However, most other notable 

publications on accessible communication by organizations like People First New Zealand, 

CHANGE, NHS England, and Mencap, do not include any restrictions on line breaks, which 

raises the question of the influence of this text feature on readability (CHANGE, 2016; Mencap, 

2000; NHS England, 2018; People First New Zealand, 2017). 

FALC publications have been created for a growing number of cultural and touristic spaces in 

FUance and SZiW]eUland, VXch aV Whe CenWUe PRmSidRX and Whe MXVpe d·OUVa\ in PaUiV (Lamotte 

& Therwath, 2016) bXW alVR VmalleU mXVeXmV like Whe MXVpe d·EYUeX[ and Whe MXVpe InWeUnaWiRnal 

de la Croix-Rouge et du Croissant-Rouge in Geneva, and the Clermont-Ferrand rugby stadium. 

Figure 2.1 shows an example of what FALC can look like for cultural contexts. Some health 

professionals have also adopted FALC, most notably SantéBD, which has produced over 50 fact 

sheets (as well as about 25 in English E2R) about a variety of medical topics, and Santé Très 

Facile.8 The focus of this thesis is on FALC and E2R used for official communication by 

governmental agencies in compliance with Article 21 of the United Nations Convention on the 

Rights of Persons with Disabilities (ratified in France in 2010 and in Switzerland in 2014), which 

enVXUeV acceVV WR infRUmaWiRn fRU all ´WhURXgh Whe fRUm Rf cRmmXnicaWiRn Rf WheiU chRice,µ and 

inclXdeV ´Slain langXage.µ9 The corpus of documents studied is described in detail in Section 3.2. 

 

 
7 We were unable to obtain a copy of the 1997 original guidelines to verify whether they were added before or after 
the Inclusion Europe set was published. 
8 http://www.santetresfacile.fr/infos_sante Last accessed: August 3, 2020 
9 https://www.un.org/development/desa/disabilities/convention-on-the-rights-of-persons-with-disabilities.html 
Last accessed: August 3, 2020 

http://www.santetresfacile.fr/infos_sante
https://www.un.org/development/desa/disabilities/convention-on-the-rights-of-persons-with-disabilities.html
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2.2.3.2 Limitations of E2R/FALC 

Application of E2R has the potential to improve the inclusion and quality of life not only of people 

with disabilities but also of foreign-language learners, people with low literacy levels, and senior 

citizens across European countries and the world. Yet despite the (albeit limited) empirical 

evidence suggesting that people with disabilities are indeed aided by easy language (see Karreman 

et al. (2007) user study on adapted web pages10 and Fajardo et al. (2014) user study on reading 

comprehension11), and the fact that clear communication benefits everyone in society, information 

in E2R and FALC is still not widely available, particularly at the federal level. Very few reports 

that we are aware of have measured the prevalence of E2R or FALC specifically. One 2016 report 

by the European Union Agency for Fundamental Rights on disability and the EU migration 

ViWXaWiRn fRXnd ´liWWle eYidence Rf acceVVible infRUmaWiRn, fRU example, in easy-read format for 

SeUVRnV ZiWh inWellecWXal diVabiliWieVµ in Whe VeYen MembeU SWaWeV iW e[amined (FRANET, 2016). 

Luce (2018) backs up this finding in her report on asylum seekers and refugees with intellectual 

disabilities (ID) in Europe, noting that her research did not turn up any E2R handouts, leaflets, or 

other documents related to asylum application. The most comprehensive report was produced by 

Holken Consultants & Partners as a first step in the Simplification des Langues Écrites (SIMPLES) 

project (see Section 3.5.2), and fRXnd WhaW FUance SURdXceV feZ FALC dRcXmenWV, nRWing, ´Bien 

TXe la VimSlificaWiRn dX langage adminiVWUaWif faVVe l·RbjeW de SlXVieXUV iniWiaWiYeV, nRXV UemaUTXRnV, 

ceSendanW, TX·elle n·eVW SaV encRUe dpmocratispeµ (Chehab et al., 2019, p. 15). Our observations 

 
10 This study was carried out in 2007 before the Inclusion Europe guidelines were developed, however it used the 
very similar ILSMH guidelines. 
11 This study was performed with Spanish texts written according to IFLA guidelines, which feature a large amount 
of overlap with E2R guidelines. 

Figure 2.1: Excerpts from the Musée D'Orsay's FALC visitors' guide to the "Paris au 19e siècle" exhibition 
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during the compilation of documents for the corpus used in this thesis (see Section 3.2) also support 

this conclusion. For instance, all French adults with disabilities who have a legal guardian, and who 

had previously been denied the right to vote because of it, gained that right in 2019 (Swiss citizens 

XndeU fXll gXaUdianVhiS aUe VWill nRW allRZed WR YRWe, deVSiWe SZiW]eUland·V 2014 UaWificaWiRn Rf Whe 

UN CRPD). Yet in the 2019 European Parliament election, although all political parties running 

to represent France were encouraged to provide a FALC version of their campaign platform 

(profession de foi) (MiniVWqUe de l·inWpUieXU, 2018), we observed that only nine out of 36, or one quarter, 

did so.12,13 

Cost of production both in terms of human and financial capital ² or even misconceptions about 

it ² is one factor that could impact the limited amount of E2R information currently available. A 

representative from the France Insoumise party, which did have its campaign materials translated 

into FALC, told reporters that she believed it would be much more expensive than it was 

(UeSRUWedl\ leVV Whan 500½ fRU WhUee dRcXmenWV) (Hennequin, 2019). On the other hand, over 60 

SeRSle ZiWh inWellecWXal diVabiliWieV SaUWiciSaWed in Whe ´OUVa\ facileµ SURjecW WR SXbliVh WZR FALC 

gXideV fRU Whe MXVpe d·OUVa\ aUW mXVeXm (Lamotte & Therwath, 2016). Due to the extensive steps 

involved, e.g. target audience analysis, selection of most important information, simplification, 

formatting, testing and validation by members of the target population, one prominent Swiss 

translator charges a minimum of CHF 4.00 per 55 characters (roughly one line or 8-11 words) to 

produce FALC versions of standard texts, CHF 5.50 for more complex texts, and custom pricing 

for technical documents.14 Consequently, access to resources, both money and labor, could be a 

valid limitation for smaller companies or organizations that are interested in producing accessible 

content. When it comes to federal agencies, implementation of E2R/FALC may rely on 

prioritization of and advocacy for accessibility in budget and policy negotiations. 

Another barrier to the dissemination of E2R is mixed or poor reception and the stigma that 

seems to surround it, primarily by people who do not rely on this type of simplified language to 

consume information. In Germany, where easy language is much more widely established than in 

France or Switzerland, a 2017 attempt to generalize the communication about an upcoming 

election in easy language only (rather than provide it upon request to those who need or prefer it) 

failed UemaUkabl\, SURYRking UeVSRnVeV Rf ´XSheaYal, incRmSUehenViRn and alienaWiRnµ (German 

 
12 Profession de foi documents for this election were available at https://programme-candidats.interieur.gouv.fr/, last 
accessed May 20, 2019, however the page has since been updated to reflect information about the most recent local 
elections (for which it appears no candidates published FALC statements). 
13 Although outside the scope of this study, it is worth mentioning that easy language has been considerably further 
developed and deployed in some other countries, such as Germany and Finland. 
14 https://www.textoh.ch/traduction/ Last accessed: August 3, 2020 

https://programme-candidats.interieur.gouv.fr/
https://www.textoh.ch/traduction/
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State Parliament website, 2017, as cited in Maaß, 2019, p. 5). A user study on web accessibility that 

found that people with and without ID both benefitted from an E2R version of a webpage also 

found that the adapted page was negatively perceived by the group without ID. That group 

happened to be made up of people in community with individuals with disabilities, making these 

findings on satisfaction all the more surprising and significant (Karreman et al., 2007). Another 

experiment comparing Easy-to-Read, Elaborated Plain Language, and standard medical informed 

consent procedures found the opposite of what they hypothesized: younger adults actually 

understood standard information better than E2R, and performed best with Elaborated Plain 

Language (Schatz et al., 2017). Findings by Vollenwyder et al. (2018) did not corroborate either of 

WheVe VWXdieV, VhRZing nR VignificanW decUeaVe in eiWheU We[W ´likingµ RU Xnderstanding of E2R as 

compared to standard language. However, it is important to note that of those three studies, only 

one (Karreman et al., 2007) included participants belonging to the main population for whom E2R 

was founded: people with cognitive or intellectual disabilities. Interestingly, another scholar 

criticized the CL for being too inclusive, which can reinforce stigmatization. A corpus study on 

Spanish newspaper articles, drafting manuals, and websites promoting Lectura fácil (LF) found that 

immigrants were often grouped together with people with intellectual disabilities as potential 

recipients of LF (Becker, 2019). Especially considering that they are not included as part of the 

text production or validation process, Becker (2019, p. 9) believes this to be detrimental to their 

status in the receiving society: 

In my view, the inclusion of ¶ immigUanWV· amRng Whe XVeUV Rf EaV\ -to-Read 
can do more harm than good to the representatives of this heterogeneous 
gURXS. [«] Whe SURSagaWiRn Rf ¶ immigUanWV· aV EaV\ -to-Read users reinforces 
the already rather negative and homogenised image of this group  with other  
aWWUibXWeV Rf maUginaliVed cRmmXniWieV [«] The SURgUeVViYe degUadaWiRn Rf 
the image of immigrants serves the motives of exclusion, otherisation and 
marginalization.  

Christiane Maaß (2019) points to layout as a major cause of stigma around Easy Language (EL), 

Whe WeUm Vhe SURSRVeV fRU ´maximally cRmSUehenVibiliW\ enhancedµ langXage such as E2R. Text 

design conventions such as pictures help readers perceive, or recognize, a text that is written in 

easy-to-XndeUVWand langXage. BXW aW Whe Vame Wime, Whe\ idenWif\, RU ´RXWµ UeadeUV ZhR haYe a 

disability that affects communication. The author also cites a reception study performed with four 

target user groups of EL; the study found that German people ages 65 and older reacted mostly 

negatively out of all of the groups to even being considered readers of Easy Language, despite 

clearly benefitting from this form of accessible communication (Gutermuth, 2020 as cited in Maaß, 

2019). 
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Finally, a lack of training and awareness of the standards that exist could also partially explain 

the scarcity of accessible texts. The SIMPLES preliminary analysis also reported that some of the 

organizations that were contacted cited difficulty in adhering to all of the rules of FALC text 

production as a reason why they do not use it (Chehab et al., 2019). Though initiatives like the 

European Commission European Disability Strategy reference the need for web accessibility 

standards to be applied and information in easy-to-read formats to be provided, they generally do 

not prescribe actionable steps (European Commission, 2017). A systematic literature review on 

the topic of easy-read for people with ID, conducted in 2013-14, neglected to even include the 

latest Inclusion Europe guidelines, despite them being presented by the creators as a European 

standard, citing instead the ILSMH version (as well as several of the other resources mentioned in 

Section 2.2.3.1). The review critiqued existing guidelines based on the lack of transparency of the 

methodology used to develop them, the absence of a hierarchy that would place more importance 

of the recommendations that most impact accessibility, and inconsistencies across guidelines 

(Sutherland & Isherwood, 2016).15 That being said, a small number of translation agencies and 

disability advocacy groups, such as UNAPEI, specialize in producing and translating E2R and 

FALC publications, and projects like SIMPLES, discussed in more detail in Section 3.5.2, are 

working to create tools to make it easier for individuals to write texts that comply with E2R 

guidelines. If neural machine translation of E2R/FALC ever becomes a viable option for text 

production ² a possibility that we begin to explore with this research ² it could address all of the 

previously mentioned factors: financial burden, perception and normalization of accessible 

communication formats, and resource limitations. 

2.3 Machine translation 

The second major theme of this thesis is machine translation. In this section we will define and 

discuss the major developments in machine translation, from rule-based to statistical to neural, as 

well as present the NMT system used for this research (Section 2.3.4.1). 

2.3.1 Defining machine translation 

Hutchins (2005, p. 501) defines machine WUanVlaWiRn aV ́ cRmSXWeUi]ed V\VWemV UeVSRnVible fRU Whe 

SURdXcWiRn Rf WUanVlaWiRnV ZiWh RU ZiWhRXW hXman aVViVWance.µ The SURceVV Rf inWeUlingXal 

translation ² the transfer and rendering of meaning from source language to target language ² can 

 
15 This and other literature raises the question of the effectiveness and worth of E2R itself, of which there is a 
notable dearth of scientific research (Hurtado et al., 2014; Ignacio Madrid et al., 2012; Sutherland & Isherwood, 
2016), although that is outside of the scope of this thesis. 
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be considered on a spectrum, as shown in Figure 2.2: at one extremity lies pure human translation, 

at the other lies fully-automated high-quality machine translation (FAHQT), and in between are 

various degrees of human and machine interaction. 

 

Both extremes are quite uncommon in practice today. In fact, Castilho et al. (2018, p. 27) go so 

faU aV WR aVVeUW WhaW ´Whe WUadiWiRnal VeSaUaWiRn Rf hXman and machine iV nR lRngeU Yalid, and 

drawing an arbitrary line between human translation and MT no longer serves us in research, 

Weaching and SURfeVViRnal SUacWice.µ In 2020, UaUe is the translator who does not employ the 

spelling and grammar check feature in their word processor or an electronic dictionary or glossary, 

at the very least. Similarly, despite linguist Yehoshua Bar-Hillel·V SUedicWiRn in Whe 1950V WhaW 

FAHQT would never be possible and his subsequent argument that researchers should not make 

it their ultimate goal, very few systems, such as the one developed in 2013 to translate the Swiss 

avalanche bulletin or the TAUM-Météo system that has been translating daily weather reports in 

Quebec since 1976, have gotten very close to ² some would argue that they have reached ² the 

opposite end of the aforementioned spectrum (W. J. Hutchins & Somers, 1992; Quah, 2006; 

Winkler et al., 2014). The middle of the continuum is often called computer-assisted (or aided) 

translation (CAT). It encompasses machine-aided human translation (MAHT), translation 

performed by humans with support from computerized tools such as translation memory 

software, and human-aided machine translation (HAMT), translation performed by machines with 

some amount of human intervention, for instance preparing a text before it is run through the 

machine (pre-editing) or cleaning a text up after it comes out of the machine (post-editing) 

(Hutchins & Somers, 1992). As indicated by the dotted outline in Figure 2.2, this thesis focuses on 

the latter. 

2.3.2 Machine translation history 

Figure 2.2: Continuum of human-machine cooperation in translation from Hutchins & Somers (1992, p. 148) 
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It is useful to have an understanding of the historical backdrop against which the developments in 

machine translation outlined in Section 2.3.3 occurred. Arnold et al. (1994) propose a playful analogy 

summarizing the ups and downs of the first four decades of machine translation: 

Most translation historians agree that the idea of (or at least serious discussion about) using 

machines to perform translation tasks originated in the late 1940s when Warren Weaver, an 

American scientist and mathematician working for the Rockefeller Foundation, penned the 

´TUanVlaWiRnµ memRUandXm. The memRUandXm deVcUibed Whe SRVVibiliW\ Rf ´decRdingµ We[W 

written in a foreign language using computers, and it spurred the first steep incline in the roller 

coaster track. Major investments were made and research groups in the US and Europe began 

working on the topic, resulting in the very first rule-based machine translation (RBMT) systems 

(see Section 2.3.3.1 for more information on this type of MT). However, the US government, which 

had dedicated multiple millions of dollars to research efforts, and other financial backers soon 

began feeling dissatisfied with the amount of progress being made and the prospects of getting a 

return on their investment. This suspicion, coupled with vocal criticism within the research 

community, notably Bar-Hillel·V UemaUkV inYRked in Section 2.3.1, led to the crest of the first roller 

coaster hill: a commissioned report written by the Automatic Language Processing Advisory 

Committee (ALPAC). As Arnold et al. (1994, p. 13) put it, 

The ALPAC Report was damning, concluding that there was no shortage of 
human translators, and that there was no immediate prospect  of MT 
producing useful translation of general scientific texts. This report led to the 
virtual end of government funding in the USA. W orse, it led to a general loss 
of morale in the field, as early hopes were perceived to be groundless.  

Figure 2.3: "Machine Translation and the Roller Coaster of History" from 
Arnold et. al (1994) 
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SXSSRUW ZaV SXlled and UeVeaUch gURXnd WR a neaU halW, UeSUeVenWed b\ Whe URlleU cRaVWeU·V 

precipitous descent around 1964. Interestingly, some of the research that did persist over the 

following decade was funded by the Mormon Church in the US state of Utah for the religious 

sector, which also happens to be one of the first recorded contexts for human translation in history 

(Ballard, 1992; Slocum, 1985). Hutchins (2005) cites the TAUM grRXS·V SURjecW in MRnWUeal and 

the adoption of the SYSTRAN system by NASA in 1974 and the European Commission in 1976 

as turning points in MT history ² Whe URlleU cRaVWeU·V VecRnd aVcenW. In Whe 1980V, majRU 

developments were made in RBMT systems, which rely on dictionaries and linguistic information. 

Japanese companies capitalized on a growing personal computer market to develop integrated 

systems, and near the end of the decade computerized tools like translation memories helped 

increase translator productivity (Hutchins, 2005). The 1990s brought about a new approach: 

corpus-based models. In contrast to the rule-based systems that dominated the 1980s, corpus-

based systems, including statistical machine translation (SMT; see Section 2.3.3.2), use data from 

existing source text-target text pairs called parallel corpora (Somers, 2005). Both RBMT and SMT 

will be explored in more depth in Section 2.3.3. AV Whe Uide enWeUV ́ The FXWXUe,µ leaYing Whe confines 

Rf AUnRld eW al.·V (1994) WUack, iWV WUajecWRU\ Rnl\ VWeeSenV. The laVW Vi[ \eaUV in SaUWicXlaU, Zhich 

have brought many developments in neural machine translation technology ² a new generation of 

statistical machine translation and the topic of Section 2.3.4 ² have convinced us that the figurative 

roller coaster of MT shows no sign of descent any time soon. 

2.3.3 The evolution of machine translation 

This section will present a brief explanation of the characteristics of the main MT models that 

exist, direct machine translation systems (Section 2.3.3.1), rule-based machine translation (Section 

2.3.3.2) and corpus-based machine translation (Section 2.3.3.3), in order to show how we have 

arrived at the systems currently dominating MT research and development: a branch of corpus-

based MT that employs neural networks (Section 2.3.4). It should be noted that this information 

has been simplified for concision, and many hybrid approaches also exist. 

The first and second generations of machine translation technology first emerged in the 1950s and 

peaked in the 1980s and 1990s, as explained in Section 2.3.2. The first generation is known as direct 

machine translation; the second is known as indirect or rule-based machine translation and 

comprises two main classifications of system design: transfer and interlingua. All three system 

architectures operate using varying amounts and types of linguistic information that must be coded 

by humans. In other words, Whe V\VWemV mXVW be SURgUammed WR ´knRZµ Whe UXleV and haYe Whe 
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necessary linguistic knowledge that a human translator would use to first understand and then 

produce a translation of a given text (i.e. informed decisions regarding ambiguity, such as whether 

´I made heU dXckµ meanV WhaW Whe aXWhRU cRRked ZaWeUfRZl fRU a ZRman, caXVed a ZRman WR 

quickly lower her head, or something else). French scientist Bernard Vauquois, considered a 

pioneer in the field of machine translation, designed a helpful diagram for understanding the depth 

and complexity of these different RBMT approaches: the Vauquois triangle, pictured in Figure 2.4 

(Trujillo, 1999). The Y-axis represents the level of analysis (i.e. lexical, syntactic, semantic, 

discourse) that is performed by a system to try and resolve the same types of ambiguities that 

controlled language tackles. The X-axis represents the level of comparative bilingual knowledge 

needed to move a sentence from one language to another. 

2.3.3.1 Direct systems 

Direct systems, appearing at the bottom of the pyramid in Figure 2.4, are the simplest in terms of 

depth of analysis, which is only performed at the lexical/morphological level. This means that it 

only takes into account basic linguistic properties, such as parts of speech or singular/plural, and 

rules about how to treat certain sentences structures. Words are parsed in the source language and 

generated in the target language by way of a bilingual dictionary. It essentially results in word-for-

word translation, sometimes rearranged using comparative grammar rules (Arnold et al., 1994). A 

disadvantage of direct MT engines is that once a system is built for a certain language combination 

it is limited to that pair; the bilingual nature of these systems does not allow for much carry-over 

into other languages (Hutchins, 2005; Jurafsky & Martin, 2009). They work best on languages that 

are structurally similar, for instance two languages that follow the same subject-verb-object word 

order (Quah, 2006). As Arnold et al. (1994) note, an advantage of these systems is that they are 

interlingua 

semantic 
transfer 

syntactic transfer 

direct 
source 

language 
target 
language 

Figure 2.4: Vauquois triangle (Trujillo, 1999, p. 6) 
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robust, meaning that they do not break or return errors easily. However, a downside of this 

robustness is that they aUe VXVceSWible WR SURdXcing ´ZRUd Valadµ RXWSXW becaXVe Zhen Whe\ 

encounter an unknown word, i.e. a word that is not in the bilingual dictionary, or a structure for 

which a specific transformation rule has not been coded, they simply return (fully or partially) 

untranslated and/or ungrammatical sentences (Arnold et al., 1994, p. 64). 

2.3.3.2 Indirect systems 

In contrast to direct systems are indirect systems, collectively known as rule-based machine 

translation, which include two main approaches: transfer architectures and interlingua 

architectures. As can be seen in Figure 2.4, these models appear higher up on the triangle and 

therefore are more sophisticated when it comes to depth of analysis and are less specific-language 

dependent. While direct systems generally only perform analysis at the lexical and morphological 

level, indirect systems go at least one level deeper (up the pyramid, in this case), carrying out 

syntactic and semantic analysis. Dictionaries can use semantic information, such as categories of 

meaning (e.g. animal, plant, material) for each word, and syntactic information, such as whether 

an adjective appears before or after the noun it modifies, which theoretically helps resolve 

ambiguity. 

Whereas direct systems produce translations in two steps (parsing and transformation) using a 

single bilingual dictionary and a small set of transformation rules, transfer systems, featured in 

the middle section of the Vauquois triangle, include three steps ² analysis, transfer, and synthesis 

² and subsequently three dictionaries: one for each the target language and the source language, 

and one for the bilingual transfer step. They also rely on contrastive language knowledge. In the 

first analysis step, the system extracts syntactic and semantic information from the source text and 

turning it into a source-language representation, in the second step it transfers that representation 

into a target-language representation, and in the final step it generates a target text based on the 

information in that representation. Therefore, unlike direct systems, the word order of the source 

text has less influence on the target language output (Arnold et al., 1994; Quah, 2006). 

Interlingua systems, at the top of the triangle in Figure 2.4, perform the deepest level of analysis 

of the three types of architectures we have seen so far. As Hutchins (2005, p. 503) explains, these 

V\VWemV ZRUk XndeU Whe aVVXmSWiRn ́ WhaW iW iV SRVVible WR cRnYeUW SL We[WV inWR semantico-syntactic 

UeSUeVenWaWiRnV Zhich aUe cRmmRn WR mRUe Whan Rne langXage (bXW nRW neceVVaUil\ ¶XniYeUVal· in 

an\ VenVe).µ RaWheU Whan fRcXVing Rn ZRUdV, WheVe V\VWemV fRcXV Rn meaning in two steps: analysis, 

in Zhich an inWeUlingXa abVWUacWiRn (Whe ´semantico-V\nWacWic UeSUeVenWaWiRnµ WhaW HXWchinV UefeUV 
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to) is developed from the source text, and synthesis, in which that abstraction is used to produce 

a target text. This feature of abstraction in indirect systems, and interlingua architectures in 

particular, can be considered an advantage because it results in systems that are less language 

dependent. Whereas direct systems are built for two specific languages and essentially have to be 

rewritten from scratch to include a new language, indirect systems can more easily be adapted to 

a multilingual environment. However, it can also be a disadvantage, because focusing on meaning 

is not as simple as it sounds. This is because, as Arnold et al. (1994, p. 78) VR aSWl\ SXW iW, ´diffeUenW 

langXageV ¶caUYe Whe ZRUld XS· diffeUenWl\.µ NR WZR langXageV haYe a SeUfecWl\ Rne-to-one 

equivalence between all of their vocabulary. Translation would be quite a boring task if that were 

VR! FRU inVWance, in EngliVh Rne cRXld haYe a ́ WXUke\µ VandZich RU a SeW ́ WXUke\µ; in FUench, Zhile 

Rne cRXld haYe a SeW ´dindeµ RU a SeW ´dindRn,µ deSending Rn ZheWheU Whe animal iV female RU 

male, Rne ZRXld Rnl\ eYeU eaW a VandZich made Rf ´dindeµ (UegaUdleVV Rf Whe Ve[ Rf Whe biUd Whe 

lunch meat came from). Distinctions like these make it difficult to reduce language down to its 

most basic concepts. 

2.3.3.3 Corpus-based systems 

Although work on these linguistic systems did not stop and some rule-based technology is in fact 

still in use today, a new, empirical paradigm emerged in the 1990s, becoming the third generation 

of MT: corpus-based machine translation. In fact, the idea was first explored beginning in the 

1960s at IBM but was abandoned for about the next two decades (Quah, 2006). The basis of these 

systems is translation itself, in contrast to rule-based systems, which are underpinned by linguistic 

knowledge. Corpus-based systems make use of existing translations in the form of aligned parallel 

corpora, collections of texts that are broken into corresponding bilingual segments. There are three 

major architectures of this type; two are fairly similar in nature, example-based systems and 

statistical systems, and the third and most recently developed, neural systems, represents a 

significant departure into new territory and therefore we dedicate Section 2.4 to this technology. 

Somewhat of an intermediary between rule-based and statistical systems, the architectures we 

explore next are example-based systems. In this model, the pairs of bilingual segments we 

menWiRned aUe called ´e[amSleV.µ E[amSle-based machine translation (EBMT) systems work in 

three steps: matching, alignment, and recombination. In the matching step, the corpus is searched 

for examples that are similar to the source segment. Unless of course the full source sentence is 

already in the corpus, fragments or strings are then pulled from multiple different examples in the 

second step (alignment) and put back together in the right order using a target language grammar 

in the third and final step (recombination) (Quah, 2006; Somers, 2005). 
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Evidently, some target language knowledge is still needed in these models, which is not necessarily 

the case in the next approach to machine translation that we will address: statistical machine 

translation (SMT). AV QXah (2006, S. 77) deVcUibeV iW, ´The SUemiVe Rf WhiV aSSURach iV WhaW a 

translation can be mRdelled ZiWh a VWaWiVWical SURceVV. Ba\eV· WheRUem dealV ZiWh SURbabiliW\ 

inference and defines how to combine knowledge of prior events, for example past translations with new 

data (new source-language texts) to predict future events (in this case, new WUanVlaWiRnV).µ EVVenWiall\, 

the goal of these systems is to find the target sentence with the highest likelihood of being the 

translation of the source sentence. Two models are used to ensure accuracy ² that the correct 

meaning is transferred ² and fluency ² that it is transferred in a way that reads well in the target 

language. First, a parallel corpus must be trained to develop what is called the translation model; 

the probabilities that a word or group of source words is the right translation of a word or group 

of target words are calculated based on the data from existing translations. The training step also 

includes the development of a language model, determined using sequences of words of varying 

lengths, or n-grams, in the monolingual target-language corpus. During decoding, all of the 

possible ² no matter how improbable ² translations are identified and the one with the highest 

probability based on the two models is output (Hearne & Way, 2011; Quah, 2006; Somers, 2005). 

The simplest way that this operation can be expressed is: 

Translation = argmaxT P(S|T) � P(T) 

where T is all of the target sentence candidates for a given source sentence, S. Translation, the target 

sentence that is output, is the candidate that receives the best score, calculated as the product of 

the translation model (P(S|T)) and the language model (P(T)) (Hearne & Way, 2011, p. 206). 

These approaches often produce more fluid, natural-sounding translations since the target 

language model probabiliWieV can acW aV flXenc\ ´Wie-bUeakeUVµ fRU WZR WUanVlaWiRnV WhaW aUe eTXall\ 

accurate (Bouillon, 2017). Nevertheless, corpus-based machine translation is not without 

drawbacks. The computational resources needed to calculate and store the translation and language 

models is significant, however calculations only need to be performed once unless a corpus is 

modified. Another major disadvantage of these two approaches is of course, the need for large 

amounts of bilingual data (and reliable bilingual data, at that). Parallel corpora are not always easy 

to come by, as we establish in Section 4.2.1. Furthermore, though these models are generally quite 

robust, they are often not as well equipped to deal with unknown words (those not seen during 

training) as the newest type of corpus-based machine translation, which we will outline in the 

following section. 
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2.3.4 Neural machine translation 

The latest paradigm to emerge is neural machine translation (NMT). Although NMT systems have 

risen to prominence only within the last five to six years, researchers were already exploring neural 

networks for machine translation in the 1990s. However, the computing power available at the 

time was a major limiting factor, and they were essentially set aside in favor of the development of 

SMT (Koehn, 2017). By 2016, the resources had finally caught up with the theory and key players 

in the technology industry, including Google, Microsoft, and SYSTRAN, began commercializing 

NMT systems (Crego et al., 2016; Microsoft Translator, 2016; Wu et al., 2016). 

Castilho et al. (2017, p. 110) propose the following description of neural machine translation: 

´NeXUal mRdelV inYRlYe bXilding an end-to-end neural network that maps aligned bilingual texts 

which, given an input sentence X to be translated, is normally trained to maximise the probability 

Rf a WaUgeW VeTXence Y ZiWhRXW addiWiRnal e[WeUnal lingXiVWic infRUmaWiRn.µ In WhiV definiWiRn, Ze 

can observe a few similarities between NMT and SMT. First, both statistical and neural models 

are corpus-baVed and aUe WUained XVing laUge amRXnWV Rf ´aligned bilingXalµ daWa. SecRnd, bRWh 

aSSURacheV geneUall\ dR nRW Uel\ Rn ́ e[WeUnal lingXiVWic infRUmaWiRn,µ RU Whe VemanWic and V\nWacWic 

knowledge that forms the basis of RBMT. And third, like SMT, NMT produces translation based 

Rn ´SURbabiliW\.µ The meWhRd b\ Zhich SURbabiliW\ iV calcXlaWed iV ZheUe Whe WZR aSSURacheV 

diverge. The neural network that Castilho et al. (2017) refer to is a machine learning technique 

made up of layers of interconnected nodes, or neurons. They receive stimulation from other nodes 

and, depending on the positive or negative weight of this input and the strength of the connection, 

produce an output by applying an activation function that either excites or inhibits the nodes they 

are connected to (Forcada, 2017). So-called hidden la\eUV, meaning WhaW ´Ze can RbVeUYe inSXWV 

and outputs in training insWanceV, bXW nRW Whe mechaniVm WhaW cRnnecWV Whem,µ aUe anRWheU 

important feature of NMT (Koehn, 2017, p. 8). Connections are formed and strengthened during 

a neXUal V\VWem·V lengWh\ WUaining ShaVe, XVing Whe daWa fURm maVViYe SaUallel cRUSRUa, aV deVcUibed 

above; input weights are continuously updated and fine-tuned until the output generated is as close 

to the reference translation as possible (Forcada, 2017; Koehn, 2017). The result is a distributed 

representation of vocabulary, or a word embedding.16 In simplified terms, this means that each 

word in the vocabulary is assigned a unique numerical representation and words that appear in 

similar contexts are mapped to similar vectors. The example word embedding shown in Figure 2.5 

 
16 As mentioned in the previous section, NMT can also deal with unknown or rare vocabulary by using 
representations of sub-word character sequences, or parts of words (Koehn, 2017). 
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has just two dimensions to help us visualize the concept, but real distributed representations in 

NMT feature many more (Forcada, 2017; Koehn, 2017). 

 

Figure 2.5: Two-dimensional model of word embeddings, a visualization of the semantic similarity of words represented by 
physical proximity, from Koehn (2017) 

One of the main NMT architectures in use at the time of writing is the encoder-decoder approach, 

which relies on two recurrent neural networks. The encoder portion of the architecture builds a 

vector representation of the source sentence by recursively combining all of its parts. From this 

representation, the decoder generates a target sentence by choosing the most likely word at each 

position, taking into consideration everything that has already been generated, until an end-of-

sentence marker is the next most likely word (again, based on probabilities). Forcada (2017, p. 296) 

likens this prRceVV WR a We[W SUedicWiRn feaWXUe, VXch aV Whe Rne bXilW inWR mRVW VmaUWShRneV: ´« 

the decoder provides, at each position of the target sentence being built, and for every possible 

word in the target vocabulary, the likelihood that the word is a continuation of what has already 

been SURdXced.µ ChR eW al. (2014) found that this approach worked well, but identified an issue 

with longer sentences, to which Bahdanau et al. (2015, p. 4) responded by introducing an alignment 

model, also called attention: 

The decoder decides parts of the source sentence to pay attention to. By 
letting the decoder have an attention mechanism,  we relieve the encoder 
from the burden of having to encode all information in the source sentence 
into a fixed-length vector. With this new approach the information can be 
spread throughout the sequence of annotations, which can be selectively 
retrieved by the decoder accordingly.  
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Koehn (2017) cites this research from 2015, when attention mechanisms were first added to pure 

NMT, as the turning point when the technology truly became competitive, and since then it has 

been even further refined, definitively becoming the MT state of the art. Advantages and 

disadvantages of NMT technology are outlined in the following section about the generic NMT 

tool chosen for this thesis. 

2.3.4.1 DeepL Translator 

DeepL Translator, the neural machine translation system chosen for this thesis, was first launched 

in August 2017 by German start-up Linguee GmbH (now DeepL GmbH) and offered free 

machine translation to and from seven different languages. Four more were added between 2018 

and 2020, including languages with non-Latin writing systems, plus regional varieties for English 

and Portuguese. Unlike its main competitors such as Google Translate and Yandex.Translate, 

which began as purely statistical models and later evolved to incorporate neural networks, DeepL 

Translator has been an NMT system since its inception.17 Since DeepL Translator is owned by a 

private company, not much information has been made public about the inner workings of its 

proprietary software or where it obtains the language data fed into its system for training purposes. 

However, we do know that it was developed by the same company that created Linguee, an online 

dictionary and multilingual parallel corpus, or concordance tool, featuring over 1 billion 

translations.18 A February 6, 2020 press release by DeepL announced a completely redesigned 

neXUal neWZRUk, WhaW iV ´faU VXSeUiRU WR SUeYiRXV WechnRlRgieV.µ19 

Advantages 

When Quah published his book Translation and Technology in 2006, he concluded that generic online 

MT systems were most valuable only for personal use ² consuming information or producing 

writing in a language they do not know (known as assimilation in Translation Studies), and that 

does not necessarily have to be held to high quality standards. But technology has come a long 

way since then. In fact, neural networks were only mentioned two times in the entire book, as a 

potential area of knowledge that was lacking (Quah, 2006). Two major benefits of general-purpose 

online systems such as DeepL that have not changed since 2006 are that they are free and public. 

As Section 2.2.3.2 revealed, a business or organization might not have the means or justifications to 

invest in a customized system to handle the small number of E2R publications that are currently 

 
17 https://www.deepl.com/press.html Last accessed: September 16, 2020 
18 https://www.linguee.com/ Last accessed: September 16, 2020 
19 https://www.deepl.com/blog/20200206.html Last accessed: September 16, 2020 

https://www.deepl.com/press.html
https://www.linguee.com/
https://www.deepl.com/blog/20200206.html
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being produced. An advantage specific to the DeepL system is that the results it produces are very 

good compared to much of the technology Quah praised over a decade ago, and even relative to 

other comparable NMT systems on the market today. At the same time that they introduced their 

semi-automatic MT quality evaluation framework, TQ AutoTest, Macketanz et al. (2018) tested it 

on five different MT engines for the German-to-English language pair. They found that DeepL 

achieved better results than Edinburgh (NMT) and Google (SMT) across the board, better results 

than Lucy (RBMT) in all but two (non-verbal agreement and negation) of the categories they 

measured, and better results than Google Translate in 11 out of 14 categories (with the exception 

of punctuation, negation, and subordination) (Macketanz et al., 2018). Findings by Kaplan et al. 

(2019) for NMT of FALC from French into English, introduced in Chapter 1 and further developed 

in Section 3.5.2 also support these assertions. In addition to these optimistic findings, we also know 

that artificial intelligence (AI) and NMT technology are constantly and rapidly evolving and expect 

the DeepL tool to continue to undergo improvements. For instance, two features that were not 

available when the experiments for this thesis were carried out have the potential to resolve several 

of the translation quality issues highlighted in Section 5.2. A glossary feature was released on May 

6, 2020, which gives the user added control over terminology,20 and as of August 27, 2020 DeepL 

offers the possibility to specify American English or British English as a language variation 

preference.21 

Drawbacks 

WiWh headlineV VXch aV ´DeeSL VchRRlV RWheU Rnline WUanVlaWRUV ZiWh cleYeU machine leaUning,µ22 

and ´InWelligence aUWificielle eW WUadXcWiRn : DeeSL SXlYpUiVe VeV © cRncXUUenWV ª !µ (Artificial 

LQWeOOLJeQce aQd WUaQVOaWLRQ: DeeSL SXOYeUL]eV ´cRPSeWLWLRQµ!),23 blogs and news media seem to tout DeepL 

as a near miracle cure. However, like any technology, it is not without limitations. Chiefly, unlike 

RBMT and SMT systems (and customized NMT systems, though they require large amounts of 

monolingual bilingual training data),24 DeepL is nearly impossible to tailor to one specific field or 

application. A collaboration between Swiss Post, the national postal service in Switzerland, and 

UeVeaUcheUV aW Whe UniYeUViW\ Rf GeneYa fRXnd WhaW Whe ´Rff-the-Vhelfµ DeeSL WRRl RXWSeUfRUmed 

even a customized (i.e. trained on translation memories and field-specific glossaries) SMT system 

 
20 https://www.deepl.com/blog/20200506.html Last accessed: September 14, 2020 
21 https://www.deepl.com/blog/20200824.html Last accessed: September 14, 2020 
22 https://techcrunch.com/2017/08/29/deepl-schools-other-online-translators-with-clever-machine-learning/ Last 
accessed: September 14, 2020 
23 https://www.xavierstuder.com/2020/02/intelligence-artificielle-et-traduction-deepl-pulverise-ses-concurrents/ 
Last accessed: September 14, 2020 
24 https://omniscien.com/custom-mt/ Last accessed: September 14, 2020 

https://www.deepl.com/blog/20200506.html
https://www.deepl.com/blog/20200824.html
https://techcrunch.com/2017/08/29/deepl-schools-other-online-translators-with-clever-machine-learning/
https://www.xavierstuder.com/2020/02/intelligence-artificielle-et-traduction-deepl-pulverise-ses-concurrents/
https://omniscien.com/custom-mt/
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for the German-French language pair, both in terms of the automatic BLEU metric and human 

post-editing time and human-targeted translation error rate (HTER) (Volkart et al., 2018). 

However, when compared to a customized NMT system on the other hand, DeepL did not fare 

so well; a follow-up study with the same business client found that end-user satisfaction was higher 

for both raw and post-edited translations produced by a trained, in-house system. Limited data 

security is another drawback to generic translation technology such as DeepL, a concern voiced 

by participants in the same Swiss Post study (Girletti et al., 2019); however, it is unlikely to pose 

much of a problem for organizations wishing to publish E2R materials destined for public 

consumption, like those that made up our corpus (Section 4.2). The way that words are represented 

in NMT can also present limitations, chiefly: terminological inconsistency, explored further in our 

results (Section 5.2.1), and lack of transparency, making it more difficult to figure out where errors 

could have been introduced in the training corpus (L. Wang et al., 2017). Finally, NMT is generally 

regarded as less predictable than its predecessors, provoking errors that can sometimes be 

overlooked due to the grammatical correctness and generally more fluent nature of target 

translations (Neubig et al., 2015). 

2.4 Controlled language and neural machine translation 

As mentioned in Section 2.2.2.1, translatability is one of the main goals that has been identified for 

some controlled languages. Until 2019, we believe that the research tying these two fields together 

was centered exclusively around CLs and RBMT25 or SMT.26 To our knowledge, Marzouk and 

Hansen-Schirra (2019) and Rossetti (2019) have carried out the only published English-language 

research on controlled language as applied to neural machine translation at the time of writing. 

In the former study, a technical-writing CL developed by tekom was applied to German texts, 

which was consider a pre-editing step, and results were analyzed for five different MT systems. 

Interestingly, through error annotation, human evaluation, and automatic evaluation, they found 

a positive impact on the content and style of English translations for all of the MT systems they 

tested except the NMT system. Google NMT was the only system out of all five to produce better 

results for the non-controlled language output than for the output produced after a CL was 

applied. Their hypothesis was therefore rejected, and the results suggest that text that is easier for 

a hXman WR XndeUVWand iV nRW neceVVaUil\ ́ eaVieUµ fRU NMT WR deal ZiWh. The\ eYen gR VR faU aV WR 

 
25 See Mitamura (1999). 
26 See Aikawa et al. (2007), Doherty (2012). 
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call this approach, the application of CLs before machine translation as a strategy for improving 

output TXaliW\, ́ RbVRleWeµ fRU neZ NMT aUchiWecWXUeV (Marzouk & Hansen-Schirra, 2019, p. 200). 

One SRUWiRn Rf Whe laWWeU VWXd\, RRVVeWWi·V (2019) UeVeaUch, fRcXVed Rn Whe machine WUanVlaWabiliW\ 

of simplified health content. Unlike Marzouk and Hansen-Schirra (2019) who compared MT 

output from different systems, Rossetti (2019) was interested in comparing NMT quality of plain 

language summaries (PLS) that were verified using the semi-automated Acrolinx CL checker as 

part of the authoring step and those that were not. A similar controlled authoring tool, tailored to 

E2R, could help ensure consistency in authoring and resolve some of the Easy-to-Read violations 

that were already present in the French source texts that we studied for this thesis and that were 

transferred into the English translation (see Section 5.3 for examples and discussion regarding these 

instances). One such system, designed to facilitate FALC text production, is described in Section 

3.5.1. Although the author found no significant improvement in quality between the non-

automated and the semi-automated CL source texts, she did observe promising overall results in 

WeUmV Rf NMT TXaliW\: ´While Whe VW\le Rf Whe MT RXWSXW ZaV RfWen deVcUibed as unnatural by the 

evaluators, the content of the source English PLS was often translated fully and accurately into 

Whe SSaniVh RXWSXWµ (Rossetti, 2019, p. 212). 

Marzouk and Hansen-Schirra (2019) did not produce particularly encouraging findings with 

regards to the neural machine translatability of controlled language, however both studies differ in 

significant ways from the research carried out for this thesis ² language combinations (German-

English and English-Spanish vs. French-English), NMT systems (Google vs. DeepL), CLs and 

aims (tekom technical communication and PL health information vs. E2R administrative 

communication), target audiences (lay readers vs. readers with intellectual disabilities) and most 

notably the comparison that was explored (CL/non-CL and non-automated CL/semi-automated 

CL vs. pre-edited CL/pure CL) ² making it problematic to draw close parallels between these two 

studies and this thesis. Thus there remain major gaps in the current research that this thesis can 

attempt to fill. 
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Chapter 3: Factors of  Linguistic 
Accessibility 
3.1 Introduction 

Controlled language and machine translation, the areas of research introduced in Chapter 2, could 

be considered the left-hand side of an equation. The vehicles that, when operated together, either 

lead us to our goal of successful accessible multilingual communication or lead us astray. On the 

right-hand Vide, behind Whe eTXal Vign (RU SeUhaSV Whe � Vign, aV diVcXVVed in Chapter 6) is the 

aforementioned goal: linguistic accessibility. In this thesis we will explore three factors that fall 

under the umbrella of this term and that constitute the dependent variables we studied using the 

methodology described in Chapter 4. Two of these variables, translation quality (Section 3.2) and 

readability (Section 3.3), are general in nature and apply to a wide range of translated texts, while 

the third, accessibility (Section 3.4), relies on conditions unique to our target audience. It is vital 

for the researcher and the reader to have a mutual understanding of these key definitions that are 

adopted going forward. Other measurements of linguistic accessibility that are not explored in this 

thesis but that could be the focus of future related work include satisfaction or acceptability, 

comprehensibility, and usability. Section 3.5 provides an overview of the research most closely 

related to this thesis so that we may identify how this thesis address the gaps in our current 

knowledge.  

3.2 Translation quality 

The first component of our definition of linguistic accessibility that we must define is translation 

quality, a key issue and highly debated topic in Translation Studies. As such, many attempts have 

been made to take quality out of the ´eye of the beholderµ and somehow render it quantifiable 

through translation quality assessment (TQA). We will now survey the predominant approaches 

to quality assessment of machine translation in particular, acknowledging that this vast subject 

cannot be addressed fully in the limited space we have for this thesis. 

3.2.1 Automatic measures of translation quality 

The automatic approach to TQA consists of calculations performed by machines that essentially 

compare a model, written by a human, to the machine translated output. The closer the machine 

translation is to the reference, the better the score the system obtains. Common measures of 
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translation quality assessment carried out by machines include Word Error Rate (WER), 

Translation Error Rate (TER) and Human-Targeted TER (HTER), Bilingual Evaluation 

Understudy (BLEU), and METEOR (Castilho et al., 2018). Although automatic evaluation of 

machine translation quality often has the advantage of being relatively inexpensive and impartial, 

the current technology does not allow for the same level of analysis that human evaluators can 

bring to the table. As Castilho et al. (2018) observe, whereas automatic measurements must 

compare machine translation output to a reference ² which in itself introduces a degree of 

VXbjecWiYiW\ Vince iW aVVXmeV WhaW ZhaW Whe hXman WUanVlaWiRn SURdXced ZaV Whe ´beVWµ WUanVlaWiRn, 

or the gold standard ² humans have the analytical capabilities to acknowledge that for any given 

source sentence there can exist many different but equally valid target sentence possibilities. 

3.2.2 Manual measures of translation quality 

Human evaluators can also determine what makes a particular translation better quality than 

another. There are several different methods of manual TQA. Most commonly, evaluators are 

expected to assess quality based on two factors: fluency, how well a target text reads in and 

complies with the norms of the target language; and adequacy, the extent to which a target text 

faithfully relays the information or meaning present in the source text. In practice, evaluators often 

rate these two factors on a Likert scale for a given translation, but sometimes two or more 

translations can be compared and ranked against one another (Castilho et al., 2018). 

Because we were interested in a more granular view of the types of errors in the NMT of E2R 

texts, Step 1 of our experiment used another type of manual evaluation: error annotation. In order 

to produce a more realistic evaluation of whether or not generic NMT could be a suitable way to 

produce E2R that is fit for publication, we supplemented that annotation with a post-editing task, 

another measure of translation quality often employed by translation agencies. These two types of 

evaluation are explored in the sections that follow. 

3.2.2.1 DQF-MQM error typology 

In the 1980s, the need was identified for a way for language service providers (LSPs) to hold 

translators to a certain objective and consistent standard of quality and at the same time to provide 

them with more concrete feedback. Various solutions and standards appeared and evolved without 

overwhelming success, until two until projects emerged in the early 2010s that would eventually 

become one integrated metric for TQA: DQF-MQM. Four main principles formed the foundation 

Rf Whe MQM SURjecW: a fle[ible caWalRg Rf eUURU W\SeV (´MQM dReV nRW define a Vingle meWUic, bXW 

UaWheU a cRmmRn YRcabXlaU\ fRU declaUing meWUicVµ); cRmSaWibiliW\ ZiWh e[iVWing V\VWemV; mXlWila\eU 
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specificity; and an approach based on the requirements or brief for any given translation (Lommel, 

2018, pp. 113²114). EighW SUimaU\ ´bUancheVµ ZeUe idenWified, each ZiWh iWV RZn VeW Rf mRUe 

granular issues, as well as four levels of error severity. Simultaneously, the Translation Automation 

User Society (TAUS) was developing their own system for quality assessment called the Dynamic 

Quality Framework (DQF), which included, among other things, an error typology based on 

recommendations from LSPs and translation buyers (Lommel, 2018). In 2015, the two were 

harmonized and have since become the leading industry standard, pictured in Figure 3.1 (not 

including the five severity categories: critical, major, minor, neutral, kudos) (TAUS, 2016, p. 16). 

The taxonomy of DQF-MQM is made up of eight main branches: accuracy, which deals with 

translation-related issues such as addition/omission, under-/over-translation, and flat out 

miVWUanVlaWiRn; flXenc\, Zhich encRmSaVVeV ´iVVXeV UelaWed WR Whe fRUm RU cRnWenW Rf a We[Wµ; 

terminology, which is domain-specific; style, which may be unidiomatic, awkward, inconsistent 

within the text, or in violation of the style guides specified by the translation commissioner; design, 

which moves away from linguistic factors and into layout and formatting issues; locale convention, 

which considers the specific conditions and context in which a target text is received; verity, which 

deals with culture specificities in the content; and other.27 

Lommel (2018, p. 109) SURSRVeV a UaWheU RSWimiVWic SRViWiRn Rn WhiV VhaUed meWhRd: ´B\ bUinging 

together disparate strands of quality assessment into a unified systematic framework, it offers a 

Za\ WR eVcaSe Whe incRnViVWenc\ and VXbjecWiYiW\ WhaW haYe VR faU chaUacWeUi]ed TQA.µ FRU WheVe 

reasons, we use this tool in our translation quality evaluation (refer to Section 4.3.1.1.1). However, 

it is not without drawbacks. It has been critiqued as a method, including by Bawa Mason (2019, p. 

272) who acknowledges that while it is valuable as a thorough, common lexicon for talking about 

WUanVlaWiRn TXaliW\ and eUURUV, Whe aSSlicaWiRn iV imSUacWical: ´RedXcing WUanVlaWiRn TXaliW\ WR WhiV 

form of box ticking, however sophisticated, sidesteps many of the key elements essential to 

gXaUanWee Whe XVabiliW\ Rf an acWXal WUanVlaWiRn in Whe Ueal ZRUld.µ AddiWiRnall\, aV ZiWh an\ W\Se Rf 

manual evaluation, there is always the possibility for bias to be introduced and simple human error 

to occur no matter how meticulously designed the framework is. 

3.2.2.2 Post-editing 

DQF-MQM error typology and the two frameworks it was derived from are often paired with 

machine translation post-editing in research contexts. For instance, Zaretskaya et al. (2016) 

 
27 Descriptions come from the DQF-MQM error typology template used for error annotation in this thesis (Section 
3.3.1.1.1), available for download at: https://info.taus.net/dqf-mqm-error-typology-templ Last accessed: September 
21, 2020 

https://info.taus.net/dqf-mqm-error-typology-templ
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measured correlations between different error types from the MQM taxonomy and post-editing 

time and effort to determine whether certain statistical, rule-based, and hybrid machine translation 

mishaps are more challenging to fix. Unlike in our post-editing study, described in Section 4.3.1.1.2, 

post-editors were alerted to the specific error to be fixed; this was done in order to control the 

e[SeUimenW·V YaUiableV, WhRXgh a dRZnVide iV WhaW iW SURYideV leVV UealiVWic SRVW-editing conditions. 

Some research on the translatability of controlled language (CL) has also involved post-editing, 

discovering that the application of CL authoring rules to a text prior to MT can indeed reduce the 

amount of time that editors spend correcting and preparing the output for publication (O·BUien, 

2004). However, time is not the only measure of post-editing effort, and the same study also found 

that CL did not necessarily have a positive effect on technical and cognitive indicators of effort. 

This leads us to a sort of crossroads: ́ One of the major concerns in the translation industry is how 

to quantify the amount of effort that is necessary for MT PE, based on the initial quality of the 

raw output, in relation to the final needs and expectations of the end-usersµ (Castilho et al., 2018, 

p. 29). Evaluating post-editing effort can be helpful for performing a cost-benefit analysis for using 

machine translation and hiring a post-editor versus hiring a human translator to perform the entire 

job, but the various ways in which it can be measured do not always align. 

Since neither of the TQA methods we have just explored are perfect, in Steps 1 and 2 of the study 

carried out for this thesis, we use both. We complement an error analysis using the DQF-MQM 

framework with a two-perspective post-editing study (temporal and technical) in hopes of reaching 

a more conclusive understanding of translation quality. 

 

 
 



   
 

 
 

38 

  

Figure 3.1: A visual representation of the DQF-MQM harmonized error typology (TAUS, 2016) 
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3.3 Readability 

Readability has been studied extensively for more than a century; according to Dubay (2004), as 

of the 1980s, over 200 different readability formulas had been proposed and at least five times that 

many studies testing their validity had been performed. Yet there still is not a single definition or 

metric that everyone can agree on. 

3.3.1 A brief review of the literacy and readability literature 

In the US, adult literacy testing began in a military context (where it has continued to be prevalent 

throughout US history and into present day) in the early 1900s and quickly led to a more widescale 

exposure of the overestimation of reading skills in American adults. This realization, and the need 

for a system for accurately matching readers with level-appropriate reading materials that ensued, 

prompted the research that made way for the first readability formulas. Dubay (2004) identifies 

two main branches of literacy research that contributed to the formulas that are still used to this 

day: sentence length and word frequency. L.A. Sherman, who performed historical data analysis on 

sentence length, discovered that the average sentence length has been cut by over half, from 50 

words in the Pre-Elizabethan era to 23 in the 1890s when he performed the research.28 Based on 

this analysis, Sherman proposed that readability is positively impacted by shorter sentences. The 

second branch, word frequency and familiarity of vocabulary, began developing in the US in the 

1920V, beginning ZiWh SV\chRlRgiVW EdZaUd ThRUndike·V EngliVh-language frequency list, TeacKeU·V 

Word Book. It was based on the assumption that the more frequently a word is used, the more 

familiar it is to readeUV, and alVR Whe eaVieU iW iV; hXmanV geneUall\ leaUn ́ eaV\µ ZRUdV fiUVW, and When 

build a more advanced vocabulary through reading and education. The first readability formulas, 

or text-based measurements, that were proposed were based on these principles (Dubay, 2004). 

Three of the most well-known and widely tested calculations from this period, which motivated 

and moved readability research forward, are: 

x the Flesch Reading Ease formula, introduced in 1943 and revised in 1948, based on average 

sentence length and average number of syllables per word, sometimes called shallow 

metrics of readability (Flesch, 1948). Rudolf Flesch was particularly influential in 

journalism and worked with the Associated Press to make major news stories more 

accessible, lowering them to an 11th grade reading level29 (Dubay, 2004). Readability studies 

have historically been much less developed in French-speaking contexts than in the 

 
28 It has dropped even further since that research was carried out, sitting at around 20 words in the early 2000s 
(Dubay, 2004). 
29 Students in 11th grade are typically 16-17 years of age. 
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Anglosphere, however de Landsheere (1963) investigated the possibility of applying the 

Flesch formula to the French language and the adjustments that would need to be made 

for an accurate transposition;  

x the Dale-Chall formula (1948), a calculation formulated by Edgar Dale and Jeanne Chall, 

which takes into account average sentence length and the presence of difficult words, those 

not found on their 3,000-word frequency list (Dale & Chall, 1948); 

x and the 1952 Fox Index by Robert Gunning, which also relies on sentence length and 

´haUd ZRUdVµ bXW adRSWV a diffeUenW definiWiRn Rf ́ haUdµ ² words featuring more than two 

syllables (Dubay, 2004, p. 24; Gunning, 1952). 

Despite the flaws that many ² including the author himself ² expose (Davison & Kantor, 1982), 

Dubay (2004, p. 3) insists that readability formulas do provide, at the very least, ´an RbjecWiYe 

SUedicWiRn Rf We[W difficXlW\.µ In geneUal, Rnce a SUedicWiRn made RU a h\SRWheViV fRUmed, Whe lRgical 

next step is to test it. This is especially true for written material, since readability is intrinsically 

linked to the user; the reason most people write is so that others will read or consume the product. 

Another type of readability metric emerged after this primary period of research to fill that gap: 

user-based measurements. Researchers realized that many other factors besides the purely 

linguistic aspects of a text, such as how long a sentence is or how many syllables a word has, can 

affect how well a person comprehends a text. These factors can include how familiar with the 

topic a reader is, or even how motivated they are to read (Klare, 1976). User-based measurements 

can take the form of assessments of cognitive effort, such as in eye-tracking studies, or of usability 

² whether a person can successfully complete a task based on what they have read. Usability is a 

metric that is sometimes touted as superior or complementary to readability. Another popular 

form of user testing is via cloze tests, an assessment technique developed by Wilson Taylor in the 

1950V, Zhich WeVW a XVeU·V abiliW\ WR fill in blankV in a We[W baVed Rn cRnWe[W (Dubay, 2004). 

3.3.2 Readability and disability 

Traditional definitions and calculations of readability have been criticized for their one-

dimensional nature and are often ill-suited when it comes to readers with particular needs. As 

Nietzio et al. (2014) point out in their work on E2R as a component of web accessibility, certain 

features of E2R can interfere with traditional principles of readability. They provide two relevant 

examples to illustrate that the length of a sentence is not the only factor that impacts readability. 

In their first example, the first sentence is certainly more concise, however it is also more 

ambiguous than the second and does not comply with the E2R guideline that recommends clear 

pronoun use:  
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She helped her. (sentence with personal pronouns)  

The teacher helped the student. (sentence with nouns)  

The second focuses on the E2R guideline that advises the use of the active voice whenever 

possible. The length of the two sentences is the same, so a traditional readability formula would 

indicate the same level of readability, even though the second is more accessible by E2R standards 

(Nietzio et al., 2014, p. 346): 

The plan will be changed. (passive sentence)  

We will change the plan. (active sentence)  

Redish (2000) brings up several other critiques of readability formulas that happen to make them 

incompatible with E2R, notably that they do not work on non-traditional prose paragraphs, and 

WhaW Whe\ dR nRW Wake inWR accRXnW all (RU eYen mRVW) Rf Whe facWRUV WhaW make a We[W ´XVable,µ and 

that they assume a homogenous readership. First, as mentioned in Section 2.2.3.1, Inclusion 

EXURSe·V gXidelineV adYRcaWe fRU liVWV in bXlleW SRinW fRUm UaWheU Whan VWandaUd cRmma-separated 

lists in order to make relationships between ideas clearer. On paper, lists receive poor readability 

scores because they are calculated as long sentences, whereas in reality they have been shown to 

have a positive impact on usability (Grudniewicz et al., 2015). Second, readability often goes 

beyond what can easily be measured quantitatively (Redish, 2000); the many formatting, structural, 

and content-based guidelines that exist in addition to the rules on word difficulty and sentence 

length attest to the multiple dimensions that must be considered if a text can be labeled as Easy to 

Read. 

Her third point, that readability formulas wrongly assume all readers are the same, is also especially 

relevant to our study (Redish, 2000). Reading and comprehension level of adults with mild 

intellectual disabilities is extremely difficult to generalize, as different conditions provoke 

dUaVWicall\ diffeUenW challengeV. O·BUien (2010, p. 144, emphasis mine) aptly situates this issue 

within the conflicting definiWiRnV Rf UeadabiliW\: ´One can, WheUefRUe, YieZ UeadabiliW\ aV being 

primarily dependent on the properties of text, or as being a function of understanding or as being determined 

by the reader and his or her level of education and processing capabilities.µ Reading abiliWieV can YaU\ beWZeen 

people with the same diagnosis and even from text to text for the same person, depending on 

factors such as familiarity of and interest in the topic (Feng et al., 2009; Yaneva, 2015). For 

instance, in their comparison of manually simplified and non-simplified texts in a user study to 

determine the cognitively motivated factors specific to adults with disabilities, studied as the first 

step in trying to create an automatic readability metric, Feng et al. (2009) found that traditional 

features of readability such as syllable count and word frequency might not be as significant in 
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determining the readability of a text for adults with ID, but entity density and other factors that 

impact working memory might. One of the main takeaways of their research was that texts written 

for children, which made up the corpora the study was based on, ² although they contain more 

simplified ideas and language ² might not be suitable for adults with ID or accurately predict 

readability because the groups have different challenges (Feng et al., 2009). This is not to mention 

that secondary target readerships of E2R documents ² low literacy groups, the elderly, and learners 

of English as a foreign language, to name a few ² have other readability needs still. That idea is 

even acknowledged in our Easy-to-Read guidelines. Guideline 1 in SectiRn 1 VWaWeV, ´AlZa\V find 

RXW aV mXch aV \RX can abRXW Whe SeRSle ZhR Zill XVe \RXU infRUmaWiRn and abRXW WheiU needV.µ 

GXideline 3 alVR addUeVVeV WhiV TXeVWiRn, ´AlZa\V XVe Whe UighW langXage fRU Whe SeRSle \RXU 

information is for. For example, do not use language for children when your information is for 

adXlWVµ (Inclusion Europe, 2009, p. 9). 

For these reasons, the definition of readability that we have adopted for this thesis is directly based 

on an unweighted combination of features of Easy to Read (see Section 3.4), which include but are 

not limited to some of the same metrics considered in traditional formulas, like sentence and word 

length. 

3.4 Accessibility 

Accessibility, even when narrowed down to the context of text on the web, is a broad term that 

encompasses many principles, tools, and techniques, and that can mean different things to 

different people. Someone who is blind or visually impaired might use a screen reader or a braille 

display, and therefore define an accessible webpage as one that is compatible with the assistive 

technology that they use to consume information ² one that features meaningful text alternatives 

for images that enhance the content and descriptive headings that make it easier to navigate, for 

instance. On the other hand, someone in the Deaf community may require captions or a sign 

language alternative to video or audio media on a webpage, and someone with a learning or 

intellectual disability may need adapted text in order to take full advantage of all a webpage has to 

offer. 

Another factor that makes the term even more difficult to define is the fact that perceived 

accessibility, or how the user experiences a website, and accessibility as defined in design and 

development guidelines or recommendations such as the World Wide Web Consortium (W3C) 

Web Content Accessibility Guidelines (WCAG) are not always perfectly aligned (Aizpurua et al., 

2016). Nevertheless, the WCAG are currently the most comprehensive and widespread set of 



   
 

 
 

43 

international accessibility recommendations for web content and their use is mandated by 

accessibility laws and policies in many countries (Kirkpatrick et al., 2018). In Switzerland, P028 ² 

DLUecWLYeV de Oa CRQIpdpUaWLRQ SRXU O·aPpQagement de sites Internet facilement accessibles (2016) mandates 

compliance up to the AA level of WCAG 2.0, the second of three levels of conformance (A-AAA), 

meaning that all A-level and AA-level success criteria must be met. They were also recently 

incorporated into the internationally recognized standard, ISO/IEC 40500:2012 (ISO/IEC 

40500:2012 Information Technology ² W3C Web Content Accessibility Guidelines (WCAG) 2.0, 

2012). WCAG 2.1 are broken up into four main principles of accessibility; web content must be 

perceivable, operable, understandable, and robust. In this thesis, we focus on linguistic factors of 

accessibility, so we are primarily interested in guideline 3.1.5 ² Reading Level, an AAA-level success 

criteria that falls under the Understandable principle (Kirkpatrick et al., 2018): 

When text requires reading ability more advanced than the lower secondary 
education level after removal of proper names and titles, supplemental  
content, or a version that does not require reading ability more advanced 
than the lower secondary education level, is available.  

The explanation of guideline 3.1.5 appears to equate accessibility with text difficulty, education 

level, and readability.30 Though as we have shown in Section 3.3.2, traditional measures of readability 

are not necessarily a reliable way to predict how well a person with a disability will understand a 

given text. The editors of WCAG 2.0 themselves acknRZledge in Whe dRcXmenW·V abVWUacW WhaW nRW 

all user needs could be met through the application of the guidelines, particularly with regard to 

intellectual disability; the\ e[Slain WhaW cRnfRUmance SURYideV ́ accRmmRdaWiRnV fRU blindneVV and 

low vision, deafness and hearing loss, limited movement, speech disabilities, photosensitivity, and 

combinations of these, and some accRmmRdaWiRn fRU leaUning diVabiliWieV and cRgniWiYe limiWaWiRnVµ 

(Kirkpatrick et al., 2018). It would even seem as though we are making backward progress when 

it comes to barrier-free communication standards aimed at people with ID. Reading Level, an A-

level requirement in the first version of WCAG, was demoted to an AAA-level requirement when 

version 2.0 was published due to concerns about how to test it objectively (Hassell, 2018), meaning 

that it no longer falls under Swiss mandates of accessibility. With these challenges in mind, the 

definition of accessibility that we adopt for our study ² and that we believe should be integrated 

into future versions of WCAG since it is a clear testable and verifiable objective ² is full compliance 

with the Inclusion Europe Easy-to-Read standard. 

 

 
30 https://www.w3.org/WAI/WCAG21/Understanding/reading-level.html Last accessed: October 10, 2020 

https://www.w3.org/WAI/WCAG21/Understanding/reading-level.html
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3.5 State of the art: Intersections of CL, NMT, and accessibility 

In the previous chapter (Section 2.4), we addressed the current state of the research concerning 

both controlled language and neural machine translation. In this section, we will present some of 

the most recent investigations into the relationships between CL, NMT, and the factors of 

linguistic accessibility that we defined at the beginning of this chapter (Section 3.5.1), as well as an 

in-depth look at the exploratory study that directly inspired this thesis (Section 3.5.2). 

3.5.1 Controlled language, neural networks, and linguistic accessibility  

Less common are intersections of all three of our primary topics: controlled language, machine 

translation, and linguistic accessibility. Automatic text simplification (ATS) is one tangentially 

related field of research that has recently produced findings on controlled language for accessibility 

purposes using neural networks (Chen et al., 2017; T. Wang et al., 2016). The Simplification des 

Langues Écrites (SIMPLES) project, a French-led initiative, is another. That endeavor has very 

similar ambitions to this thesis, though it approaches the issue in a slightly different way. Like our 

research, it operates on the assumption that if E2R text production can be made easier with 

technology, more E2R documents will be made available to people who need them (Chehab et al., 

2019). Two deliverables are expected to come out of the SIMPLES project. The first, which has 

already been released, is a web-based open-source tool for FALC production called LIREC.31 The 

second, which is in development with a team from the machine translation company SYSTRAN, 

is an automatic text simplification or summarization tool that relies on deep learning and differs 

from other similar initiatives in that it focuses on producing simplified text that meets FALC 

guidelines.32 The text production tool offers an interface that facilitates FALC formatting as well 

as addressing the vagueness of some of the Inclusion Europe guidelines. For instance, the guideline 

WhaW VWiSXlaWeV ´eaV\-to-XndeUVWandµ ZRUdV can be YeUified ZiWh Whe helS Rf a bXilW-in corpus and 

simpler alternatives can be suggested. LIREC also attempts to solve some of the difficulties related 

to evaluating how well a document meets E2R criteria; the tool provides a score from 0 to 100 for 

each full text or section of text and recommends a score of no less than 80 in order for a document 

to be considered Easy to Read. The interface was designed for ease of use, with the idea that it 

could be utilized by employees of ESATs, French work centers that employ people with disabilities 

(Jacquet & Poitrenaud, 2019). A similar project, FALC Assistant, is underway in Switzerland, led 

by the Fondation pour la Recherche en faveur des personnes Handicapées (FRH) and supported by 

 
31 http://lirec.fr Last accessed: October 9, 2020 
32 http://51.91.138.70/simples/ Last accessed: October 9, 2020 

http://lirec.fr/
http://51.91.138.70/simples/
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researchers from the Faculty of Translation and Interpreting at the University of Geneva.33 These 

programs are currently only available for French and are still in the testing phases, but if they can 

be further improved and localized for other languages they could prove to be alternative or 

complementary to the generic NMT solution explored in this thesis. 

3.5.2 Exploratory study 

Both of the areas of research described in Section 3.5.1 target the three main topics that we are 

interested in. However, recall that our definition of linguistic accessibility does not only include 

´claVVicµ accessibility ² the multilingual component is missing from them. Thus, KaSlan eW al.·V 

(2019) exploratory study, presented at the Klaara Conference on Easy-to-Read Language in 

Helsinki, Finland, is the first to our knowledge to explore the intersections of controlled language 

for accessibility purposes and the latest developments in interlingual machine translation. In the 

exploratory study, researchers selected a 7-page French-language FALC text on Swiss disability 

insurance reform to translate into English using three free and generic MT systems: 

Yandex.Translate (SMT), Google Translate (NMT), and DeepL Translator (NMT). In order to 

compare the performance of these three systems, they recruited three native-English speaking 

translators in training (graduate level) to perform manual error annotation and E2R guideline 

violation annotation on the three resulting translations. In addition to this human evaluation, they 

also performed an automatic readability analysis using Coh-MeWUi[ 3.0 (Vee ´CRh-MeWUi[ WRRl,µ 

Section 4.3.2.1). This thesis implements a modified version of their methodology, which is described 

in Chapter 4. Several of the findings that came out of this study encouraged us to continue on a 

similar path and explore whether steps could be taken to improve the outlook of this type of 

technology to the point where it might be a viable solution for producing E2R text in multiple 

languages. 

First, their general findings from the human evaluation led to our decision to narrow our focus to 

one NMT system. Kaplan et al. (2019) found that DeepL produced by far the best results (for the 

French-to-English language pair and direction, and the administrative text genre), turning out an 

average of roughly half as many translation errors and E2R violations as the worst-performing 

system, Yandex.Translate. With regard to E2R, DeepL performed only marginally better than the 

other NMT system they tested, Google Translate, but about 30% in terms of translation quality. 

 
33 http://www.falc-assistant.ch/index Last accessed: January 4, 2021 

http://www.falc-assistant.ch/index


   
 

 
 

46 

Results from the Coh-Metrix automatic evaluation of nine indices that could quantify readability 

and adherence to E2R guidelines (e.g. 2nd person pronoun incidence, negation density, average 

word length in syllables) put DeepL squarely in the middle of the other two systems. It never 

obtained the highest nor the lowest score for any of the nine indices. However, these findings lead 

to questions regarding which segments should and should not be included in the analysis. Take, 

for instance, this French sentence from our corpus and the English translations we obtained:  

Source Non-Pre-Edited Pre-Edited 

Pour combien de temps la CMI 
invalidité est-elle donnée? 

For how long? For how long? is the 
disability IJC given? 

For how long is the Disability 
MIF given? 

Table 3.1: Example of a source-target pair from our corpus 

Both present major terminology issues, i.e. mistranslation of the acronym, but the non-pre-edited 

version also features an addition and a major fluency error, i.e. punctuation in the middle of the 

sentence. The erroneous punctuation in the non-pre-edited version would positively influence the 

enWiUe anal\ViV· aYeUage VenWence lengWh. If WheVe ZeUe Whe Rnl\ WZR VenWenceV in Whe anal\VeV, Whe 

pre-edited version would receive a score of 8 and the non-pre-edited version would receive a score 

of 3.6. For this reason, and because the size of our corpus allows ² which was not necessarily the 

case for the exploratory study ² our readability analysis (see Section 4.3.2.1) excludes segments with 

accuracy and fluency errors but allows for other errors such as style. 

Next, an analysis of the error types identified in their findings prompted us to investigate one 

specific E2R guideline in order to determine its impact and potential solutions. Considering the 

nature of French administrative texts, which tend to contain many references to country- or 

culture-specific policies, services, and concepts that do not necessarily have English equivalents, 

certain types of errors were unsurprising. Accuracy errors, which include mistranslation, 

addition/omission, and under-/over-translation, and terminology errors, are to be expected in 

these types of translations. However, their evaluation turned up nearly the same number of fluency 

errors, including grammar, spelling, and punctuation errors, which are generally less prevalent in 

neural machine translation than in other types of MT (Bojar et al., 2016). They also observed some 

XnXVXal WUanVlaWiRnV, inclXding highl\ XngUammaWical VenWenceV VXch aV: ´TR VXcceed in UefRUm, all 

people must who deal with disability insurance are particiSaWingµ (Kaplan et al., 2019). This 

prompted a desire to find out what in the source text could be responsible for such unusual errors, 

and a subsequent investigation into the impact of certain characteristics that are specific to Easy-

to-Read language, which became the foundation for our research. 
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Finally, one of the avenues for future research recommended by Kaplan et al. (2019) was a post-

editing effort study. We know that the presumed reading leYel and WRleUance fRU ´We[WXal 

diVWXUbanceV,µ WheiU ZillingneVV, RU in WhiV caVe abiliW\, WR acceSW gUammaWical RU VW\liVWic iVVXeV RU 

unusual syntax produced by MT (Roturier, 2006, p. 157), of the target audience, adults with 

intellectual disabilities, are lower than those of the average adult. Ideally, the final text would 

contain no translation errors and no E2R violations. Even DeepL, the highest performing MT 

system in the exploratory study, produced an average of roughly one translation error for every 

four sentences, and one E2R violation for every five sentences. From these findings, we concluded 

that raw machine translation, i.e. text that is not revised before distribution, was not a valid option 

for this particular application. As a result, we included a post-editing effort study in this thesis to 

both provide another assessment of translation quality and help determine whether the benefits 

of using machine translation are offset by the cost of the required post-editing step. 
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Chapter 4: Methodology 
This chapter describes the methods and tools employed to study the effects of pre-editing on the 

neural machine translation (NMT) of Easy-to-Read administrative texts written and designed for 

people with intellectual disabilities. It begins (Section 4.1) with an introduction that summarizes the 

research goals and questions that inspired the experiments carried out within the framework of 

this thesis. In Section 4.2, we describe our materials, the corpus of texts developed to support our 

investigation, and introduce statistics about the texts to demonstrate how this thesis fits into the 

broader research contexts of simplified language, machine translation, and text accessibility. Section 

4.3 presents our research design: the human-based evaluation metrics and data generation methods 

used to measure translation quality (RQ1) and accessibility (RQ2), and the automatic evaluation 

and data generation method that was performed as a way to measure the readability of the raw and 

post-edited English texts generated by our generic NMT system (RQ3). Finally, Section 4.4 provides 

a brief overview of the four different methods used in this investigation. 

4.1 Introduction 

BaVed Rn Whe encRXUaging findingV fURm KaSlan eW al.·V (2019) e[SlRUaWRU\ VWXd\ (Section 3.5.2), this 

thesis attempts to provide a more in-depth exploration of NMT as a potential tool for E2R text 

production with the introduction of a pre-editing step into the translation workflow. 

4.1.1 Research goals 

As suggested in Section 2.2.3.2, cost of production, lack of training and awareness about how to 

produce and distribute E2R texts, and a dearth of research about the controlled language (CL) 

itself are all likely factors that have prevented E2R from reaching its full potential as a format of 

accessible communication. With this research, we aim to further investigate how NMT could 

be improved to the point where it becomes a suitable tool for generating English E2R 

(´linguistically accessibleµ text) from French FALC that could be used by the primary 

target user group of this type of language: adults with intellectual disabilities (ID). 

More specifically, we examine the impact of one specific guideline, which requires long sentences 

to be separated at spots that a person would naturally pause in speech, more similar to subtitles 

than to traditional prose (Inclusion Europe, 2009). Most prose moves to a new line when the 

character limit has been reached, sometimes even hyphenating a word onto two lines, whereas 

VXbWiWling beVW SUacWiceV dicWaWe WhaW ´lingXiVWic XniWVµ RU ´lingXiVWic ZhRleVµ (i.e. claXVeV, ShUaVeV) 
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should be kept together, sometimes leading to line breaks that appear well before the possible end 

of a line (BBC Subtitle Guidelines v. 1.1.8, 2019). Irregular line breaks appear to have a similar effect 

on machine translation output as the long-term dependencies that provide a challenge for neural 

networks in long sentences; the more distance there is between a subject and verb, for example, 

the more difficult it is for a system to produce the correct agreement (Tang et al., 2018). Whether 

or not, and to what extent, pre-editing text impacted by this guideline influences NMT 

output was assessed from three different perspectives: translation quality, accessibility, 

and readability. 

4.1.2 Research questions 

Our studies were designed to answer three main research questions that address the three 

overarching dependent variables defined in Chapter 3 ² translation quality, accessibility, and 

readability. For all three questions, the independent variable was one specific pre-editing condition, 

the removal of line breaks: 

Research Question (RQ) 1: How does the removal of line breaks from Easy-to-Read French-

language administrative documents during the pre-editing process influence the translation quality of 

English output produced by a generic NMT system? 

Research Question (RQ) 2: How does the removal of line breaks from Easy-to-Read French-

language administrative documents during the pre-editing process influence the accessibility of English 

output produced by a generic NMT system? 

Research Question (RQ) 3: How does the removal of line breaks from Easy-to-Read French-

language administrative documents during the pre-editing process influence the readability of English 

output produced by a generic NMT system? 

A corpus of published Easy-to-Read documents was compiled (Section 4.2), and four methods of 

evaluation (Section 4.3) in two broad categories, human and automatic, were used to test our 

hypotheses in an attempt to answer these research questions. The hypotheses that were introduced 

in Chapter 1 are also listed in each corresponding section of this chapter and summarized in Section 

4.4. 
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4.2 Materials 

In bURad WeUmV, a cRUSXV iV ´a cRllecWiRn Rf We[WV [...] WhaW aUe Whe RbjecW Rf liWeUaU\ RU lingXiVWic 

VWXd\µ (Bernardini & Kenny, 2019, p. 119). Laviosa (2010) identifies a classification of corpora 

based on modern linguistics theory that includes six sets of properties: (1) sample (finite) or 

monitor (open); (2) synchronic or diachronic; (3) general or specialized; (4) monolingual, bilingual 

or multilingual; (5) written, spoken, mixed or multi-modal; and (6) annotated or non-annotated. 

We explore this classification as it pertains to the corpus used in this study in Section 4.2.2. 

4.2.1 Controlled language corpora 

Controlled language corpora have been used to study readability, accessibility, and translatability, 

although not extensively. Since this thesis focuses on French and English, we will primarily discuss 

controlled language corpora for these two languages, acknowledging that they do exist for others 

as well.34 Some of the research goals for which controlled language corpora have been studied 

include: determining what factors impact readability and text comprehension by people with 

disabilities and other target populations of controlled languages (Mild Intellectual Disability 

(MID): Feng et al., 2009; Austism Spectrum Disorder (ASD): Yaneva & Evans, 2015); coming up 

with a gold-standard for accessible simplified texts (ãWajneU eW al., 2015; YaneYa, 2015); developing 

automatic readability assessment tools (Feng et al., 2009); developing or evaluating automatic text 

simplification (TS) tools (ãWajneU eW al., 2015; YaneYa, 2015), although it has been argued that non-

manually simplified corpora are not necessary for building reliable tools (GlaYaä & ãWajneU, 2015); 

and determining whether or not existing readability formulas are able to assess output of automatic 

TS systems (ãWajneU eW al., 2015). 

Much of the English-language research on CLs and readability or text simplification thus far relies 

on either encyclopedic or news texts. Simple English Wikipedia, for instance, which is said to be 

´ZUiWWen SUimaUil\ in baVic EngliVh and leaUning EngliVh,µ35 is a hotly contested source of CL texts. 

Some research has found this crowd-sourced corpus to be a suitable resource, such as Coster and 

Kauchak (2011), who aligned simplified (Simple English Wikipedia) and non-simplified 

 
34 Non-exhaustive list of simplified corpora in languages other than French and English: nine Brazilian Portuguese 
simplified corpora were built for PorSimples project on text adaptation tools for Brazilian Portuguese (Aluísio & 
Gasperin, 2010); a parallel corpus of Alltagssprache (´eYeU\da\ langXageµ) and Leichte Sprache (´VimSle langXageµ) fURm 
German websites was developed with the goal of training a statistical MT system to translate from German to 
Simple German (Klaper et al., 2013); Bott and Saggion developed Simplext, a manually simplified Spanish corpus of 
newspaper articles along with the DILES research group from the Universidad Autónoma de Madrid for their work 
on a text simplification system (2014; Saggion et al., 2011); the Wablieft corpus of easy-to-read Flemish newspaper 
articles was used for a study on linguistic proxies of readability (Vandeghinste & Bulte, 2019). 
35 https://en.wikipedia.org/wiki/Simple_English_Wikipedia Last accessed: July 27, 2020 

https://en.wikipedia.org/wiki/Simple_English_Wikipedia
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(Wikipedia) articles for a parallel corpus to serve as the basis for their phrase-based text 

simplification system. But the findings of other studies ² like ãWajner et al. (2012, p. 18), who 

observed that non-simplified texts from a fiction corpus scored higher in all of the categories used 

to measure readability than SimpleWiki articles ² ´caVW dRXbW Rn Whe aVVXmSWiRn WhaW SimSleWiki 

VeUYeV aV a SaUadigm Rf acceVVibiliW\.µ CeUWainl\, Rne adYanWage WR SimSle EngliVh WikiSedia is the 

breadth of data that it provides publicly; at the time of writing, it featured over 165,250 articles.36 

Unfortunately, at this time it only exists in English, and the conflicting research makes it a 

somewhat unreliable source of data for readability analyses. In one prominent study on readability 

assessment, Feng et al. (2009) acknowledge that the corpora they relied on, which included news 

articles geared toward elementary students, are not ideal, partially because texts written for children 

often do not match the interests of adults with ID. A lack of interest in the topics people read 

about can negatively affect motivation, which in turn impacts perceived difficulty. However they 

still consider their corpora valuable research tools because so few simplified/non-simplified paired 

corpora, and corpora with specific levels of readability (graded readers, for instance) exist (Feng et 

al., 2009). 

Due to the critical importance of health literacy in societies, the readability of medical information 

has been the focus of much research and has led to the development of several simplified corpora. 

Grabar and Cardon (2018) built the comparable French-language CLEAR corpus, composed of 

encyclopedia entries, one set written for children and one set from Wikipedia and for the general 

population, medication packet inserts for lay people and their technical counterparts intended for 

medical professionals, and technical and simplified Cochrane reviews. While the CLEAR corpus 

was developed to be used by researchers and is available to the public online, it did not include 

Easy-to-Read texts. However, it does highlight the need for plain health information for all non-

professionals, including an Easy-to-Read form for adults with disabilities, which could be an 

aYenXe fRU fXWXUe UeVeaUch. RRVVeWWi·V (2019) work also focuses on a corpus of Cochrane 

summaries, exploring simplified health content from readability, comprehensibility, and machine 

translatability perspectives. 

Felici and GUiebel·V (2019) cRUSXV iV SeUhaSV Whe mRVW VimilaU WR ZhaW ZaV neceVVaU\ fRU WhiV VWXd\. 

While their Swiss-based investigation is certainly related to this thesis in that it highlights the work 

that remains to be done to further promote plain, multilingual administrative language that is 

accessible to as many citizens as possible, their corpus could not be applied to our work because 

 
36 https://simple.wikipedia.org/wiki/Main_Page Last accessed: July 27, 2020 

https://simple.wikipedia.org/wiki/Main_Page
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of the important distinctions between plain language and Easy-to-Read that were explored in 

Chapter 2 (Felici & Griebel, 2019). 

4.2.2 Compiling a sample of Easy-to-Read documents 

A collection of published Easy-to-Read texts was needed to try and answer our research questions. 

Since the corpora described above were not suitable for our purposes and no public corpora of 

French Easy-to-Read documents were available at the time of writing, we compiled one. Several 

selection criteria were established: document genre, non-availability of published human English 

translations, adherence to Easy-to-Read writing guidelines as evidenced by the presence of E2R 

logo, and PDF publication format.  

First, all of the source documents must be French-language French and Swiss administrative texts 

related to the rights and inclusion of adults with disabilities in their community. We chose to focus 

on this genre because of the legal and civic duties established in Article 21 of the United Nations 

Convention on the Rights of Persons with Disabilities, which require member states to provide 

WheiU ciWi]enV ZiWh infRUmaWiRn Yia ´Whe fRUm Rf cRmmXnicaWiRn Rf WheiU chRiceµ (Convention on the 

Rights of Persons with Disabilities (CRPD), 2006). Documents were collected from the websites of 

three sources: the National Solidarity Fund for Autonomy in France (Caisse Nationale de la Solidarité 

SRXU O·AXWRQRPLe (CNSA)),37 the French Ministry of Health and Solidarity (Ministère des solidarités et 

de la santé),38 and the Swiss Federal Bureau for the Equality of People with Disabilities (Bureau fédéral 

de O·pJaOLWp SRXU OeV SeUVRQQeV KaQdLcaSpeV (BFEH) ² DpSaUWePeQW IpdpUaO de O·LQWpULeXU).39 Topics addressed 

in the documents include the financial and social support systems put in place for people with 

disabilities and how to claim or use them, and the laws and policies regarding disability rights. 

Next, since DeepL is a free and generic NMT service and therefore could have been trained with 

any publicly available bilingual data, we selected texts with no known published English version 

or translation, which excluded documents such as the UN Convention itself. It should be noted 

that not all of the texts in the sample are adaptations of non-E2R documents; some, for example 

 
37 https://www.unapei.org/article/de-nouvelles-fiches-en-facile-a-lire-et-a-comprendre-falc-realisees-par-la-cnsa/ 
Last accessed: July 27, 2020 
38 https://solidarites-sante.gouv.fr/archives/archives-presse/archives-dossiers-de-presse/archive-courante-des-
dossiers-de-presse/annee-2013/article/facile-a-lire-et-a-comprendre-un-an-au-service-de-la-solidarite Last accessed: 
July 27, 2020 
39 https://www.edi.admin.ch/edi/fr/home/fachstellen/bfeh/informationen-in-leichter-sprache.html Last accessed: 
July 27, 2020 

https://www.unapei.org/article/de-nouvelles-fiches-en-facile-a-lire-et-a-comprendre-falc-realisees-par-la-cnsa/
https://solidarites-sante.gouv.fr/archives/archives-presse/archives-dossiers-de-presse/archive-courante-des-dossiers-de-presse/annee-2013/article/facile-a-lire-et-a-comprendre-un-an-au-service-de-la-solidarite
https://solidarites-sante.gouv.fr/archives/archives-presse/archives-dossiers-de-presse/archive-courante-des-dossiers-de-presse/annee-2013/article/facile-a-lire-et-a-comprendre-un-an-au-service-de-la-solidarite
https://www.edi.admin.ch/edi/fr/home/fachstellen/bfeh/informationen-in-leichter-sprache.html
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the fact sheets produced by the CNSA, are stand-alone documents that exist only in an E2R 

format. 

Because we were interested in studying the impact of line breaks, a rule that is specific to E2R and 

that does not appear in most other similar easy read or plain language guidelines, it was important 

that all of the documents in the corpus be written in accordance with these standards. We did so 

primarily by choosing documents bearing the Inclusion Europe E2R logo (Figure 4.1). According 

to the Inclusion Europe website, six conditions must be met if 

one wants to put the Easy-to-Read logo on their publication, the 

fiUVW Rf Zhich iV, ´PeRSle XVing Whe lRgR mXVW fRllRZ Whe 

European standards for making information easy to read and 

XndeUVWand.µ40 Inclusion Europe reserves the right to revoke 

permission to use the logo if they do not believe these guidelines 

are respected. According to Yaneva (2015), English human-

produced easy-read texts ² including but not limited to specifically Easy-to-Read samples ² 

generally do comply with the guidelines that their authors claim to have followed. A study on 

compliance of German-language E2R texts came to a similar conclusion for some rules, such as 

sentence length and complexity, finding that less than 2% of sentences in the corpus studied 

contained complex structures, but not for others, such as the use of the passive voice and negative 

constructions (Nietzio et al., 2012). Nietzio et al. (2012) also argue that a style checker could be 

beneficial for E2R authoring, especially for inexperienced writers, and that some rules should be 

refined or reevaluated. Furthermore, people with intellectual disabilities participated in the creation 

of the majority of texts in our collection (Association Aires Paris, 2017). That the texts in our 

sample mostly complied with E2R guidelines is therefore a reasonable assumption, however 

documents are not systematically checked by Inclusion Europe before publication and we did not 

perform any further analysis on the source texts to ensure that they complied with E2R guidelines 

(refer to Chapter 6 for a discussion of this and other limitations of the study). 

Finally, all of the documents gathered for this study were published PDFs, excluding 

administrative information written in E2R and published as text on a webpage. We made the 

decision to exclude webpages because this study addresses linguistic accessibility rather than the 

broader topic of web accessibility. Working with web-based documents would require other 

 
40 https://easy-to-read.eu/european-logo/ Last accessed: July 27, 2020 

Figure 4.6: Easy-to-Read logo 

https://easy-to-read.eu/european-logo/
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facWRUV WR be Waken inWR cRnVideUaWiRn, VXch aV W3C·V WCAG 2.1 gXidelineV fRU diVWingXiVhabiliW\ 

(Guideline 1.4) and navigability (Guideline 2.4) (Kirkpatrick et al., 2018).  

The cRUSXV fiWV inWR LaYiRVa·V (2010) SUeYiRXVl\ menWiRned claVVificaWiRn aV fRllRZV: 

(1) sample or finite: it contains a determinate number of words and was not and will not 

continue to be updated during the course of or after the study. The published French texts 

collected for this study included 41 documents for a total of 49,214 words. After extracting 

only those segments exceeding one line and filtering out exact duplicates, the French 

corpus contained 1,583 segments and a total of 24,011 words. More statistics about the 

size of the data set are presented in Section 4.2.3; 

(2) synchronic: this parameter deals with time. The texts included in the collection were 

produced and published within a span of seven years, from 2012 to 2019, and therefore 

the sample cannot be relied upon to show any particular evolution of language over time, 

nor was it designed for that purpose; 

(3) specialized: the corpus can be considered specialized for two reasons. Firstly, it contains 

only documents bearing an Easy-to-Read logo, and therefore should only contain language 

that adheres to E2R guidelines. Secondly, all of the documents included share a genre 

(administrative), subject matter (disability rights and issues), and text type (content-

fRcXVed, accRUding WR KaWhaUina ReiVV·V (2000, p. 32) typology; while the form, in the 

general sense of the word ² how an author conveys the information that they convey ² is 

an essential part of Easy-to-Read text production, Reiss makes the important distinction 

WhaW Whe ´fRUmµ in fRUm-fRcXVed We[WV ´cRnWUibXWe a VSecial aUWiVWic e[SUeVViRn,µ VR Ze can 

safely conclude that the primary purpose of these documents is to inform); 

(4) bilingual: not only can the E2R corpus used in this study be considered bilingual, since it 

contains texts in both French and English, but it can be further defined as parallel. A parallel 

bilingual corpus consists of source segments in one language and translated segments in 

another language, which are often manually aligned at the sentence level for annotation 

and analysis purposes (Bernardini & Kenny, 2019); 

(5) written: easy language documents often feature symbols or images for a second layer of 

accessibility and readability by people with varying degrees of intellectual disability, 

learning disability, and/or language skills, although their effectiveness has been disputed 

(Cardone, 1999; Hurtado et al., 2014; Poncelas & Murphy, 2007). Guidelines 34-39 of 
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InclXViRn EXURSe·V EaV\-to-Read ´SWandaUdV fRU WUiWWen InfRUmaWiRnµ encRXUage aXWhRUV 

WR add ´ShRWRgUaShV, dUaZingV, RU V\mbRlVµ WR VXSSRUW Whe We[W, and Whe majRUiW\ Rf Whe 

documents in our test set did feature images to some extent (2009, pp. 20²21). However, 

since the scope of this investigation was limited to a linguistic analysis, images were omitted 

from all experiments, leading our corpus to fall under the written rather than the multi-

modal category; 

(6) non-annotated: other than paring the corpus down to isolate the phenomenon we were 

interested in studying (i.e. the presence of manual line breaks, described in Section 4.2.3), 

we did not perform any type of linguistic analysis on the French texts before translation. 

4.2.3 Statistics on the Easy-to-Read texts used in this study 

For the reasons described in Section 3.5.2 Rn KaSlan eW al.·V 2019 e[SlRUaWRU\ VWXd\, dRcXmenWV WhaW 

did not contain at least one segment with a manually inserted line break were omitted from the 

cRUSXV. HeUe, a ´VegmenWµ cRXld be a fXll VenWence, bXW iW cRXld alVR be a WiWle, a VecWiRn headeU, RU 

an item in a bulleted list, a common occurrence in E2R documents. The published French texts 

collected and used for this study included 41 documents and a total of 49,214 words (4,225 

segments). The total number of words exceeding one line and therefore containing at least one 

manual or automatic line break was 33,377, in 2,248 segments. Repetition is inherent in Easy-to-

Read ZUiWing, encRXUaged b\ GXideline 20 in SecWiRn 1 (´GeneUal VWandaUdV fRU eaV\ WR XndeUVWand 

infRUmaWiRnµ) Rf InclXViRn EXURSe VWandaUdV, Zhich VWaWeV: ´IW iV OK WR UeSeaW imSRUWanW 

information. It is OK to explain difficult words more than Rnceµ (2009). Before proceeding with 

the translation, duplicate segments containing the exact same combination of words in the same 

order, and with line breaks in the same places, were also removed. This process resulted in a total 

of 24,011 source words and a total of 1,583 segments. 

Of those 1,583 segments, 849, or 53.6%, contained at least one manually inserted line break (14,434 

source words or 60% of the total word count). These statistics show that 20.09% of all segments 

in our corpus of French Facile à lire et à comprendre (FALC) documents, which account for 29.33% 

of all words, are impacted by Guideline 19. This finding further enforces our motivations to 

determine whether or not pre-editing can improve the machine translation of these types of texts, 

as it represents the potential for a significant improvement in the overall quality. Once the French 

side of the corpus was built and narrowed down to target our research questions, the generic NMT 

system DeepL Translator, developed by the German tech company DeepL and introduced in 
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Section 2.3.4.1,41 was used to translate the 849 segments one by one into English, once with their 

original formatting (one or more manual line breaks) and once with formatting removed (this 

constitutes our pre-editing process). The non-pre-edited English corpus contained 13,677 words 

and the pre-edited English corpus resulted in 13,375 words. These statistics are summarized in 

Table 4.1. 

 Documents Sentences French Source 
Text (ST) Words 

Proportion of 
Total ST 

English Target 
Text (TT) Words 

Full corpus 41 4,225 49,214 100% (segments) 
100% (words)  

Text with � 1 
line break 41 2,248 33,377 53.21% (segments) 

67.82% (words)  

AND 0 duplicates 41 1,583 24,011 37.47% (segments) 
48.79% (words)  

AND � 1 manual 
line break 41 849 14,434 (non-PrE) 

14,434 (PrE) 
20.09% (segments) 

29.33% (words) 
13,677 (non-PrE) 

13,375 (PrE) 

Table 4.2: Statistics about the corpus of FALC documents studied 

4.3 Research design 

The research for this thesis, focused on the three dependent variables introduced in Chapter 3 that 

make XS ZhaW Ze call ́ lingXiVWic acceVVibiliW\,µ cRmSUiVeV WZR ShaVeV VSliW inWR fRXU diffeUenW VWeSV: 

x Phase 1 (Section 4.3.1) deals with methods of human evaluation and consists of three steps: 

o Step 1 (Section 4.3.1.1.1) explores the translation quality variable using DQF-MQM 

error annotation; 

o Step 2 (Section 4.3.1.1.2) also deals with translation quality, this time via a post-

editing experiment, another metric of human Translation Quality Assessment 

(TQA); 

o and Step 3 (Section 4.3.1.2.1) investigates our accessibility variable by way of an E2R 

violation annotation process on raw pre-edited and non-pre-edited segments; 

x Phase 2 (Section 4.3.2) centers around methods of automatic evaluation and consists of one 

step: 

o Step 4 (Section 4.3.2.1), which examines the readability variable using measurements 

provided by the Coh-Metrix 3.0 text analysis tool. 

 
41 No version history is available for this tool, however translation was performed on November 12, 2019 using the 
free version of the web-based app, before the company achieved a so-called ´TXanWXm leaS in WUanVlaWiRn TXaliW\µ 
with the latest update to their system in February 2020. 
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4.3.1 Phase 1: Human evaluation of neural machine translation 

Three of the four steps undertaken for this thesis relied on manual evaluation, or evaluation 

performed by humans; these three steps constitute Phase 1. This section presents the two variables 

that were studied using the Easy-to-Read texts that were translated from French to English using 

DeepL ² translation quality and accessibility ² how these three human-based evaluation studies 

were designed, and the instruments that supported data collection. 

4.3.1.1 Evaluating translation quality 

Since the emergence of Translation Studies as its own field of research in the 1970s, scholars have 

visited and revisited the question of how to define and measure translation quality. As discussed 

in Section 3.2, an overwhelming number of models and approaches, both quantitative and 

qualitative, have been proposed to address this sticky subject. In professional translation contexts, 

quality can often be distilled down to the agreement upon and management of expectations 

between the translation provider and the translation buyer or consumer, whereas in translation 

studies contexts it often serves as a way to compare translations or translation processes 

(Moorkens et al., 2018). 

The metrics of TQA that have emerged in the past two decades have various advantages and 

drawbacks. Automatic metrics rely on the idea that human translation is the ideal to strive for, so 

the more similar a machine translation is to a reference created by a human the better (Moorkens 

et al., 2018; Papineni et al., 2001). The first and most obvious limitation is the need for some form 

of human translated reference, which, as we have already established in Section 2.2.3.2, are not 

readily available for Easy-to-Read language. Another limitation is that even when a reference is 

SUeVenW, a ´gRRdµ WUanVlaWiRn cRXld VWill RbWain a SRRU VcRUe dXe to the fact that a single sentence 

can be translated in a myriad of ways. Unlike manual metrics, and one of the reasons we chose not 

to take that route for our evaluation, is that while automatic assessment can provide a global view 

of translation quality quickly, inexpensively, and objectively it does not reveal anything about why 

a translation is deemed good or bad (Moorkens et al., 2018). The two human quality assessment 

studies described below offer a more fine-grained analysis of the aspects of the texts that were 

most affected in the NMT process. 

4.3.1.1.1 Step 1: Error annotation 

Error annotation is a common form of manual TQA in the translation industry; one editor from 

our post-editing study (Section 4.3.1.1.2) nRWed WhaW Vhe haV XVed iW ´fRU nXmeURXV WUanVlaWiRn 
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agencies over the \eaUV.µ ThiV VWeS Rf Whe VWXd\ aimed WR WeVW Whe fRllRZing h\SRWheVeV XVing Whe 

Dynamic Quality Framework and Multidimensional Quality Metrics (DQF-MQM) introduced in 

Section 3.2.2.1: 

H1.0: Removing forced line breaks from French Easy-to-Read texts will improve the quality of English NMT 

output. 

H1.1: The segments that were pre-edited to remove manual line breaks prior to translation with DeepL 

NMT will contain fewer translation errors than the segments that contain manual line breaks. 

H1.2: The segments that were pre-edited to remove manual line breaks prior to translation with DeepL 

NMT will contain less serious translation errors than the segments that contain manual line 

breaks. 

H1.3: Fluency and style will be the two categories most positively affected by this pre-editing process. 

Error annotation experimental design 

There were three minor deviations from the exploratory study (see Section 3.5.2) that inspired this 

UeVeaUch. FiUVW, WhiV VWXd\ did nRW XVe Whe ́ CRmSan\ SW\leµ VXbcaWegRU\ Rf ´SW\leµ WR indicaWe EaV\-

to-Read violations. The decision to separate the notions of quality and accessibility could seem 

problematic, especially from a Skopos theory point of view, in which the function of the translation 

product, or target text, are all-important; after all, the texts in our corpus were written for a very 

specific purpose and audience (Vermeer, 1978, as cited in Nord, 2010). However, since our three-

pronged approach focuses on quality and accessibility as two different variables, it was important 

to isolate the two as much as possible. Second, due to the quantity of work required for this 

experiment, the author was the only annotator. Although it was not the main focus of the task, the 

post-editing experiment described in Section 4.3.1.1.2 did include an error annotation element, so 

the data gathered could be analyzed against the errors flagged by the author for a small sample. 

Finally, while it could introduce subjectivity to the evaluation, the pre-edited and non-pre-edited 

segments were not randomized for the annotation process. This decision was made for greater 

ease of analysis (i.e. judgements sometimes must be based on context: the other segments 
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surrounding the segment in question) and because the author performed the translation and was 

therefore already aware which segments were the result of pre-editing and which were not. 

4.3.1.1.2 Step 2: Post-editing 

Another way that researchers in Translation Studies and working professionals in the field evaluate 

machine translation quality is by measuring post-editing effort. Krings defines three measures of 

post-editing effort (PEE): temporal, cognitive, and technical (2001). We relied on two of these 

three components, temporal and technical, both of which were measured within the post-editing 

tool, to evaluate H1.4. OXU indicaWRU fRU WemSRUal PEE ZaV MaWeCaW·V Wime-to-edit (TTE) feature, 

which measures the amount of time an editor spends working on a segment, including pauses. The 

performance indicator that we used to evaluate the technical side of post-editing effort, which 

includes the physical operations that are used to change, add, delete, or move around parts of the 

VegmenW, ZaV Whe WRRl·V ´SRVW-ediWing effRUWµ meaVXUemenW: Whe SeUcenWage Rf Whe SUe-translated 

segment to which changes were made. Although cognitive effort is an important component of 

post-editing effort that contributes to the temporal parameter, it is also more difficult to measure 

than the other two dimensions because cognitive processes ² ZhaW haSSenV in an ediWRU·V mind ² 

are not visible (Krings, 2001, p. 182). Krings (2001, p. 179) suggests think-aloud protocols as 

possible ways to gain insight into this parameter, but we did not perform one within the framework 

of this thesis due to time and resource constraints. 

In theory, machine translations of controlled language such as Easy to Read should be easier to 

post-edit than those of natural language; as Quah (2006, p. 48) UeaVRnV, ´AV a UeVXlW Rf Whe 

restrictions imposed on the controlled language sentences, the risk of errors in translation is 

reduced, thus reducing the burden of post-ediWing.µ TheUefRUe, Whe VWXd\ inWURdXced in WhiV VecWiRn 

was designed to test Hypothesis 1.4: 

H1.4: The segments that were pre-edited (i.e. manual line breaks were removed) prior to translation will 

require less post-editing effort to achieve publishable quality than the segments that were not pre-

edited, and that therefore contained manual line breaks, when translated with DeepL NMT. 

MateCat post-editing tool 

MateCat is a free, open-source, web-based computer assisted translation (CAT) tool developed in 

2014. Although it was developed primarily for commercial purposes, MateCat also has applications 

in translator education and academic research, including post-editing studies (Federico et al., 2014). 

Zaretskaya et al. (2016, p. 87) used this tool in their examination of post-editing effort for different 
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MT eUURUV, finding WhaW, ´The RbVeUYed cRUUelaWiRn beWZeen PE Wime and PEE ZaV Rnl\ Zeak. 

This means that different indicators of post-editing effort are not necessarily related: some errors 

require more time to find the right solution but do not necessarily involve many editing 

RSeUaWiRnV.µ DXe in SaUW WR WhiV finding, iW ZaV imSRUWanW WR XVe mXlWiSle indicators in this research, 

as described in the discussion about post-editing parameters. In addition to the research that has 

already been performed using this tool, it was chosen due to its cost-effectiveness (free) and user-

friendliness for both the editors and in terms of data analysis. We also considered it because it is 

inWURdXced in Whe WUanVlaWiRn WechnRlRg\ cXUUicXlXm Rf Whe maVWeU·V SURgUam fURm Zhich Whe 

majority of participants were recruited, and we can assume that if participants were already familiar 

with the interface (shown in Figure 4.2), they would be less likely to skew results due to user error. 

MateCat version 2.0.0 was used for post-editing in June 2020. 

Figure 4.3 displays a sample entry from a MateCat post-editing log. The tool provides a comparative 

YieZ Rf Whe VRXUce VegmenW (´SRXUceµ), Whe WaUgeW VegmenW (´SXggeVWiRnµ ² input from our 

translation memory, half of our target segments were pre-edited and half were not), and the post-

ediWRU·V UeYiViRn (´ReYiViRnµ ² clicking the eye icon toggles a view of all of the additions and 

deletions performed) plus any errors that were flagged by the post-ediWRU (´QAµ ² error types 

include style, tag issues, translation errors, terminology and translation consistency, and language 

quality, of major, minor, or neutral severity). Additionally, the tool measures post-editing time for 

each segment in total Time-to-Edit (TTE) as well as seconds per word, and Post-Editing Effort 

(PEE), the percentage of the suggested segment to which modifications were made. In the example 

Figure 4.7: MateCat post-editing environment 
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in Figure 4.3, we can see that the post-editor performed 4 substitutions, 3 deletions, and 1 addition, 

resulting in a PEE of 40% and a TTE of 1 minute and 24 seconds. In previous versions of MateCat, 

these reports could be exported as a .CSV file (Federico et al., 2014), however this feature has 

since been removed so the researcher compiled the data into Excel spreadsheets by hand. 

Post-editor profile 

In order to evaluate Hypothesis H1.4, current (2019-2020) translation students and recent 

graduates of graduate-level translation schools in Switzerland, the US, and the UK were recruited 

to perform a post-editing task. Of the potential candidates identified and invited to participate via 

a call for participation email (Appendix B), six (N=6) volunteered to participate in the study, all of 

whom spoke English as a native language, had French as one of their working languages, and had 

cRmSleWed aW leaVW Rne \eaU Rf a maVWeU·V SURgUam in WUanVlaWiRn (as self-reported on the 

background questionnaire and informed consent form, Appendix C). Although they were not 

required to have ever performed machine translation post-editing (MTPE) or error typology 

before, the call for participation stated that previous experience was preferred. All but one (N=5) 

participant had some degree of experience with MTPE, mainly within the framework of their 

education, and with translation quality assessment via error typology. Post-editors were given 

detailed instructions (Appendix D) on how to use the MateCat interface as well as a description of 

the quality standards that they were to achieve through the post-editing process (described in the 

ne[W VecWiRn, ´PRVW-ediWing e[SeUimenWal deVignµ). Table 4.2 provides an overview of post-editor 

background and experience with MTPE and error annotation. 

Figure 4.8: Example of a MateCat 2.0.0 post-editing log 
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Post-editor 
ID 

English 
Dialect 

MTPE 
Experience 

Error Typology 
Experience 

Education 
Level 

PE1 CA Yes Yes 2nd-year MA 

PE2 UK Yes Yes 2nd-year MA 

PE3 US Yes Yes 3rd-year MA 

PE4 US DRn·W knRZ Yes 2nd-year MA 

PE5 US Yes No MA graduate 

PE6 US No Yes 3rd-year MA 

Table 4.3: Post-editor background 

Since one post-editor reported that they had no prior experience with MTPE and one did not 

know if they had prior experience (however the experience they described points to yes), they were 

not asked to answer the perception questions. None of the participants who reported prior 

experience said that they performed MTPE often; all responded with a 1 or 2 on a 5-point Likert 

scale. Despite not performing this service frequently, all participants (N=4) were either neutral 

(score of 3) or comfortable (score of 4 or 5) editing to publishable quality and felt neutral about 

(score of 3) or slightly enjoyed (score of 4) the act of post-editing in general. Table 4.3 displays a 

summary of post-editor perceptions of MTPE.  

 1 2 3 4 5 

I enjoy performing machine translation post-editing. 0 0 2 2 0 

I prefer post-editing machine translation to editing human translation. 0 1 2 1 0 

I feel comfortable post-editing to publishable (human-like) quality. 0 0 1 1 2 

I feel comfortable post-editing to "good enough" quality. 0 1 0 0 3 

Machine translation post-editing saves me time. 1 0 2 0 1 

I perform machine translation post-editing often. 1 3 0 0 0 

Table 4.4: Post-editor perceptions of MTPE, where 1 UeSUeVeQWV ´SWURQJO\ dLVaJUeeµ aQd 5 UeSUeVeQWV ´SWURQJO\ aJUeeµ 

Post-editing experimental design 

Rather than ask evaluators to post-edit all of the segments from one of the 41 texts, 25 segments 

were chosen at random from the 849 source segments for which both pre-edited and non-pre-

edited translations existed. This was done to obtain a more global evaluation of the translation 

quality in the data set. Dependent clauses that relied on other parts of the text (i.e. bullet points 

that appeared without a header segment) were omitted so that editors could work only within the 

interface, without having to refer to other segments for context. Sentences that resulted in identical 
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translations regardless of whether or not they were pre-edited were also omitted, since we can 

assume that the post-editing effort would be the same. 

The post-editing tasks were performed remotely with MateCat, the free, web-based CAT tool 

described above. Editors received links to two files to post-edit and were instructed to complete 

each task in the order indicated, without consulting the other file. That said, we acknowledge that 

post-editing time for a segment could be reduced for that segment if an editor has already 

processed the source segment before (Gerlach, 2015). To reduce this bias, we provided two 

separate files so that evaluators could not directly use the changes they made to the first translation 

(pre-edited) to post-edit the second translation (non-pre-edited). The 25 segments in each file 

appeared in a randomized order to account for possible fatigue effects, with each source segment 

appearing only once per file. Half of the translators were instructed to complete File 1 first, and 

the other half were instructed to complete File 2 first. In other words, half of the time, an editor 

saw the pre-edited version of the target text first and the other half of the time they saw the non-

pre-edited version first.  

For reasons identified in Section 3.5.2, Ze ZeUe inWeUeVWed in achieYing ´SXbliVhable TXaliW\µ 

WUanVlaWiRn, RU ´TXaliW\ VimilaU RU eTXal WR hXman WUanVlaWiRn.µ This is defined in the Translation 

Automation User Society (TAUS) MT Post-Editing Guidelines as translation that is 

´cRmSUehenVible«accXUaWe«and VW\liVWicall\ fine,µ and WhaW feaWXUeV cRUUecW gUammaU, 

SXncWXaWiRn, and V\nWa[. CRnYeUVel\, UaZ MT RXWSXW RU ´gRRd enRXghµ (alVR UefeUUed WR aV ´giVWµ) 

translation, is comprehensible and accurate but not necessarily stylistically or grammatically 

flawless (TAUS & CNGL, 2010). The TAUS definiWiRn Rf ´SXbliVhable TXaliW\µ fXll SRVW-editing, 

presented in part above, was provided in the task instructions so the editors would know what to 

edit for to achieve the desired result (see Appendix D). Editors had access to the French source 

text in order to evaluate translation accuracy, and a glossary (Appendix E) of acronyms and 

technical terms was provided. Since previous experience with MateCat was not a prerequisite for 

participating in this study, three warm-up segments were included at the beginning of the first file 

and dispersed randomly within the second file that each editor received; editors were not informed 

that they were practice, and the data for those six segments was excluded from our analysis. No 

time limit was imposed for either task, because our goal was not to replicate real post-editing 

conditions. 
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4.3.1.2 Evaluating accessibility 

Because this study addresses texts written with a specific set of guidelines in mind, achieving 

SXbliVhable WUanVlaWiRn TXaliW\ dReV nRW eTXaWe WR meeWing Whe WaUgeW aXdience·V VSecific 

accessibility needs. Since this thesis focuses on a specific controlled language that was developed 

with the goal of making texts accessible to as many readers as possible, our accessibility indicator 

is directly related to the rules that it prescribes, rather than to other possible measures of 

accessibility, described in Section 3.4. So, we can reason that a text that complies with every E2R 

guideline will be more accessible than a text that includes many instances of long sentences and 

complex words, for instance (Chapter 5 presents a discussion of the subjective nature of these 

metrics ² ´lRng,µ ´cRmSle[,µ eWc. ² and therefore of E2R as a whole, one of the major limitations 

of this study). Thus, it was important to measure how well translated texts respond to the 

controlled language guidelines set forth by Inclusion Europe that must be met if a publisher wants 

to include the Easy-to-Read logo on their document. 

4.3.1.2.1 Step 3: Easy-to-Read violation annotation 

With that in mind, an accessibility study was carried out to test RQ2, which can be measured 

quantitatively by Hypotheses 2.1: 

H2.0: Removing forced line breaks before performing NMT with DeepL will improve text accessibility. 

H2.1: The segments that were pre-edited to remove manual line breaks prior to translation with DeepL 

NMT will contain fewer violations of E2R guidelines than the segments that contain manual 

line breaks. 

To test these hypotheses, we performed the same assessment of adherence to Easy-to-Read 

guidelines that was carried out in the exploratory study that inspired this thesis work (Kaplan et al. 

2019; Section 3.5.2) on the English NMT output (H2.1). In Step 3, the researcher annotated the 849 

pre-edited segments and 849 non-pre-edited segments according to ad-hoc categories of general, 

word-level, sentence-level, and structural suggestions (Appendix A) laid out in the Inclusion 

Europe writing guide in order to measure the effect of pre-editing on the total number of E2R 

violations. A single round of annotations was performed using Excel. 

4.3.2 Phase 2: Automatic evaluation of neural machine translation 

The second phase of this thesis is based on automatic evaluation, or evaluation performed by 

machines. This section explains the third factor of linguistic accessibility that was studied using the 
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Easy-to-Read texts translated from French to English with NMT ² readability ² the tool used for 

data collection, and how the evaluation step was designed. 

4.3.2.1 Step 4: Automatic readability evaluation 

The third variable of English neural machine translated texts that we aim to evaluate within the 

framework of this thesis is readability, through the testing of the following hypothesis:  

H3.0: Removing forced line breaks before NMT will improve readability. 

Section 3.3 presents a brief overview of the research in the field of readability that has been done 

up to this point as well as the different definitions and metrics that have been developed. Facing 

the challenge of pinning down one all-encompassing readability metric, we instead identified a 

combination of automatic measurements for linguistic features of readability, based on past work 

on readability for our target population (see Fajardo et al., 2013, 2014; Feng, 2009; Feng et al., 

2009; HXUWadR eW al., 2014; ãWajneU eW al., 2015, 2012; YaneYa, 2015; YaneYa eW al., 2016, 2017; 

Yaneva & Evans, 2015). One study examined whether or not English Easy-Read texts on the 

internet complied with accessibility standards by performing an automatic analysis, using linguistic 

features of readability as proxies for a selection of writing rules (Yaneva, 2015). Drawing on 

Yaneva (2015), we adopt a slight adaptation of these proxies to test H3.0 using the computational 

tool Coh-Metrix 3.0. For the reasons described in Section 3.5.2, we have excluded segments with 

accuracy and fluency errors from this analysis.  

Coh-Metrix tool 

The Coh-Metrix project at the University of Memphis began in 2002, and over the course of nine 

years researchers worked on refining and testing their system. The original goal was to develop an 

automatic measurement tool for text cohesion, but the final product was a broad, multilevel 

analysis tool including but not limited to lexical and syntactical components (McNamara et al., 

2014). Crossley et al. (2007) validated the Coh-Metrix approach for predicting reading difficulty by 

comparing it to traditional readability formulas. But unlike traditional readability formulas, Coh-

Metrix allows for an analysis that goes beyond shallow metrics such as word and sentence length 

and considers other factors of readability such as text cohesion. In practice, Rossetti (2019) used 

the tool to evaluate seven different variables of readability in her work on Cochrane plain language 

summaries, including referential cohesion and deep cohesion, which measure the overlap of ideas 

across a text and the use of connectives that tie ideas together, respectively. Because our data set 

came from many different sources and did not contain texts in their entirety cohesion metrics 
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would not have been accurately represented, however this could be an interesting possibility for a 

follow-up study. 

Automatic evaluation experimental design 

In Step 4 of the research, our corpus of pre-edited and non-pre-edited E2R segments previously 

translated into English by DeepL NMT was analyzed on the basis of over 100 indicators using 

Coh-Metrix 3.0. Although the focus of this step is on readability, due to the close relationship 

between readability and accessibility, certain indicators are more interesting than others for our 

analysis. We selected a sample of E2R writing guidelines that could be easily quantified and 

measured with Coh-Metrix, as presented by Yaneva (2015), to include in our discussion. Figure 4.4 

summarizes the indicator(s) associated with each guideline, described in more detail below. 

Flesch Reading Ease: Traditional readability measure, introduced in our discussion of readability 

in Section 3.3.1, that provides a score of 0.0-100.0, with higher scores indicating a higher ease of 

XndeUVWanding. A dRcXmenW WhaW RbWainV a VcRUe Rf 30 iV cRnVideUed ´YeU\ difficXlW,µ a VcRUe Rf 70 

indicaWeV WhaW a We[W iV ´eaV\,µ and We[WV ZiWh a ma[imXm VcRUe Rf 100 aUe cRnVideUed Ueadable b\ 

SeRSle ZhR aUe ´baUel\ ¶fXncWiRnall\ liWeUaWe,·µ Zhich, in 1949 aURXnd Whe Wime WhaW Whe meWUic ZaV 

developed, made up about 93% of American adults (Dubay, 2004, p. 21). Although the 

measurement is based on sentence length and syllables per word, a metric that Feng et al. (2009) 

argue may not be as useful in determining comprehension for adults with ID as they are for typical 

General Always use the right language for the people your 
information is for. Flesch Reading Ease

Word Level Use easy to understand words that people will know 
well.

Average word length

Word Frequency

Age of Acquisition

Familiarity

Sentence Level

Always keep your sentences short. Average sentence length

Speak to people directly. 2nd Person Pronoun 
Incidence

Use active language rather than passive language. Agentless Passive Voice 
Density

Use positive sentences rather than negative ones. Negation Density

Figure 4.4: Readability indicators measured in this study. From left to right: Easy-to-Read guideline high-level categories 
(ours), Easy-to-Read guidelines (Inclusion Europe), corresponding linguistic indicators (Coh-Metrix 3.0 metrics). 
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readeUV, ãWajneU eW al. (2012) focused on obtaining a Reading Ease score of 90 or higher, which 

corresponds to the equivalent of an American 5th grade reading level,42 in their development of 

the FIRST project. 

Average word length: Measures the mean number of syllables in a word. Shorter words are often 

considered easier to read (cf. Feng et al., 2009). 

Word Frequency: Measured by Coh-Metrix using the CELEX database of 17.9 million English 

ZRUdV. ´WRUdV WhaW RccXU ZiWh a higheU fUeTXenc\ aUe mRUe familiaU WR Whe UeadeU and aUe 

SURceVVed mRUe TXickl\µ (McNamara et al., 2014, p. 73). The guideline that supports the use of 

this indicator as well as the Familiarity indicaWRU iV: ´UVe eaV\ WR Xnderstand words that people will 

know wellµ (Inclusion Europe, 2009, emphasis mine), although its real utility for people with ID 

has been questioned (Feng et al., 2009). We use the Log frequency for our analysis because it has 

been VhRZn WhaW ´ZRUd SURceVVing Wime WendV WR decUeaVe lineaUl\ ZiWh Whe lRgaUiWhm Rf ZRUd 

fUeTXenc\ UaWheU Whan ZiWh UaZ ZRUd fUeTXenc\ [«] becaXVe VRme ZRUdV (VXch aV Whe and iV) haYe 

extremely high frequencies, with minimal incremental facilitation in reading time over words that 

aUe cRmmRn bXW nRW neaUl\ aV fUeTXenWµ (Graesser et al., 2004, p. 197). 

Age of Acquisition (AOA): Coh-Metri[ UelieV Rn GilhRRle\ and LRge\·V UaWingV (1980). HigheU 

AOA VcRUeV indicaWe mRUe difficXlW ZRUdV becaXVe Whe\ aSSeaU in childUen·V YRcabXlaU\ laWeU 

(McNamara et al., 2014). 

Familiarity: Content word (as opposed to function words, such as prepositions and conjunctions) 

familiarity, measured on a scale of 100-700 based on adult user ratings from the MRC 

Psycholinguistic Database. Higher scores indicate less familiar words (McNamara et al., 2014).  

Average sentence length: Measures the mean number of words in a sentence. Shorter sentences 

are considered easier to read and understand because they rely less heavily on working memory, a 

cognitive feature that might affect people with ID more than neurotypical readers (Feng et al., 

2009; Graesser et al., 2004). 

2nd Person Pronoun Incidence: NXmbeU Rf inVWanceV Rf Whe SURnRXn ´\RXµ SeU 1,000 ZRUdV 

(McNamara et al., 2014). The use of second person pronouns is explicitly instructed in our Easy-

to-Read guidelines, which state that a wa\ WR VSeak diUecWl\ WR Whe UeadeU iV WR ´UVe ZRUdV like 

¶\RX·µ (Inclusion Europe, 2009, p. 11). 

 
42 Corresponds to 10-11 years of age. 
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Agentless Passive Voice Density: Measures relative frequency of sentences featuring passive 

constructions, which are considered more difficult to process than active constructions (Just & 

Carpenter, 1987, as cited in McNamara et al., 2014, p. 72). 

Negation Density: Measures incidence of negation, another linguistic feature that negatively 

impacts processing effort (Just & Carpenter, 1987, as cited in McNamara et al., 2014, p. 72). 

We acknowledge the need for a user study measuring comprehensibility to confirm this variable, 

but publishable translation quality and accessibility, i.e. few to no violations of E2R guidelines, 

would need to be achieved before adults with ID could reasonably and ethically be asked to 

evaluate the readability of a supposedly Easy-to-Read text. Due to the significant number of Easy-

to-Read violations and translation errors found throughout the previous three studies, the results 

of which are discussed in Chapter 5, more work would need to be done before that would be 

possible. 

4.4 Summary of methods 

Table 4.4 summarizes the methodology by which each variable was tested, expounded upon in the 

previous sections of this chapter.
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43

 
43 TeUm XVed b\ MaWeCaW, Zhich cRUUeVSRndV WR Whe ´Wechnicalµ dimenViRn Rf SRVW-ediWing effRUW in RXU definiWiRn, baVed Rn KUingV·V WhUee-part description (2001); Section 4.3.1.1.2.  

Research Question Dependent 
Variable Hypothesis Evaluation Type & Tool Indicators 

RQ1: How does the removal of 
line breaks from Easy-to-Read 
French-language administrative 
documents during the pre-editing 
process influence the translation 
quality of English output 
produced by a generic NMT 
system? 

Quality H1.0: Removing forced line breaks 
from French Easy-to-Read texts will 
improve the quality of English NMT 
output. 

[Phase 1; Step 1] 
Human: DQF-MQM error 
typology annotation 
(Section 4.3.1.1.1)  

x Error type 
o Accuracy 
o Fluency 
o Terminology 
o Styleor type 

x Error severity 
o Critical, major, minor, neutral, kudos 

[Phase 1; Step 2] 
Human: MateCat post-
editing effort measurement 
(Section 4.3.1.1.2) 

x Time-to-edit (TTE) 
x Post-editing effort10 (PEE) 
x Secondary indicators: Error type, severity 

RQ2: How does the removal of 
line breaks from Easy-to-Read 
French-language administrative 
documents during the pre-editing 
process influence the accessibility 
of English output produced by a 
generic NMT system? 

Accessibility H2.0: Removing forced line breaks 
before performing NMT with DeepL 
will improve text accessibility. 

[Phase 1; Step 3] 
Human: Easy-to-Read 
guideline adherence 
annotation (Section 
4.3.1.2.1) 

x Violation type 
o General 
o Word-level 
o Sentence-level 
o Structural 

RQ3: How does the removal of 
line breaks from Easy-to-Read 
French-language administrative 
documents during the pre-editing 
process influence the readability 
of English output produced by a 
generic NMT system? 

Readability H3.0: Removing forced line breaks 
before NMT will improve readability. 

[Phase 2; Step 4] 
Automatic: Coh-Metrix 3.0 
(Section 4.3.2.1) 

x General readability 
o Flesch Reading Ease 

x Word-level readability 
o Average word length (syllables) 
o Word Frequency 
o Age of Acquisition 
o Familiarity 

x Sentence-level readability 
o Average sentence length (words) 
o 2nd Person Pronoun Incidence 
o Agentless Passive Voice Density 
o Negation Density  

Table 4.5: Summary of the research questions, dependent variables, primary hypotheses, evaluation methods, and indicators 

o Design 
o Locale convention 
o Verity 
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Chapter 5: Findings and Discussion 
5.1 Introduction 

The three dependent variables that make up what we call linguistic accessibility ² translation 

quality, accessibility, and readability ² were tested over the course of four steps using the 

methodology described in Chapter 4 (see Section 4.3). After this introduction (Section 5.1), the rest of 

this chapter addresses the findings from our two-phase experiment on the linguistic accessibility 

of pre-edited and non-pre-edited segments that were translated using a generic neural machine 

translation (NMT) system. First, in Section 5.2, we discuss the results of Step 1 and Step 2, which 

examine translation quality from two different angles: translation errors and post-editing effort. 

Next, in Section 5.3, we present the results of Step 3, a two-part process for evaluating our 

accessibility variable with Easy-to-Read (E2R) indicators. Section 5.4 looks at the findings from our 

fourth and final step (Step 4), an automatic evaluation of various readability indicators. Finally, a 

brief summary of the findings and their implications is proposed in Section 5.5. 

5.2 Translation quality 

Translation quality was examined in two of the four steps of this research. The first step was an 

error annotation process performed by the researcher and the second was a post-editing study 

involving six participants, either translators in training or recent graduates from translation 

maVWeU·V SURgUamV. TheVe VWeSV aimed WR anVZeU Research Question 1 (RQ1) by testing 

Hypothesis 1.0: 

H1.0: Removing forced line breaks from French Easy-to-Read texts will improve the quality of English 

NMT output. 

The findings from these steps are presented and discussed in Sections 5.2.1 and 5.2.2, respectively. 

5.2.1 Step 1: Error annotation 

Our first translation quality assessment step was carried out by the researcher using the Dynamic 

Quality Framework and Multidimensional Quality Metrics (DQF-MQM) error cataloging system 

described in Section 3.2.2.1. A short excerpt of the results from this step and from Step 3, which 

compares the translations and how they were annotated by the researcher, can be found in 
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Appendix F. It is worth noting that DeepL Translator produced identical translations, or in other 

words pre-editing had no effect, for 195 of the 849 segments. 

5.2.1.1 Error prevalence and severity 

With H1.1 and H1.2, we predicted that the number and severity of errors would be positively 

impacted by the pre-editing step: 

H1.1: The segments that were pre-edited to remove manual line breaks prior to translation with DeepL 

NMT will contain fewer translation errors than the segments that contain manual line breaks. 

H1.2: The segments that were pre-edited to remove manual line breaks prior to translation with DeepL 

NMT will contain less serious translation errors than the segments that contain manual line 

breaks. 

Of the 849 segments evaluated, we found zero DQF-MQM errors in 358 of the pre-edited 

segments, compared to just 201 of the non-pre-edited segments. However, some segments 

contained multiple errors. Overall, 634 errors were flagged in the pre-edited test set, for a 

prevalence of 74.68% or nearly 3 in 4 segments. An average of more than one error per every non-

pre-edited segment was found, a prevalence of 109.66% (931/849). This amounts to a 31.90% 

decrease in errors that is directly related to the absence of manual line breaks, results that would 

appear to support H1.1. A one-tailed dependent t-test was chosen for statistical analysis based 

on the methodology of our study: within-group design, one independent variable, hypothesis that 

indicates direction (as a reminder, we predicted that pre-editing would reduce the number of errors 

in the translation) (Lazar, 2017). This significance test reveals a p-value of much less than 0.05, 

indeed providing strong evidence that we can reject the null hypothesis. These results are 

summarized in Table 5.1. 

 Non-Pre-Edited Pre-Edited t-value p-value 

Errors per segment, Mean 1.096 0.746 14.60399356 <0.001 

Table 5.6: Mean errors in non-pre-edited and pre-edited segments, t-value and p-value obtained from one-tailed 
dependent t-test 

No critical errors ² errors that according to the TAUS Quality Dashboard (2016) ́ ma\ caUU\ health, 

safety, legal or financial implications « RU Zhich cRXld be Veen aV RffenViYeµ ² were found, and neutral 

errors ² eUURUV WhaW UeflecW Rnl\ Whe annRWaWRU·V VW\liVWic SUefeUenceV ² accounted for less than 2% 

of all errors for each of the test sets. All neutral errors had to do with using the person pronoun 
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´heµ ZheUe a mRUe inclXViYe fRUm VXch aV ´he RU Vhe,µ ́ Whe\,µ RU VimSl\ a UeSeWiWiRn RU UeShUaVing 

of the noun, could have been employed instead. Curiously, although the French source text only 

eYeU feaWXUed ´ilµ Zhen UefeUUing WR a geneUal SRSXlaWiRn WhaW cRXld be male RU female, WhiV ZRUd 

ZaV WUanVlaWed aV ´he RU Vheµ/´hiV RU heUµ 66.67% Rf Whe Wime (26 Rf 39 SRVVible inVWanceV) in Whe 

pre-edited test set and 19.05% of the time (8 of 42 possible instances, including once erroneously 

when the text clearly referred to a specific male example) in the non-pre-edited test set. The 

majority of the errors found in both test sets were of minor severity (536 or 57.57% of all 

errors in the non-pre-edited test set and 382 or 60.25% of all errors in pre-edited test set), defined 

by the DQF-MQM fUameZRUk aV, ´EUURUV WhaW don't lead to loss of meaning and wouldn't confuse or 

mislead the user but would be noticed, would decrease stylistic quality, fluency or clarity, or would make 

Whe cRnWenW leVV aSSealingµ (TAUS, 2016). A lower percentage of errors were considered major in 

the pre-edited dataset than in the non-pre-edited dataset. We conducted another one-tailed 

dependent t-test to find out if these results could be considered significant. As displayed in Table 

5.2, this test does allow us to validate H1.2. We suspect that the definitions of severity are fairly 

subjective, so these results would ideally need to be confirmed by a larger sample of annotators. 

 Non-Pre-Edited Pre-Edited t-value p-value 

Major errors per segment, 
Mean 0.452 0.289 8.23975443 <0.001 

Table 5.7: Mean major errors in non-pre-edited and pre-edited segments, t-value and p-value obtained from one-tailed 
dependent t-test 

Table 5.3 provides a comparison of the number of errors found in each test set, as well as a 

breakdown by severity level. 

 Total Errors Neutral Minor Major Critical 

Non-Pre-Edited 931 100% 12 1.29% 536 57.57% 383 41.14% 0 0% 

Pre-Edited 634 100% 7 1.10% 382 60.25% 245 38.64% 0 0% 

Table 5.8: Comparison of number and severity of errors, in both absolute value and percentage of the total, for pre-edited and 
non-pre-edited segments 

 
5.2.1.2 Error type 

We were also interested in the types of errors most impacted by the pre-editing process and 

formulated the following hypothesis, to be tested during the same error annotation task: 

H1.3: Fluency and style will be the two categories most positively affected by this pre-editing process. 
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As shown in Table 5.4, the number of fluency errors was nearly three times as high for the non-

pre-edited dataset as it was for the pre-edited dataset (156 vs. 56) and represented roughly twice 

as high of a proportion of total errors (16.76% vs. 8.83%). 

 Non-Pre-Edited Pre-Edited 

 Minor Major Total % of Total Minor Major Total % of Total 

Accuracy 122 109 231 24.81% 91 47 138 21.77% 

Fluency 103 53 156 16.76% 52 4 56 8.83% 

Terminology 92 166 258 27.71% 61 144 205 32.33% 

Style 218 56 286 30.72% 178 50 235 37.07% 

Table 5.4: Error type breakdown for non-pre-edited and pre-edited segments by absolute value and percentage of total errors 
for each test set 

Within the fluency category, grammar was the most frequent error subcategory; we reported 122 

instances of ungrammatical segments in the non-pre-edited data and 46 in the pre-edited data, 

however these represent roughly the same proportion of the total respective fluency errors 

(78.21% for non-pre-edited and 82.14% for pre-edited). There was, however, a marked 

improvement in another fluency sub-category: punctuation. Punctuation errors made up 17.31% 

of all fluency errors in non-pre-edited segments, a number which dropped to 8.93% after pre-

editing. We observed that DeepL struggles with sentence boundary disambiguation when a 

sentence is split onto multiple lines via forced line breaks (in our examples, line breaks are 

represented by forward slashes), sometimes adding punctuation in the middle of a segment, such 

as: 

Source Non-Pre-Edited Pre-Edited 

Dès que la MDPH reçoit votre 
demande de recours elle vous 
envoie un accusé de réception / de 
votre demande. 

As soon as the MDPH receives 
your appeal request, it sends you an 
acknowledgement of receipt. of 
your request. 

As soon as the MDPH receives 
your appeal request, it sends you an 
acknowledgement of receipt of 
your request. 

Table 5.5: Example that demonstrates how forced line breaks can produce unexpected results in translation, such as added 
punctuation 

Our findings regarding style errors, which only decreased by 17.83% after pre-editing, were 

particularly surprising. As Karreman et al. (2007) and Schmutz et al. (2019) reported, the style of 

E2R can sometimes be off-putting for readers without disabilities since is quite different from 

standard English. Without a follow-up investigation we cannot say with certainty whether a given 

style issue stemmed from the style of the FALC (Facile à lire et à comprendre) source text or was 

caused by forced line breaks. 
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Terminology was the only category to produce more major errors than minor errors; these errors 

were flagged as major 58% of the time for non-pre-edited segments and 70.24% of the time for 

pre-edited segments. Though more severe a majority of the time, the researcher observed that they 

were also the easiest to spot, particularly in texts of the administrative genre which tend to include 

many acronyms. In fact, we observed 93 acronym-related terminology errors in the non-pre-edited 

data versus 74 in the pre-edited data. Table 5.6 shows an example of how terminology was 

sometimes the only thing that changed in the non-pre-edited and pre-edited translations: 

Source Non-Pre-Edited Pre-Edited 

Le juge peut aussi prendre la même 
décision que la MDPH. 

The judge can also make the same 
decision as the MDPH. 

The judge may also take the same 
decision as the CDM. 

Table 5.6: Example that demonstrates how line breaks could affect translation of terminology 

An avenue of future research could involve the new DeepL glossary feature, which was not yet 

available when this study was carried out, to determine whether it is an effective way of limiting 

terminology errors. Wang et al. (2017) raise the issue of terminological consistency in their research 

on cross-sentence context in NMT and propose a model that takes previous source sentences 

from the same document into consideration when determining the best output. DeepL does have 

a full document translation feature, though whether or not it incorporates technology similar to 

Wang eW al.·V (2017) aSSURach iV XnknRZn. WiWh WhiV in mind, iW iV SRVVible WhaW WUanVlaWing fXll 

documents rather than isolated sentences, as was the case in this thesis, could improve consistency, 

however this was not a logical option for our study since the test data was comprised of many 

different source documents. 

Two other terminology issues particular to E2R are: the speed at which language surrounding 

diVabiliW\ changeV, fRU inVWance Whe WeUm ´menWal UeWaUdaWiRn,µ Zhich haV nRW Rnl\ been UeSlaced 

b\ ´inWellecWXal diVabiliW\µ ZiWhin Whe laVW decade44 but which has also quickly become derogatory;45 

as well as the differences in rate of change and adoption that seem to exist between English-

speaking and French-speaking societies, such as the idea of people-first language. Performing a 

Google Books N-gram Viewer inquiry, displayed in Figures 5.1 and 5.2, VhRZed WhaW ´SeRSle ZiWh 

diVabiliWieVµ RYeUWRRk ´diVabled SeRSleµ in fUeTXenc\ in Whe 2019 YeUViRn Rf Whe EngliVh cRUSXV in 

1990, bXW ´personnes en situation de handicapµ (Zhich fiUVW aSSeaUed in 1987) did nRW becRme mRUe 

 
44 https://www.federalregister.gov/documents/2013/08/01/2013-18552/change-in-terminology-mental-
retardation-to-intellectual-disability Last accessed: October 8, 2020 
45 https://ncdj.org/style-guide/ Last accessed: January 4, 2021 

https://www.federalregister.gov/documents/2013/08/01/2013-18552/change-in-terminology-mental-retardation-to-intellectual-disability
https://www.federalregister.gov/documents/2013/08/01/2013-18552/change-in-terminology-mental-retardation-to-intellectual-disability
https://ncdj.org/style-guide/
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SUeYalenW Whan ´les handicapésµ in Whe 2019 YeUViRn Rf Whe FUench cRUSXV XnWil 2014.46 We observed 

that pre-ediWing alVR imSacWed WhiV W\Se Rf langXage: 42 inVWanceV Rf ´handicaSSedµ RU ´diVabled,µ 

deemed inconsistent terminology by the researcher,47 were found in non-pre-edited segments 

compared to just 29 in pre-edited segments. This is a surprising finding, since in theory, line breaks 

should have an impact on syntax, rather than terminology. This could be because line breaks are 

interpreted as end of sequence markers, and therefore less context is available from the rest of the 

sentence in non-pre-edited segments to help the technology select the best translation. This is one 

key disadvantage of neural machine translation in general; unlike rule-based machine translation, 

where rules and preferences can be hard coded, and statistical machine translation, where source 

segments that produce certain translations or errors can easily be found and removed from the 

corpus, neural machine translation is much more opaque and it is difficult to pinpoint and rectify 

problematic data introduced during training. 

 
46 https://books.google.com/ngrams/ Last accessed: October 8, 2020 
47 Not all people with disabilities prefer this terminology. No matter what terminological choices are made, however, 
consistency across communication is key. 

https://books.google.com/ngrams/


 
 
 

 
 

76 

Figure 5.9: Google Books N-gram analysis (1919-2019) of English terms in the disability lexicon 

Figure 5.10: Google Books N-gram analysis (1919-2019) of French terms in the disability lexicon 

No errors were found for either test set in the Design, Locale Convention, Verity, and Other 

categories, so they were not included in Table 5.4. 

In conclusion, Hypothesis H1.3 is only partially supported by these findings. Fluency was 

the category most positively affected by pre-editing, experiencing a 64.10% decrease in total errors 

as well as a decrease in proportion of errors of roughly half (8.83%). The style category experienced 

a smaller decrease in total errors, of just 17.83%, and was the only category negatively impacted in 

terms of the proportion of total errors that it represented, increasing from 30.72% to 37.07% after 

pre-editing. 

5.2.1.3 Discussion and limitations of Step 1 

Although we observed a marked decrease in errors, the number of errors found even when our 

pre-editing step was performed is still unacceptable for publishing purposes. This confirms a need 

for better pre-editing and likely also machine translation post-editing (see Section 5.2.2) if NMT 

with a generic system such as DeepL is to be a suitable method for E2R translation and text 

production. 
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Collecting data from only one annotator (the researcher) is a limitation of this study, particularly 

since the fairly low inter-rater reliability between the three participants in the exploratory study 

cast doubt on the objectivity of the DQF-MQM framework of evaluation. Inter-annotator 

agreement (IAA) is notoriously difficult to obtain due to the complexity of language; as Lommel 

et al. (2014, p. 36) conclude: 

HXman annRWaWRUV· meWa -understanding of language is quite variable, even 
when working with professional translators. Even wit h an analytic 
framework and guidelines there is significant, and perhaps unavoidable, 
disagreement between annotators. To a large extent this  disagreement 
reflects the variability of human language.  

For instance, the lack of an official termbase, as was the case in this study, could lead some 

evaluators to classify an error as a mistranslation rather than a terminology error and vice versa, or 

to not classify it as an error at all. Additionally, there was the issue of regional differences; not 

having a clear idea of the target audience (primarily UK, primarily US, or primarily international) 

led to a bias toward US spelling, dialect-specific vocabulary, and date conventions. Presumably, 

the new DeepL regional English selector, which had not yet been released when translation was 

carried out for this study, could resolve some of this uncertainty. As mentioned in Section 4.3.1.1.1 

Error annotation experimental design, another limitation of this study is that the annotator was the same 

person who performed the translation with DeepL, and because sentences were not randomized 

for ease of analysis; due to the layout of E2R, i.e. numerous bulleted lists and short sentences, 

context from surrounding segments was often needed to determine whether an error is present or 

not. The large corpus size and a lack of financial resources made it unfeasible to recruit other 

participants for such a time-consuming task, however we attempted to combat this potential bias 

by leaving sufficient time between translation and annotation and masking identifying information 

in the file names. Another way that we tried to counterbalance these limitations was by adding a 

second study to assess translation quality with multiple participants, the findings from which are 

presented and discussed in the next section (Section 5.2.2). 

5.2.2 Step 2: Post-editing 

In an attempt to obtain a more thorough answer for our first research question (RQ1), we 

conducted a second translation quality assessment step consisting of post-editing using the web-

based translator workbench MateCat. Step 2 aimed to test Hypothesis 1.4: 
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The segments that were pre-edited (i.e. manual line breaks were removed) prior to translation will require 

less post-editing effort to achieve publishable quality than the segments that were not pre-edited, and 

that therefore contained manual line breaks, when translated with DeepL NMT. 

We focused our attention on three main aspects of the data collected with MateCat: Post-Editing 

Effort (PEE), Time-to-EdiW (TTE), Whe final RXWSXW (´ReYiViRnµ) SURdXced b\ Whe SRVW-editors. 

Results based on the first two types of data will be explored in this section, as they help us measure 

translation quality. The third type of data will be analyzed in Section 4.3.1.2 to help us measure 

accessibility. Because post-ediWing Wime and effRUW can YaU\ VR mXch baVed Rn an ediWRU·V SeUVRnal 

experience, we were interested in comparing results within each post-ediWRU·V indiYidXal daWaVeW in 

addition to comparing results across the board. 

5.2.2.1 Temporal measurement: Post-editing time 

The first indicator of translation quality is post-editing time, or TTE. Table 5.7 shows an example 

of a non-pre-edited (again, line break represented by forward slash) and a pre-edited segment and 

the NMT output that was produced for each, and the corresponding TTE for our six post-editors. 

DeepL seems to have interpreted the line break as an end-of-sentence marker; in absence of the 

UeVW Rf Whe VenWence, Whe fiUVW claXVe (´DemandeU Xne cRnciliaWiRn j la MDPHµ) iV Whe W\Sical 

structure of a header or title, and therefore the first verb could be translated in the present simple 

(´UeTXeVW,µ aV iW ZaV WUanVlaWed in Whe nRn-pre-ediWed VegmenW) RU Whe SUeVenW cRnWinXRXV (´aVking,µ 

as it was translated in the pre-edited segment). However, in presence of the rest of the sentence 

following the line break, only the present continuous is acceptable. The TTE results for some 

segments, including the one shown in Table 5.7, were surprising. Clearly, there is a grammatical 

issue to resolve in the non-post-edited segment, and post-editors were also required to consult the 

glossary provided to determine how to deal with the acronym, which was incorrect in the non-

pre-edited segment. Therefore, we would expect editors to spend less time working on the pre-

edited segment. Yet this was only the case for two of the six post-editors. This result raises the 

question of how a lack of post-editing experience or subject matter experience could factor into 

TTE. 
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Figure 5.3 compares the mean TTE in seconds for all 25 non-pre-edited segments and all 25 pre-

edited segments for each post-editor as well as for the whole group, including the standard 

deviation for each set of segments. Clearly, the results were extremely varied from editor to editor; 

the mean editing time for pre-ediWed VegmenWV Uanged fURm 13.52V (0V fRU ´SeUfecWµ VegmenWV WhaW 

required no post-editing) to 261.76s, and from 24.12s (again, 0s for untouched segments) to 

275.20s for non-pre-edited segments. Two-thirds (N=4) of post-editors spent a lower average time 

working on pre-edited segments than they did on non-pre-edited segments. For the post-editors 

who, on average, spent longer working non-pre-edited segments than pre-edited segments (PE1 

and PE3), the difference in mean post-editing time for the two sets of segments was minimal: less 

than 2 seconds. The mean TTE for the group was 94.2s/segment for non-pre-edited segments 

and 81.59s/segment for pre-edited segments. Overall, editors saved an average of 12.61 seconds 

per segment when editing segments in which line breaks were removed before translation; in other 

words, the pre-editing process resulted in a post-editing time gain of 13.38%. 

 

 Non-Pre-Edited Pre-Edited 

Source (FR) 
Demander une conciliation à la MDPH / 
YRXV SeUmeW d·aYRiU Xn Uende]-vous avec 
une personne. 

Demander une conciliation à la MDPH 
YRXV SeUmeW d·aYRiU Xn Uende]-vous avec 
une personne. 

Target (EN) 
Request conciliation from the CDM 
allows you to have an appointment with a 
person. 

Asking for conciliation at the MDPH 
allows you to have an appointment with a 
person. 

TTE 
(PE1/2/3/4/5/6) 53s / 30s / 177s / 33s / 10s / 546s 68s / 0s / 43s / 64s / 17s / 1053s 

Table 5.9: Example of NMT output of non-pre-edited and pre-edited segments with corresponding TTE 

 

Figure 5.11: Post-editor comparison of mean Time-to-Edit (TTE) in seconds for non-pre-edited vs. pre-edited segments 
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Using a standard outlier calculation (Q1 - 1.5*IQR and Q3 + 1.5*IQR), we did observe several 

outliers in the data from one post-editor in particular, PE6. This person reported 20 instances (out 

of the 33 total outliers in 2*150 segments) of a TTE exceeding the upper bounds of 142.5 seconds 

for pre-edited segments and 182.38 seconds for non-pre-edited segments ² 4 of which exceeded 

15 minutes and one of which exceeded 45 minutes. We did instruct post-editors to close the 

webpage if they needed to take a break, to ensure that they clock was only running when they were 

actively working on the segments; PE6 may not have followed these instructions, however there 

is no way to be sure whether they were actually working on the segments (for instance, researching 

the WRSic) ZiWh e[ceedingl\ lRng TTE RU nRW. PE6·V WRWal Wime VSenW Rn Whe fiUVW file Whe\ SURceVVed 

was 175.55 minutes, whereas the second file only took them 48.18 minutes or over 3.5 times 

shorter, which supports our decisions to split up the pre-edited and non-pre-edited segments 

evenly within each file and to give half of the participants one file first, and the other half the other 

file first. This post-editor also flagged a higher number of errors than any of the other editors, 

which could have contributed to their longer editing times. PE6 flagged 33 errors for pre-edited 

segments and 39 for non-pre-edited segments, compared to the group average of 23 for pre-edited 

and 28.33 for non-pre-ediWed. E[clXding WhiV SeUVRn·V daWa, Whe RYeUall mean fRU SRVW-editors 1 

through 5 drops to 58s for non-pre-edited segments and 45.55s for pre-edited segments, a time 

gain of 12.45 seconds per segment or 21.47%. 

Table 5.8 shows a breakdown of post-editing time results per segment and per editor. Theoretically, 

a very long TTE for one non-pre-edited segment could skew the mean in favor of pre-edited 

segments, however this breakdown of results shows that that was probably not the case. All but 

two of the six editors spent less time on the pre-edited version than on the non-pre-edited version 

of the same segment for a majority of segments. One editor (PE3) spent less time on the non-pre-

edited version more often, and the results were split for another editor (PE1). Overall, editors 

spent less time on the pre-edited version 52.67% of the time versus less time on the non-pre-

edited version 38.67% of the time. Almost 1/10 (8.67%) of the time, they spent an equal amount 

of time on each version; in almost all cases, these were segments that post-editors spent 0 seconds 

revising.  
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# of Pre-Edited Segments 

with Shorter TTE than 
Non-Pre-Edited 

Counterpart (of 25) 

# of Non-Pre-Edited 
Segments with Shorter 
TTE than Pre-Edited 

Counterpart (of 25) 

# of Pre-Edited and Non-
Pre-Edited Segments with 

Equal TTE (of 25) 
 

 PE1 11 11 3  
 PE2 15 5 5  
 PE3 9 15 1  
 PE4 14 11 0  
 PE5 15 6 4  
 PE6 15 10 0  

 All 79 58 13  

Due to the extreme TTE values in our data, it is more useful to compare median values than mean 

values, particularly for determining the statistical significance of this experiment. Doing so revealed 

a median TTE of 37.0 seconds for non-pre-edited segments and 30.5 seconds for pre-edited 

segments, as shown in Figure 5.4. The data points shown are the outliers, with an indication that 

one extreme outlier lies beyond the bounds of the plot for clarity purposes. 

The p-value of 0.13, obtained using a Mann-Whitney U test (Lazar, 2017; Mann & Whitney, 1947) 

with a type I error of 5% (Table 5.9) does not provide strong enough statistical significance 

to allow us to reject the null hypothesis that pre-edited and non-pre-edited segments require 

the same amount of effort to post-edit when measured in TTE. 

Table 5.10: Distribution of segments with shorter Time-to-Edit (TTE), which represents higher post-editing 
productivity, per post-editor and in total (higher values marked in bold) 

  
Figure 5.12: Median Time-to-Edit (TTE) for pre-edited and 
non-pre-edited segments in seconds 
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 Non-Pre-Edited Pre-Edited P-value 

Time-to-Edit (TTE) in seconds, 
Median (Q1-Q3) 37.0 (19.2-84.5) 30.5 (15.0-66.0) 0.13 

Table 5.11: Median TTE for non-pre-edited and pre-edited segments for all participants, and p-value 
obtained from Mann-Whitney U test 

 

5.2.2.2 Technical measurement: Post-editing effort 

We anticipated the factors that could make post-editing time a less reliable measure of translation 

quality, such as lack of subject matter as well as post-editing experience and lack of familiarity with 

the post-editing environment, and therefore also analyzed post-editing effort from a technical 

point of view. Table 5.10 shows the PEE for the same example segment used in Table 5.7. Although 

only one-third (N=2) of post-editors spent less time editing this particular pre-edited segment, 

regardless of the time spent thinking about the segment or performing research for it, five of the 

six participants ended up making fewer changes to the pre-edited segment, indicating higher 

translation quality. 

 

Figure 5.5 compares mean PEE in percentage of a raw segment that was amended for all 25 non-

pre-edited segments and all 25 pre-edited segments for each post-editor as well as for the group, 

including the standard deviation for each set of segments. For this indicator, all six post-editors 

experienced higher average productivity (i.e. made fewer changes) for pre-edited 

segments than for non-pre-edited segments. The mean proportion of segments that was 

changed in the post-editing process was 20.02% for non-pre-edited segments and 15.63% for pre-

edited segments. 

 Non-Pre-Edited Pre-Edited 

Source (FR) 
Demander une conciliation à la MDPH / 
YRXV SeUmeW d·aYRiU Xn Uende]-vous avec 
une personne. 

Demander une conciliation à la MDPH 
YRXV SeUmeW d·aYRiU Xn Uende]-vous avec 
une personne. 

Target (EN) 
Request conciliation from the CDM 
allows you to have an appointment with a 
person. 

Asking for conciliation at the MDPH 
allows you to have an appointment with a 
person. 

PEE 
(PE1/2/3/4/5/6) 37% / 16% / 76% / 30% / 26% / 59% 35% / 0% / 82% / 13% / 10% / 44% 

Table 5.12: Example of NMT output of non-pre-edited and pre-edited segments with corresponding PEE 
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Once again, the breakdown by number of segments in Table 5.11 supports these findings; 91, or 

60.67% of, pre-edited segments were modified less than the non-pre-edited version of the same 

segment, compared to 32 (21.33%) segments with the opposite findings, and 27 (18%) segment 

pairs with equal PEE.  

 
 

 
# of Pre-Edited Segments 

with Lower PEE than 
Non-Pre-Edited 

Counterpart (of 25) 

# of Non-Pre-Edited 
Segments with Lower 
PEE than Pre-Edited 
Counterpart (of 25) 

# of Pre-Edited and Non-
Pre-Edited Segments 

with Equal PEE (of 25) 
 

 PE1 13 5 7  
 PE2 13 3 9  
 PE3 14 9 2  
 PE4 18 5 2  
 PE5 14 4 7  
 PE6 19 6 0  

 All 91 32 27  

We obtained a median PEE of 14% for non-pre-edited segments and 9% for pre-edited segments, 

as displayed in Figure 5.6. Once again, the data points shown are outliers, found using the same 

standard outlier calculation that was used for TTE. 

Table 5.13: Distribution of segments with lower Post-Editing Effort (PEE), which represents higher post-
editing productivity, per post-editor and in total (higher values marked in bold) 

0.00% 10.00% 20.00% 30.00% 40.00% 50.00% 60.00%

PE1

PE2

PE3

PE4

PE5

PE6

All

Mean PEE for Non-Pre-Edited Sentences Mean PEE for Pre-Edited Sentences

Figure 5.13: Post-editor by post-editor comparison of mean Post-Editing Effort (PEE) in percentage of segment modified for 
non-pre-edited vs. pre-edited segments 
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We used a Mann-Whitney U test (Mann & Whitney, 1947) with a type I error of 5% to determine 

the statistical significance of our PEE experiment as well (Table 5.12). The highly significant p-

value of 0.007 obtained for this test does allow us to reject the null hypothesis that pre-edited 

and non-pre-edited segments require the same amount of effort to post-edit when measured in 

PEE. 

 Non-Pre-Edited Pre-Edited p-value 

Post-Editing Effort (PEE) in 
percentage, Median (Q1-Q3) 14.0 (7.0-32.8) 9.0 (2.0-21.0) 0.007 

Table 5.14: Median PEE for non-pre-edited and pre-edited segments for all participants, and p-value 
obtained from Mann-Whitney U test 

The findings from Step 2 partially support H1.4: The segments that were pre-edited (i.e. manual line 

breaks were removed) prior to translation will require less post-editing effort to achieve publishable quality 

than the segments that were not pre-edited, and that therefore contained manual line breaks, when translated with 

DeepL NMT. 

Translation quality, when measured as post-editing effort, was significantly improved (p-

value < 0.05) in terms of the percentage of changes made when segments were pre-edited to 

exclude the manual line breaks instructed by E2R guidelines, but not necessarily in terms of 

time spent editing. 

 
Figure 5.14: Median Post-Editing Effort (PEE) for pre-
edited and non-pre-edited segments, in percentage changed 
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5.2.2.3 Discussion and limitations of Step 2 

Results for post-editing time could have been skewed by a few factors. First, familiarity with the 

topic. Since our corpus was built with texts from the administrative genre, explaining different 

structures and welfare benefit systems that concern people with disabilities, it featured quite a few 

terms, acronyms, and concepts that the average English speaker ² and even many French speakers 

² would have never heard and that do not have an official English translation yet. Post-editors 

were allowed to use external resources, though the majority of this field-specific terminology was 

provided in a glossary. Despite this, several post-editors wrote comments about their doubts on 

terms that were not given to them. Additionally, the glossary was provided to post-editors as a text 

file. Had Ze Waken adYanWage Rf MaWeCaW·V inWegUaWed glRVVaU\ feaWXUe, iW iV SRVVible WhaW SRVW-

editors would have spent less time on segments with specific terms and edited them more reliably; 

for instance, we observed that editors did not correctly identify all instances of terminology errors 

that were present in the raw translations. Post-ediWRUV· VcUeenV ZeUe nRW UecRUded, and feedback 

was not systematically collected regarding the particular difficulties faced, so we are unable to know 

how each participant performed the task. Future work could provide insight into what resources 

editors consulted by carrying out this study in a more controlled environment. 

We recognize that our post-editing study was not conducted under the same circumstances that 

normal post-editing would be when performed by professional translators. For one, post-editors 

did not know that they were editing Easy-to-Read language, simply because training the editors to 

produce E2R would have been too time-consuming and limiting our candidate pool to people 

who were already experienced at producing this type of writing would have been too restrictive. 

Second, post-editors did not have entire documents for context. Segments from different 

documents and related to different topics were mixed within the sample provided, and several 

editors commented that they could not be sure whether a structure was correct or not without 

knowing what came before it. We also did not account for the time it would take to insert new line 

breaks at the appropriate spots; we did not ask post-editors to perform this task because it would 

generally be done during the desktop publishing (formatting) phase of text production. 

5.3 Accessibility 

The findings reported in this section aim to answer our second Research Question (RQ2), 

regarding the text accessibility branch of our definition of linguistic accessibility. As explained in 

Chapters 2 and 3, the definition of accessibility that we have chosen to base our quantitative analysis 

on is directly tied WR InclXViRn EXURSe·V VeW Rf E2R VWandaUdV. 
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5.3.1 Step 3: Easy-to-Read violation annotation 

The presence or absence of E2R guideline violations, which we measured in Step 3 of our 

investigation, gives us one idea of the level of accessibility of the English translation; theoretically, 

if a text complies with these standards, meaning that it contains E2R few violations, it should be 

accessible to a majority of people with intellectual disabilities. We formulated a general hypothesis 

regarding the impact of pre-editing on accessibility, H2.0: Removing forced line breaks before performing 

NMT with DeepL will improve text accessibility. 

We acknowledge that people with ID are a heterogenous group of readers and that a reception 

study would be needed to confirm these findings. 

5.3.1.1 Guideline violation prevalence 

Of the 849 segments annotated in Step 3, we found zero Easy-to-Read violations in 288 of the pre-

edited segments and in 212 of the non-pre-edited segments. Similarly to the error annotation in 

Step 1, when an Easy-to-Read violation annotation task was carried out, certain segments were 

found to have multiple violations. Overall, 961 violations were found in the non-pre-edited test 

set, which decreased by 24.04% after pre-editing, to just 730 violations. The large decrease in 

E2R violations that occurred when manual line breaks were removed before translation would 

seem to support H2.1: 

H2.1: The segments that were pre-edited to remove manual line breaks prior to translation with DeepL 

NMT will contain fewer violations of E2R guidelines than the segments that contain manual 

line breaks. 

To test the statistical significance of our results, we once again conducted a one-tailed dependent 

t-test. The high t-value and very low p-value obtained (Table 5.13) do indeed allow us to reject the 

null hypothesis; when pre-editing is performed to remove forced line breaks in the French 

source text, the English target text has significantly fewer Easy-to-Read violations. 

 Non-Pre-Edited Pre-Edited t-value p-value 

Violations per segment, Mean 1.132 0.860 10.76234967 >0.001 

Table 5.15: Mean Easy-to-Read violations in non-pre-edited and pre-edited segments, p-value obtained from one-tailed 
dependent t-test 
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Violations decreased almost across the board: by 52.94% in the General category, 14% in the Word 

Level category, and 16.10% in the Sentence Level category. The only category in which they stayed 

constant was the Structural category. These results are summarized in the table below (Table 5.14). 

 Total Errors General Word Level Sentence Level Structural 
Non-Pre-

Edited 961 238 514 205 4 

Pre-Edited 730 112 442 172 4 

Table 5.16: Comparison of number and type of Easy-to-Read violations for pre-edited and non-pre-edited segments 

 
5.3.1.2 Guideline violation type 

We will now highlight some of the most notable findings for the three categories that were 

improved by the pre-editing step. 

General 

Our General category includes two broad recommendations that concern that document as a 

whole: use appropriate language for your audience and explain the topic clearly. One of the most 

common violations that we observed of the first guideline in this category ² ´AlZa\V XVe Whe UighW 

langXage fRU Whe SeRSle \RXU infRUmaWiRn iV fRUµ (Inclusion Europe, 2009, p. 9) ² had to do with 

the disability-related language issues brought up in Section 5.2.1.2, which correspond to 

Terminology errors in the DQF-MQM framework. Next, since E2R assumes that authors will not 

produce so-called ´We[WXal diVWXUbanceV,µ VXch aV gUammaWical eUURUV and e[WUaneRXV ZRUdV WhaW 

would not appear in a typical published document, there are no guidelines that specifically account 

for these errors that were introduced during NMT. Since these disturbances disrupt clarity and 

make sentences more difficult to comprehend, as shown in the example in Table 5.15 they were 

flagged aV YiRlaWiRnV Rf Whe geneUal E2R gXideline WhaW VWiSXlaWeV: ´Make sure you explain the subject 

clearly and also explain any difficult words to do with that subjecWµ (Inclusion Europe, 2009, p. 9). 

This was the guideline that experienced the most positive change as a result of pre-editing, falling 

from 174 errors in the non-pre-edited segments to just 56. These instances were generally classified 

as grammatical errors in Step 1. 

Source Non-Pre-Edited Pre-Edited 

Un tribunal est un endroit o� 
travaillent des professionnels / de 
la justice.  

A court is a place where people 
work of legal professionals. 

A court is a place where legal 
professionals work. 
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Table 5.17: Example of a violation of the clarity E2R guideline that can be mapped as a consequence of the line break rule 

Word level 

In the Word Level category, we found 514 violations before removing line breaks versus 442 after, 

a positive change, but one that was smaller than expected. In fact, in several instances, the non-

pre-edited segment actually resulted in a more E2R-compliant translation with respect to the words 

chosen; non-pre-edited segments featured 15 fewer occurrences of words that violated the guideline 

WhaW VWiSXlaWeV Whe XVe ´eaV\ WR XndeUVWand ZRUdV WhaW SeRSle Zill knRZ Zellµ (Inclusion Europe, 

2009, p. 10). One such example is shown in Table 5.16. This could be because, due to the line 

breaks, less context was available to the system to signal typical administrative language. Both are 

adequate and fluent translations of the source segment, but the pre-edited version reflects the more 

´VRShiVWicaWedµ (and VXbVeTXenWl\ leVV acceVVible) UegiVWeU WhaW iV RfWen SUefeUUed in legal and 

official contexts, as shown by the bolded words. At the same time, this lack of register signaling 

also likely contributed to the prevalence of contracted forms, underlined in Table 5.16, which are 

an E2R violation; 60 violations of this guideline were flagged in the non-pre-edited data compared 

to just 13 in the pre-edited segments. 

Source Non-Pre-Edited Pre-Edited 

Vous devez joindre une photocopie 
du deuxième courrier de la MDPH 
TXi diW TXe YRXV n·aYe] SaV le dURiW 
j l·aide. 

You must attach a photocopy of 
the second letter from the MDPH 
that says you don't have the right 
to help. 

You must attach a photocopy of 
the second letter from the MDPH 
stating that you are not entitled to 
assistance. 

Table 5.18: Example of a surprising positive effect of line breaks on administrative language 

Sentence level 

A majority of E2R violations in our Sentence Level category concerned segments that were too 

long: 90 of 205 sentence-level violations in the non-pre-edited data and 72 of 172 sentence-level 

violations in the pre-edited data. The Inclusion Europe instructions are once again vague regarding 

this aspect ² and perhaps intentionally so, since they were designed to be adapted into many 

languages and some languages need more words than others to express the same ideas. Adding to 

the difficulty is the fact that we also observed sentences that would not necessarily have exceeded 

such a word or character limit, but which featured extraneous words that could be omitted without 

changing the meaning or which could be reformulated in a shorter, more concise manner, such as 

the example in Table 5.17. The translations are 12 and 13 words, respectively, but could be shorter 

and VWill aSSURSUiaWel\ UeflecW Whe VRXUce: ´The MDPH chRRVeV Whe ESAT ZheUe \RX dR \RXU 

inWeUnVhiS.µ 
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Source Non-Pre-Edited Pre-Edited 

C·eVW la MDPH TXi chRiViW l·ESAT 
o� vous faites votre stage. 

It is the MDPH that chooses ESAT 
where you do your internship. 

It is the MDPH that chooses the 
ESAT where you do your 
internship. 

Table 5.19: Example of relatively short translations which could be written in an even shorter and more succinct way 

Some violations of the short sentence guideline were already present in the French source text, 

where a sentence could have been split into two distinct ideas. One such example is shown in Table 

5.18, ZheUe Whe cRnjXncWiRn ´eWµ VignalV a VecRnd WhRXghW, and which produced 31-word English 

translations. This underpins the need for adequate validation in the source language prior to 

translation. 

Source Non-Pre-Edited Pre-Edited 

Le 7 février 2013, Marie-Arlette 
Carlotti a visité le Foyer d'Accueil 
Médicalisé (FAM) Jean Favéris de 
l'association « Les jours heureux » 
et dit qu'il y a de plus en plus de 
personnes handicapées âgées. 

On February 7, 2013, Marie-Arlette 
Carlotti visited the Foyer d'Accueil 
Médicalisé (FAM) Jean Favéris of 
the association "Les jours heureux" 
and says that there are more and 
more elderly disabled people. 

On February 7, 2013, Marie-Arlette 
Carlotti visited the Foyer d'Accueil 
Médicalisé (FAM) Jean Favéris of 
the association "Les jours heureux" 
and said that there are more and 
more elderly disabled people. 

Table 5.20: Example of a long sentence in the French source which was transferred to the English target texts 

The breakdown of errors per category and guideline are summarized in Table 5.18. 
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Category Easy-to-Read Guideline Non-Pre-
Edited 

Pre-
Edited 

General Always use the right language for the people your 
information is for. 64 56 

 Make sure you explain the subject clearly and also explain 
any difficult words to do with that subject. 174 56 

Word 
Level Use easy to understand words that people will know well. 185 200 

 Do not use difficult words. If you need to use difficult 
words, make sure you always explain them clearly. 15 15 

 Use the same word to describe the same thing throughout 
your document throughout the document. 215 180 

 Do not use words from other languages unless they are 
very well known. 1 1 

 Avoid using initials. If you have to use initials, explain 
them. 4 6 

 Try not to use percentages and big numbers. 5 7 

 Be careful when you use pronouns. Make sure it is always 
clear who or what the pronoun is talking about. 21 9 

 Do not use numbers with ordinal indicators or suffixes. 2 3 

 Write numbers as digits, not as words. 6 8 

 Avoid contractions. 60 13 

Sentence 
Level SSeak WR SeRSle diUecWl\. UVe ZRUdV like ´\RXµ WR dR WhiV. 8 10 

 Use positive sentences rather than negative ones where 
possible. 4 4 

 Use active language rather than passive language where 
possible. 59 72 

 Keep the punctuation simple. 27 1 

 Where possible, use the present tense rather than the past 
tense. 17 13 

 Always keep your sentences short. 90 72 

Structural Start new sentences on a new line. 1 0 

 Use bullet points to list things. 3 4 

Table 5.21: Summary of the results of Step 3, the Easy-to-Read violation annotation task (higher values 
highlighted in bold) 

5.3.1.3 Discussion and limitations of Step 3 

Two notable challenges were (i) interpreting the E2R guidelines, for instance determining what 

cRnVWiWXWed a ´difficXlWµ ZRUd and a ´lRngµ VenWence, and (ii) annotating violations in a consistent 

way. The researcher ultimately relied on her own judgement to decide whether (i) a word was too 

difficult or a sentence too long, and (ii) if there was an easier or shorter way to phrase the same 

idea. Employing a text analysis tool, such as the LIREC tool described in Section 3.5.1 or the one 



 
 
 

 
 

91 

based on the COCA corpus developed by linguist Mark Davies,48 which can highlight uncommon 

words and propose a list of alternatives in order of frequency, could reduce the subjectivity of this 

task. Even with the aid of this analysis, it would be necessary to define a methodology for selection 

or a cut-off number, which is one reason why we did not use this approach. Consider the word 

´UeceiYe,µ Zhich haV a fUeTXenc\ Uanking Rf 497th, making it quite common in the English language. 

YeW an eYen VimSleU V\nRn\m e[iVWV: ´geW,µ Zhich UankV jXVW 39th.49 This raises several interesting 

questions. Does opting for an extremely common word rather than a very common word make 

any difference to the target audience? If so, approximately what percentage of readers would 

benefit from the swap? Is the author be doing a disservice to readers in limiting the richness of a 

language? In any case, this obstacle highlighted the true need for including readers with disabilities 

in the process and showed that E2R authors would do well with more concrete guidance.  

Consistency is another limitation of using a manual system to flag E2R violations. Once a decision 

haV been made UegaUding Whe XVe Rf ´UeceiYeµ YeUVXV ´geW,µ fRU inVWance, Ze RbVeUYed WhaW iW ZaV 

difficult to ensure that each and every instance was evaluated in the same way, especially since the 

task was too long to complete in one sitting. We attempted to limit inconsistencies by using the 

search feature in Excel after the initial round of annotations were performed to verify that 

segments with the same issues were treated the same way, however this is an ungraceful solution 

to a problem which could be more easily resolved with an automatic text-checking system like 

LIREC. 

5.4 Readability 

In addition to the three human evaluations described in Sections 5.2 and 5.3, we also conducted 

an automatic evaluation of our English translations of FALC administrative documents obtained 

using DeepL NMT. This section addresses the third and final feature of linguistic accessibility that 

we have identified and measured in this thesis: readability. 

5.4.1 Step 4: Automatic readability evaluation 

We formed the following hypothesis to test using the Coh-Metrix web tool and the methodology 

described in Section 4.3.2.1: 

H3.0: Removing forced line breaks before NMT will improve readability. 

 
48 https://www.wordandphrase.info/analyzeText.asp Last accessed: December 5, 2020 
49 Ibid. 

https://www.wordandphrase.info/analyzeText.asp
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Because of the ethical and practical reasons laid out in our methodology, only the E2R violation-

free subsets of the pre-edited (288 of 849) and non-pre-edited (212 of 849) translations were 

evaluated for readability. A more direct comparison, and therefore perhaps a more accurate 

automatic evaluation, could have been obtained by including the exact same sentences from the 

non-pre-edited and pre-edited data sets in the Coh-Metrix analysis. However, this decision was 

made in order to maximize the amount of data available for analysis. We will now address a 

selection of results of the automatic Coh-Metrix analyses, presented in Table 5.20. 

First, we studied indicators that deal with the shallow measures of readability discussed in Section 

3.3.1: sentence length, word length, Flesh Reading Ease, and Flesh-Kincaid Grade Level. 

As we established in Section 5.3.1, the Inclusion Europe guidelines do not give a precise number to 

aim fRU in WeUmV Rf VenWence lengWh, Rnl\ WhaW aXWhRUV VhRXld, ´AlZa\V keeS \RXU VenWenceV VhRUWµ 

(2009, p. 11). However, as Nietzio et al. (2012) point out, this ambiguity means that sentence length 

can be difficult for authors and evaluators of E2R to judge. Their analysis of roughly 3,000 German 

Easy-to-Read sentences using the grammar checker LanguageTool found an average sentence 

length of eight words, most of which did not exceed 13 (Nietzio et al., 2012). YaneYa·V (2015) 

study of easy-read English (not necessarily E2R) on the web discovered an even lower average, 

just 6.3 words per sentence (SD = 2.17). Compared to these two studies, our translated segments 

were much longer, at 14.42 (SD = 4.065) words/sentence for our non-pre-edited segments a very 

slight improvement after pre-editing, of 14.177 (SD = 4.473) words/sentence. Although not ideal, 

these resulWV aUe belRZ DXba\·V (2004) eVWimaWed aYeUage lengWh Rf aURXnd 20 ZRUdV SeU VenWence 

for standard English texts and meet the recommendations of many modern readability guides for 

internet writing which advise no more than 20-25 words per sentence. 
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The word length for both of our test sets was almost identical (non-pre-edited M = 1.478, SD = 

0.961; pre-edited M = 1.479, SD = 0.957) and ZaV Rn SaU ZiWh YaneYa·V (2015) findingV (M = 1.44, 

SD = 0.12), however with greater variance. The traditional formulas of readability that are 

calculated by Coh-Metrix are the Flesh Reading Ease and the Flesh-Kincaid Grade Level 

measurements. Since these are based on the previous two indicators we discussed, it comes as no 

surprise that there is little difference between the non-pre-edited (67.16; 7.474) and pre-edited 

scores (67.322; 7.391). We are also able to see the direct impact that the sentence length had on 

these measurements when they are compared to the scores Yaneva (2015) obtained of 78.84 (SD 

= 10.9) and 3.83 (SD = 1.75). ãWajneU eW al. (2012) set an even higher Reading Ease score of 90 as 

the minimum for the FIRST language technology developed for the conversion of texts intended 

for people with autism spectrum disorders (ASD). Although there is no official score for E2R, 

Flesch (1979) sets the minimum threshold for Plain English (PE) at 60 his scale of 0-100, and we 

know that E2R was designed to be even easier than PE. Recall that WCAG 2.1 guideline 3.1.5 ² 

Reading Level advises providing easy-language version of any text that requires reading knowledge 

that surpasses the lower secondary level. In the United States, the system the Flesch scores are 

based on, lower secondary education corresponds to 7th through 9th grade, or, once again, no less 

Indicator Non-Pre-
Edited 

Pre-
Edited 

Average sentence length (words) 14.42 14.177 

Average word length (syllables) 1.478 1.479 

Agentless passive voice density 2.29 2.939 

Negation density 6.542 9.307 

2nd-person pronoun incidence 85.378 83.272 

Average Log word frequency 3.205 3.19 

Average age of acquisition 333.39 329.126 

Average familiarity 583.75 584.179 

Flesch Reading Ease 67.16 67.322 

Flesch-Kincaid Grade Level 7.474 7.391 

Table 5.22: A summary of results from the Coh-Metrix 3.0 
analysis of the segment of our translated English corpus featuring 
no Easy-to-Read violations (the better of the two scores for each 
category is highlighted in bold text) 
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Whan 60 Rn FleVch·V Reading EaVe Vcale. TheUefRUe, WhRXgh RXU VcRUeV aUe lRZeU Whan Whe RWheU 

published research, they do fall within, albeit at the high end of, the acceptable range. 

We also studied indicators that correspond to the Word Level category of E2R guidelines: word 

frequency, age of acquisition, and familiarity. Again, there was little difference between the 

non-pre-edited and pre-edited scores. The largest difference that was observed was in the average 

Age of Acquisition (AOA) indicator, for which the pre-edited data scored approximately 4 points 

higher; however, relative to the AOA scale of 0-700, this difference is minor. When compared to 

the data from Yaneva (2015), our texts received somewhat better scores for word frequency (2.494 

for non-pre-edited and 2.509 for pre-edited versus 2.43) and familiarity (583.75 for non-pre-edited 

and 584.179 for pre-edited versus 580.8), but somewhat worse scores for age of acquisition (333.39 

for non-pre-edited and 329.126 for pre-edited versus 317.4; lower scores indicate that a word is 

more likely to be learned earlier on in life). Then again, Fajardo et al. (2014) found no significant 

correlation between word frequency (or length, for that matter) and comprehension in young 

adults with intellectual disabilities during their reception study of Easy-to-Read (IFLA guidelines), 

so these indicators may not be the best predictors of whether a text is easy to read and understand 

by the primary target audience or not. 

Finally, we examined the Coh-Metrix data for three more indicators that we can associate with the 

Sentence Level E2R guidelines: agentless passive voice density (´UVe acWiYe langXage UaWheU 

Whan SaVViYe langXage ZheUe SRVVibleµ), negation density (´UVe SRViWiYe VenWenceV UaWheU than 

negaWiYe RneV ZheUe SRVVibleµ), and second-person pronoun incidence (´SSeak WR SeRSle 

diUecWl\. UVe ZRUdV like ´\RXµ WR dR WhiVµ) (Inclusion Europe, 2009, p. 11). The non-pre-edited 

test set outperformed the pre-edited test set in all three categories, but generally by a small margin. 

Some of the most surprising results were the scores obtained for negation density, which counts 

RccXUUenceV Rf e[SUeVViRnV VXch aV ´nRµ and ´nRW,µ and Zhich aUe WR be aYRided in E2R writing. 

The pre-edited data featured a negation density of 9.307, in contrast to a score of 6.542 for the 

non-pre-edited data. As previously mentioned, a more direct sentence-by-sentence comparison 

would be needed to confirm these findings, since we observed that most instances of negative 

sentences in the target texts were already present in the source text. We hypothesize that a human 

translator would make the switch from a negative construction to a positive one more easily than 

a neural system since it requires complex semantic analysis. 
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5.4.1.1 Discussion and limitations of Step 4 

Although the pre-edited test set scored very slightly better in the comprehensive Flesch readability 

indices of the automatic evaluation, these results do not provide conclusive data to support 

our hypothesis that removing line breaks during pre-editing improves readability, at least insofar 

as it is defined by purely quantitative measurements. In fact, of the 10 indicators examined, the 

non-pre-edited test set obtained better results exactly half of the time, notably for all three 

indicators related to sentence construction (negative vs. positive constructions, active vs. passive 

voice, and direct speech through the use of second-person pronouns). 

These scores help us paint a picture of the overall level of the translations resulting from generic 

neural machine translation before and after line breaks were removed, but they do not allow us to 

capture the entire readability landscape. There were several limiting factors to this step of our 

study. The smaller sample size of data in the non-pre-edited set (3057 words and 212 sentences 

compared to 4058 words and 288 sentences in the pre-edited set), due to the omission of non-

E2R-compliant segments, could have made that data less reliable. Additionally, due to the limited 

amount of published research on Easy-to-Read, there was little empirical evidence to compare our 

data to, besides the work we have cited (Nietzio et al., 2012; Yaneva, 2015). Ideally, these 

measurements would be compared to the scores for the French source texts, which were published 

with the FALC logo and therefore are considered reliably accessible, as discussed in Section 4.2.2. 

However, presently, the Coh-Metrix tool does not support the French language, and there is no 

other comparable tool that provides the same measurements. It would also be interesting to 

compare the results to an English-langXage ´gRld VWandaUd,µ hXman WUanVlaWed and YeUified b\ 

members of the target readership, though none currently exist for the texts studied. 

5.5 Summary of the results 

In this chapter, we examined the linguistic accessibility of English translations of FALC 

administrative documents from three perspectives over the course of four empirical steps, in order 

to determine whether a specific pre-editing process could improve the prospects of generic NMT 

technology to handle this type of controlled language. In each step, we compared results from 

translations that featured line breaks in accordance with Inclusion Europe guidelines and those 

from translations in which line breaks were removed. 

Steps 1 and 2 aimed to answer our first Research Question (RQ1), which Step 1, a human evaluation 

of translation quality via error annotation produced findings that support hypotheses H1.1 and 

H1.2; translation quality was improved when manual line breaks were removed, both in terms of 
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number of errors and severity. Hypothesis H1.3 was partially supported by the outcome of this 

step; fluency was the error category most positively impacted by pre-editing, but style was the 

category least positively impacted. In Step 2, a group of graduate-level translation students 

evaluated post-editing effort. Results from this step partially support hypothesis H1.4; editing 

effort decreased significantly after pre-editing, and editing time was also reduced, though the 

results were not statistically significant. 

Step 3, designed to answer our second Research Question (RQ2), involved human annotation of 

the same pre-edited and non-pre-edited translations, this time in search of violations of the 

aforementioned Easy-to-Read guidelines. Our results, a significant decrease in violations for the 

segments that had been edited to remove line breaks prior to translation, support hypothesis 

H2.1 (and therefore the overarching H2.0), demonstrating that text accessibility is improved when 

this particular pre-editing step is performed. 

Finally, in Step 4 of our experiment, an automatic assessment of readability using the Coh-Metrix 

3.0 web tool intended to answer our third Research Question (RQ3). The split data obtained in 

this step does not support hypothesis H3.0. 

Overall, it would appear that pre-editing to remove the manual line breaks stipulated by Easy-to-

Read guidelines prior to neural machine translation with DeepL improves translation quality and 

accessibility (E2R compliance), but not readability. Although some factors of linguistic accessibility 

were improved as a result of this pre-editing step, as evidenced by our findings from Steps 1 and 3, 

the raw translations obtained were still far from publishable, and the time and effort saved through 

the use of free machine translation may be offset by high post-editing costs, as shown in Step 2. 
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Chapter 6: Conclusions 
This chapter opens (Section 6.1) with an overview of the research conducted for this thesis and a 

summary of the key takeaways from each step of the experiment. It concludes (Section 6.2) with a 

brief diVcXVViRn Rf Whe VWXd\·V dUaZbackV and of its successes, both of which provide ample 

opportunity for further investigations into the topic of barrier-free communication. 

6.1 Summary of the findings 

Up to this point, the literature combining controlled language (CL), machine learning and 

translation, and barrier-free communication is quite limited. Several studies in recent years have 

combined two of the three areas of research ² in particular the relationship between CL and neural 

machine translation (NMT) ² exploring issues such as the neural machine translatability of 

Cochrane Plain Language Summaries (Rossetti, 2019) or that of controlled technical 

communication (Marzouk and Hansen-Schirra, 2019). A few projects and areas of research have 

even touched on all three. Automatic text simplification using machine learning, such as the work 

by T. Wang et al. (2016) and Chen et al. (2017), comes to mind, as does the two-part SIMPLES 

project, whose aim is to produce an automatic text summarization tool and an authoring tool 

specifically for the French version of Easy-to-Read (Français facile à lire et à comprendre, FALC) 

(Jacquet & Poitrenaud, 2019; Chehab et al., 2019). Nonetheless, the exploratory study that inspired 

the present thesis is the only other work to our knowledge that has dealt specifically with Easy-to-

Read (E2R) language and interlingual neural machine translation with the goal of linguistic 

accessibility. 

This study aimed to investigate the degree of linguistic accessibility of controlled language 

generated via NMT. The experiments carried out over the course of two distinct phases were 

designed to accomplish the research goal of determining whether a free, generic NMT system like 

DeepL could be a suitable method of producing Easy-to-Read English translations of French 

source texts. 

In Phase 1 (Section 4.3.1) of the study, linguistic accessibility was assessed through human evaluation 

by means of three different methodological perspectives in three corresponding research steps. 

Step 1 (Section 4.3.1.1.1) the researcher completed a DQF-MQM error annotation as one way to 

assess the translation quality variable. The quantitative data collected in Step 1 of our study suggests 

that the quality of DeepL neural machine translation is significantly higher when a pre-editing step, 

which removes the manually inserted line breaks that are characteristic of E2R, is performed. As 
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expected, quality was significantly improved both in terms of the number and the gravity of errors 

present, validating two of our three hypotheses (H1.1 and H1.2) about our first research question 

(RQ1). Perhaps the most encouraging finding of this step is the total number of translation errors, 

which decreased by nearly 32% as a result of pre-editing. Unexpected results regarding the 

categories of errors that would experience the most positive change due to pre-editing do not allow 

us to validate our third hypothesis (H1.3) for RQ1. In Step 2 (Section 4.3.1.1.2) of the study, 

translation quality was evaluated from another angle, by way of a post-editing experiment with six 

volunteer participants. Participants edited 25 different translations twice for each source sentence, 

once for the version that had been pre-edited and once for the version that had not. We predicted 

that the post-editing effort necessary to achieve a publishable translation would be lessened when 

pre-editing was performed prior to translation (H1.4). Findings were split for this hypothesis; 

participants did expend less post-editing effort when it came to the number of changes they made 

(Post-Editing Effort or PEE), but the difference in time they spent editing (Time-to-Edit or TTE) 

between the two sets of translations was not statistically significant. Our second research question 

(RQ2) focuses on accessibility, which, as the reader will recall, was based on adherence to E2R 

guidelines. As such, Step 3 (Section 4.3.1.2.1) utilized an E2R violation annotation to evaluate this 

component. Roughly a 24% decrease in violations was observed, allowing us to validate hypothesis 

H2.1, which predicted that the level of accessibility would improve as a result of pre-editing. 

Phase 2 (Section 4.3.2) of the study concerned the readability component of linguistic accessibility. 

It was designed based on an automatic evaluation using the Coh-Metrix 3.0 text analysis tool in 

order to answer our third research question (RQ3). In the fourth and final step of the study, Step 

4 (Section 4.3.2.1), we examined a selection of ten readability indicators provided by Coh-Metrix 

for translations with and without pre-editing. While we had predicted that readability would 

improve with pre-editing (H3.0), results for this step were inconclusive. In fact, the non-pre-edited 

translations obtained better scores than their pre-edited counterparts for exactly half of the 

indicators, including all of the indicators related to sentence structure. 

6.2 Next steps 

With this study, we aimed to contribute to the body of knowledge surrounding alternative methods 

of producing accessible multilingual communication. Through our experimentation, we were 

indeed able to answer the research questions posed at the outset of our investigation. Manually 

formatting texts to introduce line breaks at natural pauses in speech helps make information more 

accessible to a target audience of people with intellectual disabilities or other conditions that affect 



 
 
 

 
 

99 

reading skills. However, it is clear that this authoring recommendation was developed with humans 

in mind, not machines. We discovered that this particular formatting standard poses a major 

problem to the DeepL system·V handling of French Easy-to-Read administrative texts, but that 

pre-editing the source texts to address the issue has a positive impact on the subsequent translation 

quality and accessibility (though not necessarily the readability) of English target texts. Our 

research helped fill some noticeable gaps in the literature regarding the weaknesses of neural 

machine translation in dealing with controlled language such as E2R, and how it can be improved 

upon as a tool for producing linguistically accessible text. In doing so, it also shed light on questions 

that still need answering as governments and other societal actors work toward what Felici and 

Griebel (2019) believe must be one of their primary goals: speaking the language of their citizens. 

First, different language combinations and text types should be considered in future work on the 

machine translation of E2R. This was a notable limitation of our study; the specificities of the 

natural languages and the text genre selected do not allow us to generalize our results. Since this 

research was performed, the company has rolled out a glossary feature and a regional English 

dialect option, in addition to several new language pairs and updated neural networks. Due to the 

constant and rapid evolution of this type of technology, it is likely that the quality of neural machine 

translation will continue to improve, perhaps even to the point of learning how to correctly handle 

the sentence boundary disambiguation that caused problems in the texts in our study. From a 

technological perspective, sentence boundary disambiguation could be explored further, since it 

has implications in other types of translation, such as subtitles. Until then, however, other E2R 

guidelines that might prove problematic could be investigated and solutions could be tested in the 

pre-editing process, as we have done with the line break guideline. 

A second substantial limitation of this research is the absence of collaboration with members of 

the disability community. Christiane Maaß (2019) describes the need for accessible communication 

research using the analogy of a pair of beach sandals. The left flip-flop in her analogy represents 

text studies, such as the one we have spent the last five chapters describing. But what is a flip-flop 

without its mate? (SimSl\ a ´fliSµ«) A pair of sandals without both feet is far less helpful than a 

complete set, just as a text study without a corresponding reception study gives us only part of the 

insight we need to draw useful conclusions. Moreover, the Inclusion Europe guidelines on E2R 

themselves mandate the inclusion of members of the target readership in all aspects of text 

production. Although the study carried out for this thesis thoroughly evaluated E2R translations 

from four unique perspectives, we can only make presumptions about how the texts would actually 
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be received. An important follow-up study, ideally involving English-speaking readers with 

intellectual disabilities, would be necessary to validate these initial findings. 

Finally, although aspects of linguistic accessibility were markedly improved thanks to the pre-

editing step that was introduced, it would be imprudent to overlook the raw data; the truth is that 

even the pre-edited translations we obtained were far from usable in terms of quality and 

accessibility. This realization underscores the real possibility that generic NMT is not the most 

practical solution to the obstacles that are currently preventing multilingual E2R from becoming 

widespread. Two avenues of research related to this eventuality immediately come to mind. First, 

an analysis of whether the use of neural machine translation actually makes the process of E2R 

text production faster, easier, and more cost-effective than human translation from scratch, after 

the cost of pre- and post-editing services (ideally by native English-speaking E2R experts) are 

factored in. And second, further empirical exploration into E2R authoring tools such as LIREC 

and FALC Assistant as promising alternatives or complements to the partial solution we have 

presented in this research. 

Much work remains to be done to ensure that written communication implemented in societies 

optimally serves all citizens, including those who have particular challenges due to language skills, 

reading skills, or both. However, with this research we hope to have shown that barrier-free 

communication via multilingual Easy-to-Read language is not only a worthwhile objective to strive 

for, but also that there exist creative technological solutions to achieving it. 
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Appendix A: Easy-to-Read guidelines used for annotation 
 

General 

Always use the right language for the people your information is for. 

Make sure you explain the subject clearly and also explain any difficult words to do with that 
subject. 

 

Word Level 

Use easy to understand words that people will know well. 

Do not use difficult words. If you need to use difficult words, make sure you always explain 
them clearly. 

Use the same word to describe the same thing throughout your document throughout the 
document. 

Do not use difficult ideas such as metaphors. 

Do not use words from other languages unless they are very well known. 

Avoid using initials. If you have to use initials, explain them. 

Try not to use percentages and big numbers. 

Be careful when you use pronouns. Make sure it is always clear who or what the pronoun is 
talking about. 

Avoid all special characters where possible. 

Do not use numbers with ordinal indicators or suffixes, 

Write numbers as digits, not as words. 

Avoid contractions. 

Where possible, write dates out in full. 

 

Sentence Level 

Speak to people directly. Use words like 'you' to do this. 

Use positive sentences rather than negative ones where possible. 

Use active language rather than passive language where possible. 

Keep the punctuation simple. 

Where possible, use the present tense rather than the past tense. 

Always keep your sentences short. 

 

Structure 

Start new sentences on a new line. 

Never split 1 word over 2 lines. 
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Where possible, 1 sentence should fit on 1 line. If you have to write 1 sentence on 2 lines, cut 
the sentence where people would pause when reading out loud. 

Use headings that are clear and easy to understand. 

Use bullet points to list things. 
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Appendix B: Post-editing study call for participation 
 

The following email was sent to all current students and recent graduates of the English section of UNIGE FTI 
Translation MA program, and a modified version was also sent to contacts at select US and UK universities 
featuring translation technology courses. 
  
Dear fellow students,  
  
I hope you are all doing well and staying safe! I am reaching out because I am conducting a post-
ediWing VWXd\ fRU m\ maVWeU·V WheViV aW Whe UniYeUViW\ Rf GeneYa. 
  
My project is about neural machine translation and text accessibility. I am looking for native 
English-speaking participants who have some previous experience with Machine Translation 
Post-Editing, which could include post-editing labs or exercises done within the framework of 
your MA studies. Those of \RX haYe Waken PURfeVVRU BRXillRn·V Traduction Automatique 2 course 
will already be familiar with the CAT tool you will be using, but I will also provide detailed 
instructions, so the course is not a prerequisite. 
  
Participation is voluntary and will take a maximum of 1 hour.  
  
If you are interested in participating, please fill out the short consent form at the link below and I 
will contact you with more information.  
  
Feel free to call, text, or email me if you have any questions that are not covered in the form. I 
look forward to hearing from many of you!  
  
Best regards,  
Abbe Kaplan  
+33 07 77 77 45 60  
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Appendix C: Post-editor background questionnaire and informed 
consent 
 
 
The following Google form included in the call for participation email; complete responses were used to reach out to 
participants individually to send instructions and assign post-editing tasks directly from MateCat.  
  
Thank you for your interest in the study and for taking the time to fill out this short form.  
 
In the first section you will be asked some questions about yourself and your background. In the 
second section, you will be provided with an explanation of what participation in the study 
entails. In the third section you will be asked to confirm that you want to take part in it.  
 
Email address * _________________________  
 
  
 
Background Questionnaire  
 
Are you a native speaker of English? *  
 
Yes  
No  
 
 
If yes, what dialect?  
 
US  
UK  
Canadian  
Australian  
Other: ___________________  
 
  
Have you ever performed Machine Translation Post-Editing (MTPE) in any capacity? *  
 
Yes  
No  
Don't know  
 
  
If yes, please briefly describe your experience.  
_______________________________________________  
 
  
Have you ever performed translation quality evaluation using error typology? *  
 
Yes  
No  
Don't know  
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If yes, please briefly describe your experience.  
_______________________________________________  
 
  
Which of the following best describes your education level? *  
 
1st-year MA student  
2nd-year MA student  
3rd-year MA student  
Recent graduate (MA degree obtained within the last 2 years)  
Other: ___________________  
 
  
What is your gender? *  
 
Female  
Male  
Prefer not to say  
Other: ___________________  
 
 
  
Perceptions of MTPE  
 
Since you have some prior experience with Machine Translation Post-Editing, please indicate 
how much you agree or disagree with the following statements.  
 
 I enjoy performing machine translation post-editing.  
 
Strongly disagree 1 2 3 4 5 Strongly agree  
 
  
I prefer post-editing machine translation to editing human translation.  
 
Strongly disagree 1 2 3 4 5 Strongly agree  
 
  
I feel comfortable post-editing to publishable (human-like) quality.  
 
Strongly disagree 1 2 3 4 5 Strongly agree  
 
  
I feel comfortable post-editing to "good enough" quality.  
 
Strongly disagree 1 2 3 4 5 Strongly agree  
Machine translation post-editing saves me time.  
 
Strongly disagree 1 2 3 4 5 Strongly agree  
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I perform machine translation post-editing often.  
 
Strongly disagree 1 2 3 4 5 Strongly agree  
 
  
 
About the Study  
 
The goal of this study is to compare the effects of pre-editing on post-editing effort for 
administrative documents developed for accessibility purposes. It is part of a research project for 
a master·V WheViV aW Whe UniYeUViW\ Rf GeneYa. PaUWiciSanWV aUe inYiWed WR Wake SaUW indiYidXall\, 
using their personal computers, any time between May 22 and June 19, 2020.   
 
You will be asked to perform post-editing on sentences that have been translated from French to 
English by a machine translation system, using MateCat, a free, web-based translation and 
revision tool.  
 
The data collected will be treated confidentially and anonymously by the research team.  
 
We anticipate no potential risks associated with the study. Participation in this research study is 
voluntary and you may withdraw your participation at any time without consequences.  
 
  
 
Please confirm that you agree with the following statements.  
 
 
I have read and understood the information provided about the study. *  
 
Yes  
No  
 
 
I understand that participation involves Machine Translation Post-Editing. *  
 
Yes  
No  
 
 
I understand that even if I agree to participate now, I can withdraw at any time or refuse to 
answer any question without consequences of any kind. *  
 
Yes  
No  
 
I understand that I can withdraw permission to use data from my participation within one week 
of submitting it, in which case the material will be deleted. *  
 
Yes  
No  
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I understand that all information I provide for this study will be treated confidentially. *  
 
Yes  
No  
 
  
I voluntarily agree to take part in this research study. *  
 
Yes  
No  
 
  
To sign this form, please type your full name. *  
____________________________   
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Appendix D: Instructions for post-editing study participants 
 

 
Thank \RX again fRU agUeeing WR cRnWUibXWe WR m\ maVWeU·V WheViV UeVeaUch! PleaVe Uead 
these guidelines carefully before beginning your post-editing tasks. 
 

 
General Information and Instructions 
 

x For this study, you will be working with MateCat, a free, web-based CAT (computer-
assisted translation) tool to perform post-editing, a type of revision that is done on 
machine-translated text. 

 
x You do not need to create a MateCat account or log into an existing account for this 

study. 
 

x Please work on a desktop or laptop computer (MateCat supports 
Chrome and Safari browsers, so work with a recent version of one of 
these if possible). Do not use a tablet or mobile phone.  
 

x There are two links in the email I sent you. Every link is unique, so do not share your 
links with other participants. Click the first link (labeled First Task) to work on the first 
task. Complete this task first, before proceeding to the second task in the email (labeled 
Second Task). 

 
o Important: Do not refer to the work you did in the first task while working on 

the second task. 
 

x You may take as long as you need to complete the tasks provided that they are finished 
and submitted by June 19, 2020. 

 
x Do your best to complete each task in one sitting. If you need to take a break for any 

reason, close the browser you are working in. You can come back to it at any time using 
the links in the email. 

 
x Your work will be saved automatically as long as you have an internet connection. If you 

go offline, a yellow warning will show up at the bottom of the page. Before closing the 
page, make sure that this warning is not showing; your work will not be saved if it is. 
 
 

x The sentences were chosen at random from several different documents. They do not 
have any bearing on one another. We are not interested in the structure of the text, only 
the individual segments. 
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x You may come across a source sentence that you have already seen. Edit the target 
sentence according to the guidelines below without referring to the work you have 
already done. 

 
 
Linguistic Guidelines 
 

x We aUe inWeUeVWed in RbWaining ´SXbliVhable TXaliW\µ WUanVlaWion, which entails full post-
editing. That means*: 

 
o This level of quality is generally defined as being comprehensible (i.e. an end 

user perfectly understands the content of the message), accurate (i.e. it 
communicates the same meaning as the source text), stylistically fine, though 
the style may not be as good as that achieved by a native-speaker human 
translator. Syntax is normal, grammar and punctuation are correct. 

 
 Aim for grammatically, syntactically and semantically correct translation. 
 Ensure that key terminology is correctly translated and that untranslated 

terms belong to the client's list of "Do Not Translate" terms." 
 Ensure that no information has been accidentally added or omitted. 
 Use as much of the raw MT output as possible. 
 Basic rules regarding spelling, punctuation and hyphenation apply. 
 Ensure that formatting is correct.  

 
*TAUS MT Post-Editing Guidelines, 2010 (emphasis is mine) 

 
x You may use any online or offline reference materials you need to help you with general 

vocabulary. 
 

x Refer to the glossary text file you received via email for acronyms and other specialized 
terminology. 
 

x Use whatever variety of English spelling and grammar you are most comfortable with 
(e.g. US, UK, etc.), but remain consistent throughout the two tasks. 

 
 
Post-Editing Guidelines 
 

x Before beginning to edit, check to make sure this icon is visible in the top menu bar: 

 

x If a translated segment does not require any editing, just click  (or press 
CTRL+Enter) to go to the next segment. 

 

https://www.taus.net/academy/best-practices/postedit-best-practices/machine-translation-post-editing-guidelines
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x If a translated segment does require editing, make changes to the translation in the target 
window. 

 
o Once you finish editing the segment, select one or more categories and severity 

levels for the issue(s) you found in the translation in the box that pops up to the 
right side of the translation. If it does not pop up automatically, click the icon 
shown here to open it. 

 
o You may add comments to a segment in addition to identifying the error you 

corrected, but this is optional. 
 

o Then click  (or press CTRL+Enter) to go to the next segment. 
 

o Important: you will not be able to approve a segment that you have made edits 
to unless you select at least one error (see below) and severity level. You may add 
more than one error if appropriate. 

 

 
 

x The bar to the right of unapproved segments starts out blue. It turns blue-and-white 
striped when a segment has been modified but not approved. It turns green when a 
segment has been approved, regardless of whether it was modified. Before exiting the 
page when your work is complete, ensure that the bar is solid green for every segment. 

 
x You may go back to a previous segment at any time, just be sure to approve it again if 

you make changes. 
 

x DR nRW click an\ Rf Whe 3 WabV aW Whe bRWWRm Rf each VegmenW (´TUanVlaWiRn MaWcheV,µ 
´TM SeaUchµ and ´GlRVVaU\µ) RU change an\ Rf Whe VeWWingV in Whe WRS menX bar. 
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Deliverables 
 
Once you have finished post-editing to the best of your ability and approved every segment, a 
feedback box should pop up in the bottom left-hand corner of your screen. Please type in your 
name and click Submit to let me know that you have completed the task: 
 

 
To double check that you have approved every segment, click the QR icon in the top menu bar, 
and VelecW ´OSen QR.µ 
 
 
 
 
Ensure that the progress bar reads 100%. 

 
When you are happy with your work and positive that both tasks have been saved, send me an 
email to let me know that you are finished. You do not need to download or send me any 
documents; I can access your work directly from my dashboard. 
 
 
If you encounter any issues (technical or otherwise) or have questions/concerns about these 
instructions before or during the study, please contact me right away: 
 
Abigail Kaplan 
+33 07 77 77 45 60 
Abigail.Kaplan@etu.unige.ch 
  
  

mailto:Abigail.Kaplan@etu.unige.ch
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Appendix E: Glossary of terms provided to post-editors 
 

AAH (Allocation aux adultes handicapés) -- AAH 
 
AEEH (Allocation d'éducation de l'enfant handicapé) -- AEEH 
 
AVS (Auxiliaire de Vie Scolaire) -- special education paraprofessional 
 
CMI (carte mobilité inclusion) -- CMI card 
 
ESAT (eWabliVVemenWV eW VeUYiceV d·aide SaU le WUaYail) -- ESAT 
 
MDPH (Maison départementale des personnes handicapées) -- MDPH 
 
PCH (prestation de compensation du handicap) -- PCH 
 
Personne(s)/enfant(s)/travailleur(s)/etc. handicapées -- 
person/people/child/children/worker(s) with disabilities 
 
Politique pour les personnes handicapées -- Disability Policy 
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Appendix F: Excerpt of pre-edited and non-pre-edited segments, annotated based on the DQF-MQM and 
Easy-to-Read frameworks 
 

# Source Non-Pre-Edited Target Pre-Edited Target 
Translation 

Error 
Category 

Translation 
Error 

Subcategory 
Severity 

Easy-to-
Read 

Category 

Easy-to-Read 
Guideline 

04 

Dans ce document, Marie-
Arlette Carlotti explique ce 
TX·elle faiW SRXU leV 
personnes en situation de 
handicap et contre 
l·e[clXViRn. 

In this document, Marie-
Arlette Carlotti explains what 
it does for people with 
disabilities and against 
exclusion. 

In this document, Marie-
Arlette Carlotti explains what 
she does for people with 
disabilities and against 
exclusion. 

Accuracy | - Mistranslation | 
- 

 Major | 
-  Word | - Be careful with 

pronouns | - 

11 
Un pays plus solidaire pour 
aider les personnes en 
grande difficulté 

A country with more solidarity 
to help people in great 
difficulty 

A more united country to help 
people in great difficulty Style | - Unidiomatic | - Minor | -  Word | - Use easy words | 

- 

16 

Les autres personnes 
doivent faire attention aux 
personnes en situation de 
handicap et les aider quand 
elles ont besoin d'aide. 

Other people must be careful 
people with disabilities and 
help them when they need 
help. 

Other people should pay 
attention to people with 
disabilities and help them 
when they need help. 

Fluency | 
Accuracy 

Grammar | 
Mistranslation 

Major | 
Minor 

 General | 
- 

Use the right 
language | - 

17 

Pour ne pas être exclues, les 
personnes en difficulté 
doivent demander des aides 
financières. 

So as not to be excluded, 
people in difficulty must apply 
for financial assistance. 

In order not to be excluded, 
people in difficulty must apply 
for financial assistance. 

Style | - Unidiomatic | - Minor | - 
Sentence; 
Word | 
Sentence 

Positive 
sentences; Same 
word for same 
thing | Positive 
sentences 

23 

Tous les ministres doivent 
penser aux personnes en 
situation de handicap quand 
ils font une loi. 

All ministers must think to 
people with disabilities when 
they make a law. 

All ministers must think about 
people with disabilities when 
making legislation. 

Fluency | - Grammar | - Minor | - - | Word - | Use easy 
words 

28 

Depuis le 16 octobre 2012, 
Marie-Arlette Carlotti veut 
que les Auxiliaires de Vie 
Scolaire se forment plus 
pour pouvoir aider tous les 
enfants en situation de 
handicap. 

Since October 16, 2012, 
Marie-Arlette Carlotti wants to 
that the School Life 
Auxiliaries are formed more to 
be able to help all children 
with disabilities. 

Since October 16, 2012, 
Marie-Arlette Carlotti wants 
the School Life Auxiliaries to 
be trained more so that they 
can help all children with 
disabilities. 

Fluency; 
Terminology; 
Accuracy | 
Terminology; 
Style 

Grammar; 
General; 
Mistranslation | 
Inconsistent 
with termbase; 
Unidiomatic 

Major; 
Major; 
Major | 
Major; 
Minor 

General; 
Word | 
General 

Explain clearly; 
Use easy words| 
Use the right 
language 
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