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Abstract 

This study focuses on and tries to identify areas where machine translation can be useful by 

examining translated fictional and non-fictional texts, and the extent to which these different 

text types are better or worse suited for machine translation.  It additionally evaluates the 

performance of the free online translation tool Google Translate (GT). The BLEU automatic 

evaluation metric for machine translation was used for this study, giving a score of 27.75 BLEU 

value for fictional texts and 32.16 for the non-fictional texts. The non-fictional texts are samples 

of law documents, (commercial) company reports, social science texts (religion, welfare, 

astronomy) and medicine. These texts were selected because of their degree of difficulty. The 

non-fictional sentences are longer than those of the fictional texts and in this regard MT systems 

have struggled. In spite of having longer sentences, the non-fictional texts got a higher BLUE 

score than the fictional ones. It is speculated that one reason for the higher score of non-fictional 

texts might be that more specific terminology is used in these texts, leaving less room for 

subjective interpretation than for the fictional texts. There are other levels of meaning at work in 

the fictional texts that the human translator needs to capture.  
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1. Introduction 

Researchers of Machine Translation (MT), a sub-area of computational linguistics, 

have, since its conception, always disagreed on the extent of the usefulness of this 

technology. Optimists have claimed that MT (a term which may denote the topic within 

linguistics, the technology of automatic translation or the product of such technology) 

will one day erase the need for professional translators (Yunker, 2008) and that it is 

indeed a useful tool for the translation of a broad range of texts, including poetry 

(Richens 1955), law texts (Kit & Wong, 2008) scientific publications (Panov, 1960), 

newspaper texts etc. Meanwhile skeptics argue that MT will always produce errors of 

varying severity and therefore cannot compete with or replace human translation (Bar-

Hillel, 1964; Madsen, 2009). MT has been compared to a jar filled with cookies 

(Carbonell & Tomita, 1987), of which 95% are good and 5% are poisonous, thus the 

bad ones ruin the whole jar. It is the viewpoint of this essay that such is a narrow and 

pessimistic view of automatic translation tools. Although the ultimate goal may be to 

generate systems able to produce Fully Automatic High Quality Machine Translation 

(FAHQMT) not all translation tasks demand such a high rate of accuracy.  

 

Despite many making claims about its usefulness, few studies have been made on MT’s 

ability to translate different text types. For that reason, this study tries to identify areas 

where machine translation can be useful by investigating what type of text, fictional or 

non-fictional, can be translated most accurately using the free online translation tool 

Google Translate (GT). In so doing, GT’s accuracy when translating these text types is 

assessed. To be able to interpret the results establishing what areas (e.g. words and/or 

constructions) MT systems generally have difficulties with is important and this paper 

will use said difficulties to analyze the results.  

 

As a basis for this investigation, BLEU is used, an automatic evaluation method for 

machine translation (Papineni, 2002) and widely utilized metric. It grades an MT based 

on its similarity to a reference (human) translation. Despite having some shortcomings, 

this metric is used because of its simplicity, speed and its’ capability to handle large 

amounts of data. Furthermore, it has been shown several times to correlate very highly 

with human judgements (Doddington, 2002; Papineni, 2002). A translation receiving a 

high BLEU score is considered a good translation and the comparison between the text 

types will use the metric as a basis.  

 

To get an understanding about MT technology and what problems it has faced 

throughout time, a brief history of the MT technology and the different systems that 

have been employed will be presented and also the struggles of the systems in use today 

will be presented. 
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1.1 Aim 

The aim of this study is to test and compare fictional and non-fictional texts generated 

by GT. Primarily, the purpose of the essay lies in establishing which of the two text 

types GT is most suitable for, which can be an aid for anyone using online MT systems.. 

Also, by examining some of the challenges that MT systems generally are confronted 

with, predictions will be made as to which of these text types can be machine translated 

most accurately. A concise overlook of the history of MT systems and their basic 

principles is presented; but not at lengths, for others have done so quite extensively 

(Slocum, 1985; Hutchins, 2005; and more recently Madsen, 2009). The texts are 

examined to answer the following question: 

- Which text type is the most suitable for GT, fictional or non-fictional? 

- What difficulties do MT systems face today?  

- To what extent to the fictional and non-fictional texts contain these problems?  

- Which text will be translated most accurately according to BLEU?  
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2. Background 

2.1 Pioneering systems 

 

The history of MT is characterized by many ups and downs. When scientists first started 

having some success with it during the 1950’s, expectations were extremely high. The 

optimism culminated when Georgetown University in Washington, DC, in a co-

operation with IBM, successfully produced an automatic Russian-to-English MT that 

according to Hutchins (1995) belongs to the first generation of MT systems which 

translated directly from the source language to the target language without any syntactic 

or semantic analysis. The event was highlighted and broadcasted. It was predicted that 

machines able to produce FAHQMT between any language pair were soon to become a 

reality, in a matter of years. However, in 1966 when the US government, in an attempt 

to assess the progress of MT, created the Automated Language Processing Advisory 

Committee (ALPAC), the success story turned into a failure. The same year, ALPAC 

published their notorious report and it was highly negative, stating that there was “no 

immediate or predictable prospect of useful machine translation”, and it read that MT 

was slower, less accurate and twice as expensive as human translation (Pierce et. al., 

1966). Since, the report has been critized for only having goals of high-quality 

translation. In hindsight, the expectations were simply too high, and the report has since 

been regarded as biased and short-sighted (Hutchins, 2005). It failed to recognize that 

even manual translation needs revision (also called post-editing) to attain high quality 

and therefore the report’s critique of MTs’ need for post-editing was unfair. The 

expectations of this new technology by researchers at the time had been too high and the 

task at hand severely underestimated. The ALPAC report was regarded as the direct 

cause for the abandonment of most research on machine translation in the early 60’s 

(Ide et. al., 1998) 

 

The advancement of MT systems halted due to the ALPAC report, but slowly 

successful systems began to emerge. One of the earliest commercial systems was 

Météo, which translated weather forecasts and has operated since 1976. Systran, another 

successful system, has worked with the United States Department of Defense, European 

Commission (Toma, 1977), and is the system used by Yahoo’s Babelfish (which 

previously belonged to Altavista) and until 2007 also laid the foundation for GT’s 

system. 

 

2.2 Different approaches, different systems 

The translation process may be described as: 1) Decoding the meaning of the source text 

and 2) Re-encoding that meaning into another language. Just like a sentence can be 

translated in many ways to other languages, many different systems have existed in time 

using different, and often converging, approaches. In Somers (1992) historical summary 

of MT he proposes that the first generation of MT systems (pre-ALPAC period 1956-

1966) translated directly from one language to another while systems of the second 

generation would use indirect models, both interlingua and transfer based approaches 

(meaning the system uses a third language as an intermediary between the source 
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and target languages). The so-called Vauquois triangle, created by Bernard Vauquois 

(1968), is used for categorizing machine translation methods based on the level of 

analysis of their input before generating their output. Unlike interlingual MT, transfer-

based MT depends partially on the language pair involved in the translation. Both these 

types are also involved in the paradigm of rule-based systems, and constructing them is 

expensive (vast work is needed to compile all grammatical categories and features) and 

tedious. Systran was originally a knowledge-based (also commonly known as rule-

based) system, although it later switched to a rule-based/statistical machine translation 

hybrid system in 2010. In the 90’s, advancements in computer technology and 

development of corpora (word databases) made it possible for a new type of system to 

emerge with a statistically based model. Such systems would create translation 

suggestions based on statistical values derived from corpora. A hybrid of these systems 

is what is predominantly used today and Somers (1992) calls this the third generation of 

systems. Hutchins (2005) suggests three motives for the SMT dominance in place 

today: 

“i) availability of large monolingual and bilingual corpora,  

ii) the open-source availability of software for performing basic SMT 

processes (alignment, filtering, reordering) such as Moses, GIZA, etc.;  

iii) the availability of widely accepted metrics for evaluating systems (BLEU 

and successors).” 

Also, creating SMT systems does not require proficiency in the languages in the system 

and the tedious and costly work of compiling rules and lexical data is also obsolete. 



  

 5 

Google translate, which is the system used to perform this study, is a statistically based 

system which translates from L1->ENG->L2. 

 

Examining the output quality of early MT systems is problematic because not many 

translations produced by older systems have been kept and even less have their originals 

saved. However, in an attempt to study the progress of MT output quality, Hutchins 

(2003) compared translation outputs by systems in the 60-90’s, and found that there had 

been “definite progress since the 60s and very probably since the early 70’s” and that if 

there had been progress since the 80s was “uncertain”. However, much has happened 

since Hutchins published his report in 2003, it still shows the slow-paced improvements 

made by MT systems. 

 

If the goal of MT is to produce FAHQMT then it has only been successful in “limited 

domain applications” (Koehn 2010), i.e. with restricted vocabulary and syntactic 

features. The Taum project (University of Montreal) formed the Météo system for 

translating weather forecasts from English-to-French and later French-to-English 

(Hutchins and Somers, 1992, ch. 12). It has been described as “the closest 

approximation to fully automated high quality machine translation among currently 

operational sytems (Tucker, 1987). 

 

2.3 Debate on usefulness 

Despite the creation of successful systems such as Météo and Systran, researchers of 

MT still disagree on the usefulness of this technology. It is the viewpoint of this essay 

that this stems from the expectations of the same. Even though FAHQMT may be the 

goal, a MT system that is unable to produce such texts is not rendered useless. There are 

3 purposes of translation and consequently 3 levels of required translation quality: 

dissemination (publishable quality), assimilation (understanding foreign content) and 

interchange (translation between participants in one-to-one communication, such as e-

mails or chat room discussions). Evidently, the usefulness of machine translation rises 

together with its output quality, which, in turn, is slowly improving. Koehn (2010) 

supposes that the main use of MT is gisting, meaning to grasp the overall meaning of a 

text/sentence. The stance of this essay agrees with such a notion, however, in certain 

cases, as in the Météo system, a deeper extent of success has also been attained. 

Instances supporting claims of usefulness at the interchange level include the rising 

number of web-services using MT technology, e.g. the integration of “Translate this 

page?” options on several web-browsers (e.g. Chrome, Internet Explorer and Firefox), 

or the social media platform Facebook incorporating the “Translate this” tool in 

comment section, to name a few. 

 

There is an evident lack of studies researching the application of MT on text types.  Kit 

and Wong (2009) however, did a cross comparison between systems and showed that 

free online MT systems can handle law documents to certain extent, depending on the 

system and its ability to handle certain language pairs. 

  

Researchers have proven that MT is a helpful tool for human translators, especially with 

post-editing. Allen (2004) showed that translators using MT could produce three times 

as much in a day than otherwise. Guerra (2004) showed that machine translation + post-

editing is 70% faster than human translation from scratch. Shih (2007) showed that 

students with the help of MT produced fewer translation errors and they needed less 

time to complete translations while using smaller translation units. Evidently, the ways 
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in which MT can be useful are abundant. However some texts must be more suitable 

than others for this technology and before commencing such an investigation, the 

difficulties of MT systems are established.  

 

2.4 Difficulties for MT 

The problems of translation derive from the similarity (or dissimilarity) between the 

source and target languages. The more features they share, the easier the translation 

process is and the better the quality of the MT output is. In a survey conducted by Kit 

and Wong (2009), 5/9 MTs of law texts in European languages scored above 30 on a 

BLEU test, while 0/4 Non-European languages tested did the same. 

 

Other departments in which MT systems severely lack proficiency are ambiguities and 

anaphora, which are among the most important problems facing MT systems (Hutchins 

and Somers, 1992). According to Merriam Webster Online Dictionary, anaphora can be 

described as “the relation between a grammatical substitute (as a pronoun or a pro-verb) 

and its antecedent. E.g. in the sentence “We went swimming and it was fun”, ‘it’ is an 

anaphora. An anaphora can also be a repeated word or expression for rhetorical or 

poetic effect. The same dictionary defines disambiguate as a verb meaning “to establish 

a single semantic or grammatical interpretation for”. E.g. some languages might need 

only one word to describe a phenomenon, while others might need two. MT systems 

struggle both these processes. Anaphoras are commonly used in literature to 

 

Hutchins published a report on the progress of MT systems in 2003 and stated the 

following about their difficulties: 

The impediments to the improvement of translation quality  are the same now 

that they have been from the beginning: failures of disambiguation; incorrect 

selection of target language words; problems with anaphora; pronouns, 

definite articles (e.g. when translating from Russian and French); inappropriate 

retention of source language structures (e.g. verb-initial constructions (from 

Russian), verb-final placements (from German), non-English pre-nominal 

participle constructions; problems of coordination; numerous and varied 

difficulties with prepositions; and in general always problems with any multi-

clause sentence.” 

 

Gupta (2010) lists other difficulties, such as “Idioms and collocations, polysemy, 

homonymy, synonyms, metaphors, lexical and structural mismatch between the 

languages, complicated structures, referential ambiguity and ambiguities in the source 

and target languages” (2010). Babel Fish themselves state that “Slang, misspelled 

words, poorly placed punctuation and complex or lengthy sentences can cause a page to 

be translated incorrectly”, and that one should expect “Babel Fish to allow you to grasp 

the general intent of the original, not to produce a polished translation” (from their 

website). 

 

Before conducting the investigation, this essay will examine the fictional and non-

fictional text types with the above mentioned difficulties in mind, and deduce which 

will be translated more accurately by GT. 
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2.5 Translation of fictional and non-fictional texts 

Fictional and non-fictional texts can differ greatly within their own type in regards to 

style, time period, language and etc. Still, some basic concepts behind the innately 

different processes behind the translations of fictional and non-fictional texts will help 

us understand which text type GT translates most accurately and why. 

 

Landers (2001) stipulates that literary translation (which includes fiction) is one of the 

most demanding types of translation and that its’ problems do not have only one 

answer. He continues, saying that the translation of literature is subjective in essence, 

and:  

“Reasonable people may well disagree about which of several proposed 

alternatives to a particular translation problem best addresses it... In technical 

translation, for example, style is not a consideration so long as the 

informational content makes its way unaltered from SL [source language] to 

TL [target language].” (author’s edits)  

(Landers, 2001, page 10) 

Human translators may therefore use their own judgements or imaginations when 

translating literary texts. There are other meanings and ideas that may not be clearly 

stated in the text which the translator needs to capture, and in non-fictional texts the 

same is often more explicit. In academia, for example, specific (expert) terminology is 

more common which removes opportunity for personal interpretations. Snow (2009) has 

listed the following features of academic texts: 

 “Among the most commonly noted features of academic language are 

conciseness, achieved by avoiding redundancy; using a high density of 

information-bearing words, ensuring precision of expression; and relying on 

grammatical processes to compress complex ideas into few words .“ 

(Snow, 2009) 

 

This means that while a translator of academic texts “solely” needs to capture meanings 

on a sentence level, literary text demand that the author finds corresponding meanings 

in the target language on several levels, i.e. cultural, stylistic, etc. It has been claimed 

that MT will never reach its goal of FAHQMT because of the lack of such abilities in 

computers (Madsen, 2009). Even though the texts in the non-fictional category are not 

academic, this difference in meanings remains relevant because facts in the non-

fictional texts (as same as with the academic texts) are in the foreground as opposed to 

the fictional-texts 
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3. Method 

3.1 The investigation 

GT is used to translate fictional and non-fictional texts, from English to Swedish, and 

these MTs (i.e. the products of GT) will be graded using the BLEU metric, an automatic 

MT evaluation algorithm of output quality (more thoroughly explained in 3.3). The text 

type most suitable for GT (and possibly other free online MT tools) is the one receiving 

the highest BLEU score. There are many other services that could have been used, 

(Babelfish, Promt, etc.), however, research has shown that the online MT systems 

output quality differs by very little (Savoy, 2009).  

 

After the textual, lexical and grammatical features typical of fictional and non-fictional 

language have been asserted, and the general difficulties that MT systems struggle with 

established, predictions can be made about the extent of translational success of GT. 

Only when MTs’ difficulties are established, is it possible to analyze the results.  

 

3.2 The selected fictional and non-fictional texts 

It is not completely unproblematic to attempt to deduce which of these text types can be 

most accurately translated, mainly because both any may vary greatly within each type. 

It is no task for this essay to pursue the ample task of compiling all different types of 

fictional texts to withhold an average BLEU score for all fictional genres. Instead, for 

this study, the English-Swedish-Parallel-Corpus (ESPC) is used because it provides 

fictional texts published since 1980 while attempting to “… achieve a good genre match 

between the text samples from the two languages.” The fictional texts contain much 

dialogue (spoken language), Each selected text for this study is an excerpt from the 

ESPC. 10 fictional texts were used á 3425 words (in their English originals) as well as 

10 non-fictional texts with 3190 words. The fictional texts consist of 10 novels by 

British and Canadian authors that were all written during a similar period (1984-1992). 

They contain a lot of dialogue between characters. 

 

The texts chosen for this paper have been chosen from the ESPC which in total contains 

2.8 million words sampled categorized into two main text categories, fiction and non-

fiction. For this study to yield any results, texts that are true to their genres must be 

located. The ESPC has made their selection of texts based on the following principles: 

- The texts should reflect contemporary language and not be restricted to any specific 

regional variety; 

- The corpus should include a wide range of text types, authors and translators; 

- The text types from both languages should be as comparable as possible, i.e. well 

matched in terms of genre, subject matter, type of audience and register; 

- As far as possible, the English source texts should be available in Finnish and Norwegian 

as well as Swedish translations. 

(ESPC manual, 2001) 
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Such principles seem coherent with the intents and purposes of this investigation. 

Indeed, for this paper to draw conclusions about text types, certainty is needed 

regarding coherency among the texts within each type.  

 

The fictional texts are divided into children’s fiction, crime and mystery and general 

fiction. While the whole corpus contains 25 English originals, only 10 of those were 

used in this study (8 general fiction and 2 crime and mystery, for names of works and 

authors, see appendix). The texts also have classifications of their varieties of English, 

and out of the 10 samples used, 6 were of British English, 1 Canadian, 1 South African, 

1 American and 1 Nigerian English. For representing the non-fictional genre, texts with 

the following tags have been chosen: 2 (commercial) company reports, 2 law texts, 3 

social science texts (politics, welfare and economics), 1 applied science (medicine) text, 

1 religious commentary and 1 geography text. The fictional texts consist of 2913 words 

in 155 sentences, which gives an average of roughly 18.79 words per sentence while the 

non-fictional texts contain 3218 words in 126 sentences with an average of 

approximately 25.53 words per sentence. 8/10 fictional texts contain spoken dialogue. 

 

All texts used in this investigation are originally written in English and translated to 

Swedish by professional translators as well as GT. The MTs, produced by GT, were 

scored (fictional and non-fictional texts respectively) using the BLEU metric. 

 

The already established difficulties for MT systems in (2.4) can help us make a few 

predictions about this investigation. The large disparities between sentence length 

among the text types propose that the non-fictional texts ought to score a worse BLEU 

score than the fictional texts.  

 

3.3 BLEU, an automatic evaluation metric  

It is a fair assumption that the more similar an MT is to a human translation, the better it 

may be. BLEU (Bilingual Evaluation Understudy) is a metric that was devised to 

automatically evaluate MTs and its’ basic principle is the aforementioned assumption. It 

is presented as “… quick, inexpensive and language-independent” (Papineni, 2002) and 

has been shown to correlate highly with human judgement on several occasions 

(Doddington, 2002; Papineni 2002). It is widely used by researchers (Marcu & Wong, 

2002; Och & Ney, 2002; Yamada & Knight, 2002) and system developers to optimize 

their system parameters (Bursch et. al. 2011). BLEU is a score (0-100) calculated 

through n-gram (word strings) similarity to a reference. The following example is 

depicted in its presentation: 

Candidate 1: It is a guide to action which ensures that the military always obeys the 

commands of the party. 

Candidate 2: It is to insure the troops forever hearing the activity guidebook that party direct. 

Reference 1: It is a guide to action that ensures that the military will forever heed party 

commands. 

(Papineni, 2002) 
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Thus, Candidate 1 shares 12 (out of 18) words with Reference 1, while Candidate 2 

shares 7 (out of 14), giving them scores of 67 and 50 respectively, meaning Candidate 1 

is a better translation. In reality, the BLEU metric involves some more complex 

mathematical calculations (n-gram precision and sentence brevity penalty) which are 

not described here, although can be found in Papineni, 2002. It is best to keep in mind 

that an MT which is not similar to a human translation need not be a bad translation and 

should the texts receive a low BLEU score they may, in fact, still be good translations. 

According to Somers, “a [BLEU] score of 40 is usually considered to represent a fairly 

good translation” (2007). 

 

In this study, GT is used to translate English fictional and non-fictional original texts 

and the translations produced by GT were consequently graded using the BLEU metric. 

It is a cheap and simple evaluation method and sizeable data can be analyzed quickly. It 

also additionally removes any bias of human judgment and provides more reliable 

evaluation. Human evaluation is also very slow whereby the large text samples utilized 

would have been impossible to use. If larger sets of data are examined then it enables 

more reliable conclusions to be drawn. 

 

The scores for the text types were calculated using iBLEU, a java-based script (created 

by Madnani, 2011) for the web-browser Mozilla Firefox. 

 

3.4 Limitations and problems 

There are several limitations to this study. The BLEU score is based on a human 

translation as the gold standard and for the texts used in this study, only one reference 

translation was available. If more than one was available, the BLEU score would likely 

have been higher without the actual translations differing at all. This is an effect of 

synonymy and because a second human translation might use a correct synonym that 

the MT had used and that the first reference did not. 

 

3.4 Predictions 

The already established difficulties for MT systems in (2.4) can help us make a few 

predictions about this investigation. Some of the difficulties apply to both text types, for 

example disambiguation, which is language dependant (source vs. target language) and 

does not affect this investigation. The problems that will affect the investigation involve 

anaphora, sentence length, idioms, collocations, synonymy, homonymy and metaphor. 

Anaphora, idioms, synonymy, homonymy and metaphor are all traits associated with 

literature and can therefore be predicted to be more prevalent in the fictional texts which 

in turn lowers the BLEU score expectations. However, since the sentences of the non-

fictional texts selected for this investigation are longer, a lower BLEU score is expected. 

The question arises if the effects of this will be negated by any use of the literary 

techniques in the fictional texts. Also, as has previously been stated, fictional texts 

allow for (or might even necessitate) interpretations and they innately contain a lot of 

the semantic and syntactic problems presented by Gupta (2010). Non- fictional texts 

may also incorporate many of these phenomena, but they are more commonly found in 

fictional writing. However, because of the persistantly stated problems of sentence 

length in MT translation (both by researchers and by system developers) and the big 

difference in sentence length (close to 7 more words per sentence in the non-fictional 

sentences), an overall lower score for the non-fictional texts is predicted in this 

investigation. 
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4. Results and analysis 

4.1 Findings 

The findings on fictional texts are presented in figure 2 and on the non-fictional texts in 

figure 3.  

 

 

 
Non-fictional Texts 

Text (#) BLEU Words Sentences Language variety Classification 

1 33.95 338 12 AmE Company Report 

2 42.79 300 11 BrE Law 

3 20.12 485 20 CaE Soc-Sci. Polit. 

4 24.60 257 11 BrE Religion 

5 26.71 302 12 BrE Soc-Sci. Welfare 

6 58.08 327 9 BrE Law 

7 24.18 250 11 BrE Appl-Sci. Med. 

8 32.49 274 14 BrE Company Report 

9 32.06 342 16 BrE Travel 

10 26.73 343 10 BrE Economics 

Average 32.16 321.8 12.6 (Words/sentence =  25.53) 

 

The fictional texts received an average BLEU score of 27.75 and their individual scores 

range from 17.99 – 38.45. The non-fictional texts scored 32.16 and their individual 

scores range from 20.12 – 58.08. Overall, the non-fictional texts scored better and can 

therefore as a group be considered more suitable for MT, which is a result opposite of 

this essay’s predictions.  

 

The two law documents in the non-fictional category have both received a noticeably 

higher BLEU score. Also, if we exclude the law documents from the non-fictional texts, 

they receive an average of 27.605 score, which is almost exactly the same as for the 

fictional texts. However, the sentences are approximately 36% longer and should 

therefore contain more errors. Either sentence length is not a difficulty for MT systems 

and additionally the developers (Babelfish) are wrong (unlikely), or GT is more 

accurate on non-fictional texts than fictional. 

Fictional  Texts 

Text (#) BLEU Words Sentences Language variety Classification 

1 28.74 347 26 BrE FG 

2 37.66 401 22 NgE FG 

3 24.96 347 16 SAE FG 

4 23.62 167 10 BrE FD 

5 21.60 249 10 BrE FG 

6 28.86 324 16 BrE FD 

7 25.83 370 17 AmE FG 

8 23.40 244 14 BrE FG 

9 17.99 228 11 BrE FG 

10 38.45 236 13 CaE FG 

Average: 27.75 291.3 15.5 (Words/sentence =  18.79) 
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5. Discussion 

The results point to non-fictional texts being the most suitable for GT, and also noted 

previously in this study is that GT in comparison creates better or comparable (and 

sometimes, though rarely, slightly worse) output to other free online MT systems. 

Especially suitable for MT are law texts which in this study received an average BLEU 

score of approximately 50 (however only 2 text samples). Previously performed studies 

also point to law texts being seemingly fit for MT (Kit & Wong, 2008). 

 

MT systems generally struggle with complex, multi-clause sentences and at first sight 

one would think that GT should encounter more problems with the non-fictional texts 

(their average sentence length was 25.53 compared to the literary texts’ 18.79). 

However this was not the case. The average BLEU score for the literary texts was 27.79 

while the non-fictional texts scored 32.16. According to Somers (2007) a BLEU score 

of 40 is considered a fairly good translation, a label none of the text types attained. 

However it needs to be pointed out that both these text types would have scored better if 

more reference translations were available (would give scores for synonyms used in the 

MT that were not found in the first reference translation) some possible explanations for 

discrepancy are MT sytems’ problems with anaphora and ambiguities. Another possible 

explanation is the translation tasks are inherently different for the texts types. A 

translation of a literary text needs to capture meanings beyond the sentence level. These 

kinds of translation tasks demonstrate room for interpretation. On the other hand, non-

fictional texts necessitate a more direct, meaning-oriented, approach, which could 

possibly be easier for MT systems to emulate. Also, in academia, expert terminology 

leaves no room for interpretations. Non-fictional texts are logically structured to present 

facts.  

 

However, the results were not statistically significant according to the chi-square test. 

The p-value was 0.16451595, but the prediction was, because of sentence length, that 

fictional texts would receive higher score than the non-fictional texts.  Possible 

explanations behind the unfulfilled expectations and higher BLEU score for non-

fictional texts are that of anaphora, ambiguities other difficulties in translation presented 

earlier in this essay. 

 

It is also plausible that multiple reference translations would help the fictional texts 

more than the non-fictional texts. Because there is more room for interpretation in 

fictional texts, synonyms used in GT’s translation might hypothetically be correct and 

used in other translations, whereas adding another reference to the non-literary texts 

might not have that great of an effect because multiple references are more likely to use 

the same words (expert terminology) and involve less ambiguities.  

 

 

 

 

 

 

 

 



  

 13 

6. Conclusion 

Though there has been much debate about the usefulness of MT, this study has outlined 

various articles and ways in which this new technology may be useful. It is a great tool 

for professional translators to use along with post-editing, and for gisting. BLEU has 

been proven a reliable tool for aiding system developers continuously improving their 

systems as well as for any researcher willing to evaluate MT systems output quality. 

 

MT sytems struggle with long sentences, anaphora, ambiguity, among other things. The 

literary texts contained shorter sentences than the academic texts. Even so, the fictional 

texts scored 32.16, a higher BLEU score than the 27.75 score of the non-fictional texts. 

The results did not pass the t-test and is therefore does not reject the null hypothesis, 

however in conjunction with the expectations of higher scores for the fictional texts it is 

certain that non-fictional texts are more suitable for GT. The reason behind this is 

speculated to be the complexity of language and literary translation. Translating 

literature requires understanding the text beyond the meaning on a sentence level, while  

This study has not only showed that non-fiction is more suitable for GT, it has also, in 

agreement with previous research, showed that GT translates law documents relatively 

accurately. 
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7. Appendix 

7.1 Fictional texts 

Title/Author    Publisher/Location/Year 

Strong Medicine/Arthur Hailey  Michael Joseph Ltd/London/1984 

The Famished Road/Ben Okri  Jonathan Cape/London/1991 

The Wall of the Plague/André Brink  Faber & Faber/London/1984 

Straight/Dick Francis   Michael Joseph Ltd/London/1989 

Nice Work/David Lodge   Secker & Warburg/London/1988 

The Fourth Protocol/Frederick Forsyth  Hutchinson/London/1984 

The Women of Brewster Place/Gloria Naylor Hodder & Stoughton/ 

London/1980 

Talking It Over/Julian Barnes  Jonathan Cape/London/1991 

Arcadia/Jim Crace   Jonathan Cape/London/1992 

Cat’s Eye/Margaret Atwood McClelland and Stewart/ 

Toronto/1988 

7.2 Non-fictional Texts 

Title/Author    Publisher/Location/Year 

ABB Group Annual Report from 1999/ABB Ltd ABB Ltd/Zurich/2000 

Agreement on the European Economic Area/EU Office for Publications of the 

European 

Communities/Luxembourg/1992 

Safe and Sound: Disarmament and Development Zed Press/London/1982 

in the Eighties/Clyde Sanger  

A History of God – From Abraham to the Present:  Heinemann/London/1993 

the 4000-year quest for God/Karen Armstrong  

En enda jord: leva för framtiden/Lloyd Timberlake Utbildningsradion/ 

Stockholm/1987 

Fördrag om Europeiska Unionen/Council of EU UDs handelsavdelning/ 

Stochkolm/1993 

The Man who Mistook his Wife for a Hat/Oliver Pan Books Picador/London/1985 

Sacks    

Annual Report 1999/Stora Enso Stora Enso/Helsinki/1999 

Essential London/Susan Grossman AA Publishing/Basingstoke/1994 
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