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Abstract. We present an approach called MTP (multiple translation paths) aiming 
at assisting human translation in SNOMED CT localisation projects based on free, 

web-based machine translation tools. For a chosen target language, MTP generates 

a scored output of translation candidates (TCs) for each input concept. This paper 
describes the basic idea of MTP, the distribution of its output TCs and discusses 

typical examples with German as target language. The MTP approach capitalises on 

combinatorial growth by the combination of input languages, support languages, 
and translation engines. We applied MTP on the SNOMED CT Starter Set, using 

Google Translator, DeepL and Systran, together with the four source languages 

English, Spanish, Swedish and French, and Danish, Dutch, Norwegian, Italian, 
Portuguese, Polish and Russian as support languages.  The descriptive assessment 

of TC variety, together with an analysis of typical results is the focus of this paper. 

MTP defines, for each input concept, TPs by the combination of input languages, 
support languages and translation engines, resulting in 91 translation results with 

various degrees of co-incidence (cardinality). The most configurations produce an 

average number of TCs indicating that the same TC is often derived via different 
translation paths. Combinations of translation engines result in distributions with a 

higher number of distinct TCs per concept. We present work in progress on using 

machine translation (MT) for terminology translation, by leveraging several free MT 
tools fed by different languages and language combinations. A first qualitative 

analysis was promising and supports our hypothesis that a majority voting applied 

to many translation candidates yields higher quality results than from one single 
engine and input language.   
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1. Introduction 

SNOMED CT is a huge international clinical terminology standard, which provides 

codes and terms for describing all aspects of electronic health records [1]. 

Representational units, known as SNOMED CT concepts, are characterised by numeric 

codes, by unique labels in English and Spanish, known as fully specified names (FSNs), 

varying numbers of synonyms and ontology-like axioms. The July 2020 international 
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release includes 354,384 active SNOMED CT concepts. FSNs are devised as maximally 

unambiguous and explanatory, e.g., “Primary malignant neoplasm of the lung (disorder)”, 

whereas non-preferential synonyms better align with the clinical jargon (“lung cancer”). 

For most languages there are no or only limited numbers of term translations; current 

localisation projects and released translations are often limited in scope (pre-selected 

content) and granularity (e.g., translation of FSNs only). The size of SNOMED CT 

renders manual translation extremely onerous. In the light of the popularisation of free, 

web-based machine translation (MT) tools [2-6], we are developing an approach called 

MTP aiming at assisting human translation in SNOMED CT localisation projects. For a 

chosen target language, MTP generates a scored output of translation candidates (TCs) 

for each input FSN. This paper describes the basic idea of MTP, the distribution of its 

output TCs and discusses typical examples with German as target language. A systematic 

validation, currently in process, will be published elsewhere.  

2. Material and Methods 

This work is based on a small subset of SNOMED CT, viz. the English, Spanish, Swedish 

and French versions of the SNOMED CT Starter Set [7], consisting of one FSN per 

language for 6006 concepts, selected according to the frequency of use in clinical data 

across disciplines.  

If we use a single MT tool and feed it with the FSNs from n source languages we 

expect up to n distinct TCs per concept. We refer to this as direct translation (DT). 

Because DTs from different sources often coincide, especially for short input terms, often 

no TCs is of the expected quality and clinically relevant synonyms are not generated. An 

approach that generates more TCs would widen their lexical variability. Therefore, we 

devised a strategy involving: (i) more independent MT engines, and (ii) support 
translations (ST). The latter means translating a source term first into an intermediate 

language, and then translating the result into the target language. This MTP (multiple 
translation paths) approach capitalises on combinatorial growth by the combination of 

input languages, support languages, and translation engines. The descriptive assessment 

of this growth in terms of TC variety, together with an analysis of typical results is the 

focus of this paper. 

We applied MTP on the Starter Set, using Google Translator [8] DeepL [9] and 

Systran [10], together with the four source languages (see above) and Danish, Dutch, 

Norwegian, Italian, Portuguese, Polish and Russian as support languages. Danish, Dutch, 

Norwegian were chosen for their similarity with German and Swedish, whereas Italian 

and Portuguese for their similarity with Spanish and French. Polish and Russian were 

selected to increase translation flexibility (Table 1). 

Table 1. List of languages used to form TPs with Google, DeepL and Systran. Out of these selected languages 

(and starting from English, Spanish, Swedish and French as language sources), up to 91 different TPs can be 

formed. (DeepL does not provide translations from Swedish). 
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3. Results 

MTP defines, for each input concept, TPs by the combination of input languages, support 

languages and translation engines, resulting in 91 translation results with various degrees 

of co-incidence (cardinality). Fig. 1 visualises the distribution of the cardinality of 

distinct TCs, in contrast to configurations with less combinations, such as single-engine 

and direct translations only.  

Each of the resulting graphs is characteristic for each of the configurations (Fig. 1). 

In relation to the maximally possible number, the most configurations produce an 

average number of TCs indicating that the same TC is often derived via different 

translation paths. As expected, combinations of translation engines result in distributions 

with a higher number of distinct TCs per concept: MTP yields on average 28.7 distinct 

translations per concept [11]. 

 

    

Figure 1. Distribution of (distinct) German TCs per concept obtained by different methods (Data: SNOMED 

CT Starter Set in four source languages, colour = MT engines and MTP combination of them, line type 
=direct/support translations). One MT and DTs, generate at most 4 distinct TCs per concept, with an average 

of 2.3 with DeepL (red), 2.8 with Google (green) and 3.4 with Systran (blue). Pooling all MT engines together, 

producing DTs only, we obtain at most 11 candidates (not 12, since DeepL supports only 3 source languages), 
with an average of 7.3 with DeepL (red), 6.6 with Google (green) and 18.8 with Systran (blue). MTP yield up 

to 79 distinct candidates (28.7 on average) per concept.  

For each concept, we ordered the TCs by decreasing cardinality (i.e., how often a 

distinct TP was derived in all 91 possible translations). This does not necessarily mean 

that this ranking, based on “majority vote”, actually reflects translation quality, but it 

seems reasonable to assume that those TCs which were produced by many independent 

paths, are more trustworthy than those generated by just one TP. Finally, such a 

hypothesis can only be validated against a gold standard. What we can currently report 

of, is case evidence, such as demonstrated in Table 2, with ranked TC lists for selected 

SNOMED CT concepts.   

A. Prunotto et al. / Automatic Generation of German Translation Candidates180



 

Table 2. Examples of shortlists of distinct TCs for selected SNOMED concepts (English FSNs without hierarch 

tag, in italics), ranked according to their TP cardinality. The total number of distinct TCs is given in square 

brackets. TCs with cardinality = 1 are removed for better readability.  

 

4. Discussion 

Based on the combination of free, web-based machine MT tools, highly characteristic 

TC distributions were observed for different configurations of translation engine, input 

languages, and intermediate languages. The graph in Fig. 1 shows rather distinct profiles 

of the different scenarios. The mostly parallel decrease of DeepL and Google outputs 

contrasts with the accumulation of high cardinalities close to the theoretical maximum 

in Systran, which means that here much less TCs coincide and that clear majority votes 

cannot be expected. MTP, in contrast peaks at an intermediate level and mostly produces 

very uneven distributions with (so far qualitatively observed) good translations at least 

to the two highest ranked TCs, As exemplified in the Cholelithiasis and Urinary bladder 
stone examples. The more we move down the list the more translations are either wrong 

(e.g., “Berechnung”, a possible reading for calculus, but not applicable in this context) 

or less specific (e.g., “Cholelithiasis” without specification). How the other two 

examples show, there are also more even distributions, which occur, on the one hand, 

where long terms, naturally allow more variation like in Closed traumatic dislocation of 
joint of finger, or where several, equally good translations exist, like in Cerebral 
embolism. The latter example also shows how the method is able to support the degree 

of lexical variability that FSN-only translation strategies miss out.   

 As observed on this limited sample, for most concepts acceptable TC could be 

derived. For insufficient or erroneous TCs the emergence of discernible patters can be 

described. Based only on a small and selected sample, the presented results have the 

potential for bias. So far, we cannot provide metrics on the quality of TCs and 

consequently a quality-based ranking of TCs. Future research needs to evaluate the 

potential of MTP to support human terminology translation. 
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5. Conclusions and Outlook 

We present work in progress on using machine translation (MT) for terminology 

translation, by leveraging several free MT tools fed by different languages and language 

combinations. A first qualitative analysis was promising and supports our hypothesis that 

a majority voting applied to many translation candidates yields higher quality results than 

from one single engine and input language.  

Applied to SNOMED CT localisation, shortlists of the output generated by our 

method, e.g., integrated into existing translation workflows and tools, could provide 

valuable support to human translators, whose task would be mostly limited to tag the 

“good” translations instead of starting from scratch. This would render the translation 

process more cost-effective. In addition, it also finds useful synonyms.  

We are currently building a gold standard in form of SNOMED CT translations done 

by medical experts. This is indispensable for mutually assessing different translation 

strategies and measuring, for instance, the comparative value of support languages, input 

languages and translation engines.  
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