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Abstract 

This paper discusses the selection of a machine 
translation system for use in asylum reception centres, 
to translate messages written in English, French, and 
Dutch into 14 languages, including low-resource ones 
like Pashto and Somali. Translation quality is assessed 
through automatic metrics and expert human 
evaluations to support effective multilingual 
communication. 

Keywords: asylum seekers, reception centres, machine 
translation, low-resource languages, translation quality 

evaluation. 

Resumen 

Este artículo aborda la selección de un sistema de 
traducción automática para su uso en centros de 
acogida, destinado a traducir mensajes redactados en 
inglés, francés y neerlandés a 14 lenguas, incluidas 
lenguas con pocos recursos como el pastún y el 
somalí. La calidad de la traducción se evalúa mediante 
métricas automáticas y evaluaciones humanas 
realizadas por expertos, con el fin de apoyar una 
comunicación multilingüe eficaz. 

Palabras clave:   solicitantes de asilo, centros de 
acogida, traducción automática, lenguas con pocos 
recursos, evaluación de la calidad de la traducción. 

Resum 

Aquest article aborda la selecció d’un sistema de 
traducció automàtica per a l’ús en centres d’acollida, 
destinat a traduir missatges redactats en anglès, 
francès i neerlandès a 14 llengües, incloses llengües 
amb pocs recursos com el paixtu i el somali. La qualitat 
de la traducció s’avalua mitjançant mètriques 
automàtiques i avaluacions humanes dutes a terme per 
experts, amb la finalitat de donar suport a una 
comunicació multilingüe eficaç. 

Paraules clau:  sol·licitants d’asil, centres d’acollida, 
traducció automàtica, llengües amb pocs recursos, 

avaluació de la qualitat de la traducció. 
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1. Introduction 

Reception centres accommodate a highly diverse population with varied linguistic 

backgrounds. Due to this diversity and the precariousness of their life situation, residents 

often struggle to access crucial information and express themselves effectively in 

institutional and interpersonal interactions (Maryns et al. 2023). Reception staff must 

communicate with residents in many different ways, ranging from conveying simple, 

practical information, such as house rules or how to use public transport, to conducting 

complex conversations about legal procedures or socio-emotional needs. To facilitate 

effective communication, it is crucial that reception centres provide appropriate language 

support tailored to the nature of the situation. Complex, individualised interactions 

typically require the involvement of a professional interpreter, whereas less demanding 

exchanges can be managed effectively through the use of a lingua franca (such as 

English) or a multilingual support application (such as fedasilinfo.be), or with the help of 

multilingual staff or fellow residents. Furthermore, asylum seekers and reception staff 

extensively use machine translation (MT) tools to communicate and comprehend 
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information (Pięta & Valdez, 2024; Vieira, 2024; Valdez et al., 2023; Kivijärvi & Myllylä, 

2022; Ciribuco, 2020; Demmans Epp, 2017). 

However, each of these forms of language support presents specific challenges. For 

example, scheduling a professional interpreter in urgent situations can be difficult, and 

using a lingua franca can raise issues related to language variation and mutual 

intelligibility (not all varieties of Arabic, for instance, are mutually intelligible). Moreover, 

a particular challenge in asylum and refugee contexts, including reception settings, is the 

prevalence of languages of lesser diffusion (LLDs). These are languages that are rarely 

spoken in the Global North (such as Pashto, Tigrinya, and Farsi), and little to no support 

for them is available in host countries. This issue affects various forms of linguistic 

support. For more complex forms of interaction, there is a significant discrepancy between 

the supply and demand for interpreting services for LLDs (González Figueroa & Pöllabauer, 

2025; Gavioli & Wadensjö, 2023). Current initiatives in several countries aim to address 

this gap by training interpreters with an LLD profile. For example, the QUADA (Quality 

Interpreting in Asylum Procedures) project developed a handbook for asylum interpreters 

that addressed different trainee profiles (Bergunde & Pöllabauer, 2019), and the EU-

WEBPSI project developed an EU-based web portal for video-mediated public service 

interpreting (PSI) to improve access to basic services for migrants and refugees. 

For simpler forms of communication, research has shown that while MT has great 

potential to facilitate migrants’ access to important information, low translation quality, 

a lack of domain-specific vocabulary in MT systems, and privacy concerns remain 

obstacles to its use in asylum settings (Pięta & Valdez, 2024; Valdez et al., 2023; Liebling 

et al., 2020).  

To address these challenges and enhance communication between staff and residents, 

Fedasil — the Belgian federal agency responsible for the reception of asylum seekers — 

launched a call for project proposals (AMIF funding, 2023–2025). The aim was to develop 

a digital platform that could automatically translate messages into the languages most 

commonly spoken by residents. In response to this call, an interdisciplinary team of 

Ghent University researchers specialising in linguistic ethnography and translation 

technology proposed the MaTIAS project. The project aims to develop a prototype of a 

web platform that will enable staff to send practical messages via WhatsApp in the 

languages most commonly spoken by residents. 

Figure 1 illustrates the concept of the prototype we are developing.  
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Figure 1: Visualisation of the web platform for sending automatically translated messages via an 

existing messaging system (e.g. WhatsApp) 

This prototype has been specifically designed to enable the rapid and simultaneous 

delivery of simple messages in multiple languages to one or more residents. Using a 

web-based platform, staff members can write short messages in Dutch, French or English 

about upcoming activities or technical issues in the centre, for example. Dutch and 

French are the two main working languages in the context of asylum procedures in 

Belgium, while English serves as a lingua franca in many international and multicultural 

settings. These messages are then automatically translated and delivered to residents in 

14 target languages, including LLDs such as Pashto, Somali, and Tigrinya. These 14 

languages were selected by Fedasil based on current needs. The system is designed for 

one-way communication, meaning residents cannot respond to messages. This form of 

communication complements other, more complex and sensitive interactions, for which 

alternative forms of language support are employed, such as the use of professional 

interpreters. 

Ethnographic research was conducted in four reception centres to gain insight into 

current communication practices and identify the necessary preconditions for the 

development of an effective tool. On-site observations and interviews with staff members 

(n=30) were conducted to explore how they communicate with residents about practical 

matters. In addition, document analysis was carried out through the collection of existing 

written communication materials, such as multilingual posters and flyers. Staff members 

were also invited to contribute by keeping brief communication diaries or by sharing 

screenshots and scans of messages they typically send to residents. Furthermore, 

interviews with residents (n= 45) were conducted to gather their perspectives on the tool, 

with language support provided by multilingual staff when necessary. In a subsequent 

phase of the project, the usability of and user satisfaction with the tool will be evaluated. 

Based on this ethnographic fieldwork, an inventory of around 400 messages was 

compiled, covering topics including house rules, hygiene and safety, administration and 

services, opening hours and holidays, appointments, work, and classes (Macken et al. 

2025). While the details of the ethnographic research phase that informed the collection 

of messages and design decisions are discussed extensively elsewhere, this article will 

focus more closely on the dimension of translation technology. Specifically, it outlines 

the process of selecting the most suitable MT system for integration into the platform. 
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The article also reports on a subsequent manual quality evaluation conducted by 

language experts proficient in the target languages. This evaluation aimed to assess the 

effectiveness of machine-translated messages in the 14 target languages. Additionally, 

we examine the predictive value of automatic evaluation metrics, such as ChrF and 

COMET, for human ratings across languages.  

The article is organised as follows. We begin by outlining the challenges faced when 

using existing MT models to support LLDs. We then report on the selection of the most 

suitable MT system. Next, we present the human evaluation of the machine-translated 

messages and explore how these human ratings relate to automatic metrics. The article 

concludes with a discussion and final remarks. 

2. Suitability of current MT models and evaluation metrics for LLDs  

Traditional neural MT (NMT) systems typically require substantial amounts of bilingual 

training data to perform well. This reliance on large-scale, high-quality datasets limits 

their effectiveness in many low-resource scenarios, where parallel corpora are rare or 

non-existent, which is the case for most LLDs. 

Large language models (LLMs), such as the one powering ChatGPT (OpenAI, 2025), 

have demonstrated promising translation capabilities, despite not being specifically 

designed for this task. These models leverage vast amounts of monolingual and 

multilingual pre-trained data and can perform translation without relying on parallel data, 

making them appealing for underrepresented languages. However, their performance is 

highly variable. Their effectiveness tends to be considerably lower for very low-resource 

languages than for high-resource ones, particularly when those languages are scarcely 

represented during pre-training (Hendy et al., 2023; Robinson et al., 2023; Xu et al., 

2023). In addition, LLMs require substantial computational resources, technical expertise, 

and maintenance, which can limit their accessibility and practical deployment in many 

real-world settings. 

In addition to the options mentioned above, there are pre-trained or fine-tuned NMT 

models that are specifically designed for translation tasks and cover many language 

pairs, including those with very limited resources. Meta’s No Language Left Behind initiative 

represents a notable attempt to overcome these limitations by training multilingual models 

specifically to improve translation quality for over 200 low-resource languages through a 

combination of supervised and self-supervised techniques (NLLB Team et al., 2022). Other 

examples include Facebook’s M2M-100 model, which supports direct translation between 

100 languages (Fan et al., 2021); Google’s multilingual NMT system, designed to leverage 

shared representations across many language pairs (Aharoni et al., 2019); Microsoft 

Translator, which incorporates both rule-based and neural techniques to support a wide 

variety of languages, including low-resource ones (Microsoft, 2025); and ModernMT, a 

neural adaptive MT system that learns continuously from user feedback and supports 

customisation for underrepresented languages. While most of these models and services 

are available off the shelf, many can also be adapted to specific domains to perform 
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optimally on truly low-resource languages. However, achieving consistent and reliable 

performance for low-resource languages remains difficult and is significantly constrained 

by the limited availability of relevant data and suitable benchmarks. 

MT output quality is typically assessed through automatic and manual evaluation. 

Automatic metrics are fast, cost-effective, and reproducible, making them ideal for large-

scale benchmarking. Manual evaluation, though more resource-intensive, offers greater 

accuracy by capturing nuances in meaning and fluency that automatic tools may miss. 

Automatic metrics can be categorised as word-based, character-based or neural 

model-based methods. Word-based metrics, such as BLEU (Papineni et al., 2002) and 

TER (Snover et al., 2006), rely on overlap at the word level between MT output and a 

human reference. Although BLEU remains popular due to its simplicity, word-based metrics 

are less reliable for languages with rich morphology or agglutinative structures, where 

the same meaning can be conveyed through highly variable word forms. This often results 

in low BLEU scores despite high semantic adequacy. Character-based metrics, such as 

ChrF (Popović, 2015), offer a better alternative in such settings, as they evaluate overlap 

at the character level. This makes them better able to handle inflectional and agglutinative 

variation. 

Neural-based evaluation metrics, such as COMET (Rei et al., 2020), BLEURT (Sellam 

et al., 2020), and BERTScore (Zhang et al., 2020), represent a newer class of quality 

evaluation tools. Rather than merely examining surface-level text matching, these metrics 

calculate semantic similarity between the MT output and a reference translation. Neural-

based evaluation metrics tend to show high correlations with human judgements (Freitag 

et al., 2024). However, these neural metrics have a shared limitation in that they perform 

poorly in low-resource scenarios or with typologically distant languages. Their 

effectiveness is significantly tied to how well the underlying pre-trained models generalise 

to these languages and domains and to how closely the data they were fine-tuned on 

matches the evaluation context (Zouhar et al., 2024; Hu et al., 2020). As a result, 

correlations with human judgments weaken in such settings, highlighting the continued 

importance of robust manual evaluation in low-resource MT settings. 

Human evaluation remains the most reliable method of assessing translation quality. 

Common approaches include direct assessment via rating scales, e.g. the Likert scale 

(Graham et al., 2013), and pairwise ranking of translations (Bojar et al., 2016). Direct 

assessment provides absolute scores based on defined quality criteria, making it 

especially useful for evaluating how well an MT system meets user needs. Ranking 

performs relative comparisons within a set, which limits cross-language comparability. 

To enable meaningful cross-language comparisons, Licht et al. (2022) adopted the 

cross-lingual semantic text similarity (XSTS) method used by Agirre et al. (2012), which 

prioritises meaning over fluency. They also introduced a calibration procedure to 

normalise the assessment scores of different annotators using a separate evaluation set, 

ensuring comparability across languages and evaluators. This approach was also used in 
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the large-scale evaluation of Meta’s No Language Left Behind project (NLLB Team et al., 

2022). 

3. Selection of the most suitable MT system  

To determine the most suitable MT system for the application we have in mind, we 

applied the following selection criteria: 

• Compatibility with the three chosen source languages and the 14 target languages. 

• Ease of integration into the web platform, with no need for local deployment or 

maintenance of models, software or servers. 

• Translation quality, as evaluated through automatic quality assessment tools. 

• Adaptability to the specific domain, including support for integrating a context-

specific translation memory or terminology, with minimal effort required for 

customisation. 

At the outset of the MaTIAS project, four NMT systems were considered: Google 

Translate, Microsoft Translator, ModernMT, and No Language Left Behind (NLLB). All four 

systems support the selected target languages. However, the technical implementation of 

NLLB was ultimately deemed unfeasible, as it required hosting the translation models on 

local servers, an impractical solution in our context. As a result, the subsequent evaluation 

focused on Google Translate, Microsoft Translator, and ModernMT. 

Each of these three commercial systems offers some degree of domain adaptation. 

However, Google Translate only supports offline customisation through model retraining, 

which is not feasible within the context of our project. Microsoft Translator offers 

customisation capabilities, but not for all 14 target languages. In contrast, ModernMT 

provides a user-friendly, flexible adaptation process involving the upload of a translation 

memory (a database containing source sentences paired with their corresponding 

translations). 

We assessed the translation performance of Google Translate, Microsoft Translator, 

ModernMT, and ModernMT with translation memory (henceforth referred to as ModernMT-

Mem) by means of established automatic evaluation metrics that compare MT outputs 

with professional reference translations. These evaluations aimed to (1) evaluate the 

effectiveness and suitability of widely used automatic evaluation metrics for low-resource 

languages, (2) compare the translation quality of the different MT systems across the 14 

target languages, and (3) examine the impact of the source language (English, French or 

Dutch). 

A set of 200 Dutch messages was selected from the inventory compiled during the 

preparatory ethnographic phase of the project. The selection was based on criteria of 

variation, frequency, and length. These messages were then manually translated into 

English and French by staff at Ghent University. To ensure consistency and quality across 

all 14 target languages, we commissioned professional translation agencies (ElaN and 

Untranslate) to produce the reference translations for the resulting English set of 6,711 

words.  
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This dataset was subsequently split into two subsets. All the even-numbered messages 

(3,193 English words) and their translations were stored in a context-specific translation 

memory, which was uploaded to ModernMT to adapt the system to Fedasil’s context. 

The odd-numbered messages (3,518 English words) were reserved for evaluating the 

quality of the translations produced by the four MT systems: ModernMT, ModernMT-Mem, 

Google Translate, and Microsoft Translator. 

To assess the quality of the automatic translations, we considered all the automatic 

evaluation metrics available in MATEO (Vanroy et al., 2023). However, neural metrics were 

excluded early in the process due to limited language coverage and insufficient validation 

for several target languages. We also encountered issues with tokenisation during the 

preprocessing stage, particularly with word-based metrics such as BLEU and TER in 

languages like Tigrinya, where Ge’ez punctuation is not handled properly, as illustrated 

in Figure 2. Consequently, the character-based metric ChrF proved to be the most robust 

and reliable option across all target languages. 

 

 

Figure 2: Example of a tokenisation problem in Tigrinya 

As illustrated in Figure 3, the results demonstrate that ModernMT-Mem generally 

outperformed its baseline version without memory, except in the case of Georgian. 

Notably, the customised version of ModernMT achieved the highest ChrF scores for nine 

out of the 14 language pairs. Google Translate excelled in three language pairs, while 

Microsoft Translator led in one. Additionally, Figure 3 reveals considerable variation in 

translation quality across the target languages, with Persian (fa) obtaining lower ChrF 

scores and Tigrinya (ti) obtaining considerably lower ChrF scores. 

These findings demonstrate that integrating the translation memory into ModernMT 

improved translation quality. Due to its adaptability and robust performance, ModernMT 

was chosen for integration into the MaTIAS project. Its capacity to efficiently incorporate 

domain-specific translations is well aligned with the project’s objectives. 
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Figure 3: ChrF scores for the 100 messages in the evaluation set translated from English by four MT 

systems (ModernMT-Mem = orange; ModernMT = light orange; Microsoft Translator = green; Google 

Translate = blue) 

We further investigated the impact of the source language (English versus French and 

Dutch) in the customised version of ModernMT. Figure 4 displays the ChrF scores for 

translations generated using ModernMT-Mem. The results clearly illustrate the influence 

of the source language, with translations from English consistently achieving higher ChrF 

scores compared to those from French or Dutch. 

 

Figure 4: ChrF scores for the 100 messages in the evaluation set translated from English, Dutch, and 

French into the 14 target languages, sorted by ChrF score 

4. Human assessment of the usefulness of the machine-translated messages  

While automatic evaluation metrics were initially used to compare the translation quality 

of three different systems — Google Translate, Microsoft Translator, and ModernMT — a 
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manual evaluation was carried out to reliably assess the usefulness of the automatically 

translated messages in the 14 target languages, with a customised version of ModernMT 

with translation memory as the selected MT system. Given that the conveyance of 

meaning is more critical than fluency in our use case, we adopted the XSTS method 

described by Licht et al. (2022). 

4.1. Assessment method and design 

In order to keep human evaluation manageable, we limited manual assessment to the 

two main source languages: Dutch and French. The actual test set consists of 90 

messages extracted from the test set of 100 odd-numbered messages used in the 

automatic evaluation. Messages that were too long (more than five lines) were shortened 

to four or five lines, depending on the context. From the original test set, we removed 

eight messages because they contained Fedasil-specific terms that are difficult for 

outsiders to understand (e.g. ‘orange card’). Two messages were reserved for inclusion 

as attention checks. We used a custom script to partition the remaining 90 messages 

equally into two subsets (one with translations from Dutch and one with translations 

from French), ensuring equal variation in quality (measured by ChrF) in both subsets 

across all 14 target languages. 

As it is difficult to find suitable bilingual evaluators with high proficiency in Dutch, 

French, and one of the 14 target languages, we decided to present the human-translated 

English message next to the automatically translated message in the evaluation 

procedure. To make it easier for the evaluators to compare messages consisting of 

several sentences, we made sure that the messages were displayed sentence by sentence 

(see Figure 5 for an example). The evaluators used the following five-point scale to score 

the preservation of meaning in the messages during MT: 

1. The messages are not equivalent, share very few details, and may be about 

different topics. 

2. The messages share some details but are not equivalent. Some important 

information differs or is missing. 

3. The messages are mostly equivalent but some unimportant details differ. 

4. The messages are paraphrases of each other. They are equivalent in meaning 

but not in expression. 

5. The messages are exactly and completely equivalent in meaning and expression. 

 

Figure 5: Example of an English-Persian message used in the evaluation procedure 
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In order to obtain meaningful human ratings comparable across language pairs, we 

adopted the approach of Licht et al. (2022) and constructed a calibration set of 20 

English-English messages, pairing the English human reference with an English MT version 

translated from one of the target language human-produced reference translations. Prior 

to evaluating 90 messages within their assigned language pair, evaluators first scored 

the calibration set of 20 messages. This calibration set is used to determine each 

evaluator’s average scoring tendency. If an evaluator’s average score for the calibration 

set is higher than the consensus score, it indicates a lenient scoring pattern; if it is 

lower, it suggests a stricter approach. To correct for these biases, we apply a linear 

adjustment. For example, if the consensus score for the calibration set is 3.8 and an 

evaluator gives an average of 4.1, we subtract 0.3 from all of their scores in the main 

evaluation task. 

To create the calibration set, 45 messages were selected from the context-specific 

translation memory and translated into English using the standard ModernMT system. To 

introduce variation in translation quality, different target languages were used as input, 

including German, Arabic, and Georgian. These 45 English translations were then evaluated 

by 20 language experts with diverse linguistic backgrounds (e.g. Mandarin, Dutch, French, 

Greek, Polish, Serbian). From this initial pool, 20 messages were selected based on their 

quality range and the level of agreement among evaluators. The consensus score for 

the calibration set was then defined as the average score assigned to these 20 messages 

by the panel of 20 language experts. 

The manual evaluation procedure was set up in Qualtrics and was structured as 

follows: 

• A welcome page explaining the evaluation task and allowing evaluators to choose 

their target language. The evaluators were not explicitly told that they had to 

evaluate the MT output. 

• Informed consent form for asking for explicit consent to participate in the study. 

• Commitment request for asking the evaluators to promise to provide thoughtful 

responses. 

• Background questionnaire for collecting information about the evaluators’ 

language skills, education, and experience in a language-related profession. 

• Instructions and guidelines for explaining the scoring scale using English-English 

examples. In the subsequent assessment, the guidelines could be easily displayed 

by clicking on a button. 

• Calibration task involving scoring 20 English-English messages; messages were 

randomised in Qualtrics. 

• Evaluation task involving scoring 90 bilingual messages (English and selected 

target language; 45 messages were automatically translated from French and 45 

from Dutch); messages were randomised in Qualtrics. 

We implemented some quality measures in Qualtrics to improve evaluator engagement. 

These include a five-second delay before the button for proceeding to the next message 

appeared, to prevent mindless clicking, and the inclusion of two attention-check messages 
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(i.e. messages containing the human translation instead of the automatic translation in 

the target language). 

4.2. Participants 

A total of 28 evaluators participated in the actual manual evaluation, with two evaluators 

assigned to each language pair. Evaluators were recruited through various channels, 

including: 

• The Register of Sworn Interpreters and Translators in Belgium 

• Training centres for social interpreters and translators 

• A social interpreting and translation agency 

• Translation-related social media groups (GentVertaalt and Vertalerskoffiehoek) 

• LinkedIn posts 

• Contacts within Ghent University 

All the evaluators have a high level of English, with four at upper intermediate, 14 at 

advanced, and 10 at native-like level. The majority (18 out of 28) have a degree in 

languages. All evaluators were remunerated for their participation in the evaluation task, 

which was expected to take 90 minutes. External evaluators received €90 (excluding VAT), 

while university staff received €25.  

4.3. Results 

All but one of the evaluators gave the attention-check messages a score of 4 or 5. For 

the 90 messages in the evaluation set, the median number of seconds an evaluator 

spent on a message was 37.5. If we include the 20 English-English messages that made 

up the calibration set, the median number of seconds per message rises to 40.5, 

indicating that it took some time for the evaluators to familiarise themselves with the 

scoring scale. 

To assess the reliability of the human evaluations, we calculated inter-annotator 

agreement between the two evaluators assigned to each of the 14 language pairs. To 

do so, we used the intra-class correlation coefficient (ICC), specifically ICC(2,1C), as 

implemented in the irr R package (version 0.84.1). The ICC was computed on bias-

adjusted (shifted) scores, which correct for individual evaluator tendencies identified 

through a 20-item English-English calibration set. The ICC is appropriate for interval-level 

data and continuous score comparisons, particularly when evaluating consistency between 

raters. This makes it especially suitable for our setting, as we applied a linear shift to 

adjust for evaluator bias based on the calibration set, transforming the original ordinal 

ratings into continuous ratings. We used the consistency-based version (C), which 

evaluates whether raters are consistent in their relative rankings, while ignoring systematic 

differences in absolute scoring levels. 

Table 1 presents the ICC scores by target language. The ICC scores range from 0.06 

to 0.64. These indicate varying levels of agreement, from slight to moderate, depending 

on the language pair. ICC values above 0.5 are generally interpreted as indicating 
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moderate reliability, with values below 0.4 indicating poor reliability. Languages such as 

Persian (fa), Tigrinya (ti), Turkish (tr), Russian (ru), and Armenian (hy) show high inter-

annotator consistency (ICC = 0.64, 0.64, 0.58, 0.54, and 0.50 respectively), while Spanish 

(es) and German (de) exhibit lower agreement (ICC = 0.06 and 0.29 respectively). The 

particularly low ICC scores for Spanish appear to be influenced by the first kappa 

paradox, a phenomenon where agreement scores are deflated despite high raw agreement 

due to skewed score distributions. 

The lower ICC scores for several languages indicate that translation evaluation is 

inherently subjective. Variation in scores across languages may result from differences in 

evaluator interpretation, translation ambiguity, or linguistic complexity. When reporting 

results across languages in the following paragraphs, we use the average scores of both 

evaluators. 

Language ar de es fa hy ka ps pt ro ru so sq ti tr 

ICC 0.31 0.29 0.06 0.64 0.50 0.35 0.51 0.32 0.44 0.54 0.30 0.38 0.64 0.58 

Table 1: Inter-annotator agreement by target language, calculated via ICC(2,1C) 

Table 2 presents the mean shifted scores for each target language. The first row 

shows the results for all 90 messages, the second for only the 45 messages that were 

translated from French, and the third for only the 45 messages translated from Dutch. 

Notably, Tigrinya (ti) and Somali (so) have the lowest mean scores (2.73 and 2.96 

respectively), while all other languages have mean scores above 3.4. Arabic (ar) and 

Spanish (es) have the highest mean scores (4.14 and 4.00 respectively). For nine out of 

the 14 languages, the mean values are slightly higher for translations from French than 

for translations from Dutch. 

 

ar de es fa hy ka ps pt ro ru so sq ti tr 

Src 

= All 

4.14 

(1.15) 

3.40 

(1.11) 

4.00 

(0.87) 

3.33 

(1.35) 

3.45 

(1.17) 

3.47 

(1.25) 

3.67 

(1.09) 

3.80 

(1.31) 

3.96 

(1.07) 

3.69 

(1.08) 

2.96 

(1.31) 

3.98 

(1.15) 

2.73 

(1.18) 

3.84 

(1.05) 

Src 

= Fr 

4.21 

(1.18) 

3.56 

(1.02) 

4.05 

(0.83) 

3.54 

(1.24) 

3.56 

(1.18) 

3.45 

(1.2) 

3.63 

(1.11) 

3.99 

(1.23) 

4.16 

(0.98) 

3.91 

(1.06) 

2.88 

(1.37) 

3.96 

(1.2) 

2.66 

(1.09) 

3.99 

(1.04) 

Src= 

Nl 

4.07 

(1.13) 

3.24 

(1.17) 

3.95 

(0.91) 

3.12 

(1.42) 

3.34 

(1.17) 

3.49 

(1.31) 

3.72 

(1.08) 

3.62 

(1.36) 

3.75 

(1.13) 

3.46 

(1.05) 

3.04 

(1.26) 

4.01 

(1.11) 

2.81 

(1.25) 

3.69 

(1.05) 

Table 2: Mean shifted scores by target language for all 90 messages, for the 45 translated from 

French, and for the 45 translated from Dutch; standard deviation in brackets 

Figure 6 presents another view of the data and visualises the averaged shifted scores 

for the 90 messages across all 14 target languages. Please note that the linear shift 

applied to individual evaluators can be either negative or positive, resulting in shifted 

scores that may fall below 1 or exceed 5. Scores above 3 (shown in green) indicate that 

the translated messages are useful for the intended application because they preserve 

sufficient meaning. In contrast, translations with scores below 2 are considered 

problematic. As can be seen from the figure, the quality of translations from Tigrinya (ti) 

and Somali (so) is likely too low to be reliable for our purposes. Only 29% of Tigrinya 
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messages and 40% of Somali messages received an averaged shifted score higher than 

3. Translation quality for Persian (fa) also appears to be suboptimal, although 57% of 

messages received an average shifted score higher than 3. 

 

Figure 6: Stacked bar plots with averaged shifted scores by target language 

In order to gain insight into the reasons behind the poor quality of the translations, 

we selected 15 messages that obtained low overall scores and asked five evaluators, 

who spoke different target languages, to comment on the quality of the translations. 

There are recurring issues that suggest pivot translation through English, particularly 

for certain language pairs. Below are two examples illustrating this point: 

1. Fr: La douche est en panne dans notre immeuble. Vous pouvez donc utiliser les 

douches du bloc 26 jusqu’à ce que nos douches soient réparées. 

En: The shower is down in our building. So you can use the showers in block 26 

until our showers are repaired. 

2. Nl: We hebben gemerkt dat sommige bewoners niet in hun eigen kamer slapen. 

We herinneren u er graag aan dat u moet slapen in het bed en de kamer die u 

werden toegewezen. Veranderen van kamer wordt enkel toegelaten om 

uitzonderlijke medische redenen, na akkoord van de directie. 

En: We’ve noticed that some residents don’t sleep in their own room. We would 

like to remind you that you must sleep in the bed and room that have been 

assigned to you. Changing rooms is only permitted for exceptional medical 

reasons, with the approval of the management. 

The original messages were written in either French or Dutch. The English version, 

provided for reference, was translated by the authors using ModernMT. In the first 

example, the English automatic translation of ‘est en panne’ is ‘is down’, which is 

ambiguous in English as it can mean either ‘is not functioning’ or ‘is located’. According 

to the Turkish, Persian, and Romanian evaluators, however, the MT reflected the ‘location’ 

meaning, which did not correspond with the original French message. The same issue 

arises in the second example. The English automatic translation of ‘Veranderen van 
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kamer’ is ‘Changing rooms’, which has apparently been interpreted as a noun phrase by 

the Turkish MT model, resulting in an incorrect translation of ‘Dressing rooms’. 

The following two examples show Dutch compounds that cause translation problems. 

1. Opgelet: De refteruren zijn gewijzigd. (En: Please note that the canteen opening 

times have changed.) 

2. Je kind draagt een fluohesje onderweg naar school. (En: Your child must wear a 

fluorescent jacket to and from school.) 

The compounds ‘refter+uren’ (En: canteen opening times) and ‘fluo+hesje’ (En: 

fluorescent jacket) were incorrectly translated into multiple target languages. In the first 

example, the second part of the Dutch compound (‘uren’) was omitted in the translation, 

altering the meaning to ‘the canteen has been changed’. In the second example, the 

second part of the compound (‘hesje’, an uncommon word in Dutch) resembles the more 

common word ‘flesje’ (En: bottle), leading to the incorrect translation ‘fluorescent bottle’. 

This latter error can be attributed to MT systems often translating at the sub-word level 

for uncommon words. 

Several evaluators provided spontaneous feedback after participating in the task. The 

evaluators of Romanian and Persian translations highlighted gender bias in the machine-

translated texts. Those evaluating Somali, Albanian, and Tigrinya commented on the use 

of regional language variants, raising concerns about dialectal preferences. For Somali, 

the translations seemed to favour Northern Somali; standard Somali terminology would 

have been more appropriate. For Albanian, the translations seemed to favour the Tosk 

dialect (spoken mainly in southern Albania); this can cause misunderstandings, especially 

among Albanian speakers from Kosovo or North Macedonia (Gheg dialect). For Tigrinya, 

the translations seemed to favour Tigrinya from the Tigray region of Ethiopia, which has 

inherited many words from Amharic, another official language of Ethiopia. 

5. Linking human ratings to automatic metrics 

For the manual evaluation, we employed 28 language experts to assess the translation 

quality of 90 messages (totalling 2,316 English words) in 14 target languages. This 

valuable dataset allows us to explore how well automatic evaluation metrics, such as 

ChrF and COMET, predict human ratings across languages. We fitted a series of linear 

mixed-effects (LME) models using the bias-adjusted (shifted) XSTS scores as the 

dependent variable and tested two widely used automatic evaluation metrics (ChrF and 

COMET) as predictors, through a stepwise modelling approach that incorporated 

additional predictors such as message length, target language, and source language.  

All models were constructed using the lmer function from the lmerTest package 

(Kuznetsova et al., 2017) in R. Random intercepts were included for message ID, target 

message ID, and evaluator ID to account for repeated measures and rater variability. To 

assess how much of the variance in the models we built is explained by the fixed effects 

only and the fixed and random effects together, we computed the marginal and 

conditional R2 values with the r.squaredGLMM function in the MuMIn package (Bartoń, 
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2023). To assess the relative importance of the individual fixed effects in these models, 

we computed semi-partial R2 values with the r2beta function in the r2glmm package 

(Jaeger et al., 2017). The alpha level for statistical significance was set at .05 for all 

models. We used residual plots and Q-Q plots to verify the assumptions of linearity, 

homoscedasticity, and normality. 

For the ChrF-based models (see Table 3), we observed that ChrF was a statistically 

significant predictor across all models (p < .001). However, its unique contribution to 

explained variance remained modest, with a semi-partial R² ranging from 0.036 in the 

simplest model to 0.022 in the full model that included language variables. The addition 

of message length improved model fit (R²ₘ from 0.036 to 0.087), indicating that longer 

messages tended to receive lower ratings. Target language contributed further, with a 

R²ₘ of 0.171. Significant negative effects were found for German, Somali, and Tigrinya, 

indicating that the MT output for these languages was rated significantly lower by human 

evaluators. No significant effects were found for source language as a predictor. 

Model comparison using AICc indicated that the model including ChrF and message 

length provided the best fit to the data, with the lowest AICc (7219.5). Although the 

inclusion of target language improved the marginal R², this improvement appears to be 

driven primarily by a subset of languages (German, Somali, and Tigrinya) which showed 

significantly lower human ratings. This suggests that the target language variable captures 

language-specific deviations in translation quality rather than contributing uniformly across 

all languages. Consequently, while the model fit improved modestly, the added complexity 

may not be justified for languages where MT performance aligns more closely with the 

average. 

Predictors R²ₘ R²c Semi-partial 

R² (ChrF) 

Target language 

significant? 

AICc (weights) 

ChrF 0.036 0.479 0.036 – 7237.6 (<.001) 

ChrF, message length 0.087 0.486 0.034 – 7219.5 (0.857) 

ChrF, message length, target 

language 

0.171 0.517 0.022 de, so, ti 7224.1 (0.086) 

ChrF, message length, target 

language, source language 

0.172 0.518 0.022 de, so, ti 7224.9 (0.056) 

Table 3: Results of the LME model predicting human ratings from ChrF scores and additional 

predictors (marginal and conditional R² values (R²ₘ and R²c), semi-partial R² for ChrF, significance of 

the target language factor, and AIC scores) 

We replicated the modelling pipeline using COMET instead of ChrF. However, we 

excluded the Tigrinya assessments, since the pre-trained language model used to train 

COMET does not include Tigrinya. The results are presented in Table 4. The model with 

COMET as sole predictor failed to converge. COMET was a statistically significant predictor 

in all other models (p < .001). The results largely resemble the results obtained for ChrF. 
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The unique contribution of COMET to explained variance remained modest, with a semi-

partial R² ranging from 0.058 in the simplest model to 0.043 in the full model that 

included language variables. Target language contributed further (R²ₘ = 0.171). Significant 

negative effects for three target languages (German, Somali, and Farsi) were found, 

indicating that the MT output for these languages was rated significantly lower by human 

evaluators. No significant effects were found in the model including the source language. 

Again, model comparison using AICc indicated that the model including COMET and 

message length provided the best fit to the data, with the lowest AICc (6638.1). 

Predictors R²ₘ R²c Semi-partial R² 

(COMET) 

Target language 

significant? 

AICc 

(weights) 

COMET, message length 0.116 0.454 0.058 – 6638.1 

(0.989) 

COMET, message length, 

target language 

0.169 0.481 0.045 de, so, fa 6647.8 

(0.008) 

COMET, message length, 

target language, source 

language 

0.170 0.482 0.043 de, so, fa 6649.4 

(0.004) 

Table 4: Results of the LME model predicting human ratings from COMET scores and additional 

predictors (marginal and conditional R² values (R²ₘ and R²c), semi-partial R² for COMET, significance 

of the target language factor, and AIC scores) 

6. Discussion  

Our study highlights the potential and limitations of MT systems for multilingual 

communication in asylum reception centres. Integrating a context-specific translation 

memory into ModernMT improved translation quality for most language pairs, as 

evidenced by higher ChrF scores. This suggests that customisation for a specific domain 

is crucial for achieving accurate, contextually appropriate translations in real-world 

applications. 

However, the results also reveal persistent challenges. One of the primary challenges 

was the variability in translation quality across different target languages. Translation 

quality for languages such as Tigrinya, Somali, and Persian remained suboptimal, as 

demonstrated by automatic and manual evaluation scores. These findings reflect broader 

issues in MT, where low-resource and typologically distant languages continue to suffer 

from limited training data and inadequate model generalisation. 

A manual evaluation was conducted using the XSTS methodology to gain insight into 

the perceived usefulness of the translations. While most languages achieved scores 

indicating acceptable preservation of meaning, variability in inter-annotator agreement 

(ICC scores) highlights the subjective nature of translation quality assessment. Although 

the calibration procedure mitigates evaluator bias to some extent, the relatively low level 
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of agreement for certain languages, such as German and Somali, highlights the need for 

further refinement of evaluation protocols or the involvement of a larger, more diverse 

group of evaluators. 

From a practical point of view, the relatively high scores for most languages indicate 

that MT can support operational needs in asylum settings for most target languages. 

However, for critical information delivery in languages with low scores, alternative 

strategies remain essential. Spontaneous feedback from evaluators also revealed that MT 

output often reflects regional language variants, which may not align with the linguistic 

reality of target user groups.  

An important finding of our evaluation is that messages translated from English 

achieved consistently higher quality scores than those translated from Dutch or French. 

This may be explained by the greater availability of parallel data and better representation 

of English in the training corpora of most commercial MT systems, including ModernMT. 

Consequently, translation models are generally more robust when English is the source 

language, particularly in low-resource settings. This has practical implications for 

multilingual communication strategies: where feasible, drafting source messages in English 

can improve the quality and comprehensibility of translations into a broader range of 

target languages. 

LME models confirmed that automatic metrics such as ChrF and COMET are 

statistically significant predictors of human ratings, but their explanatory power remains 

modest. This underlines the importance of human evaluation, particularly in low-resource 

settings where automatic metrics may not fully capture translation quality. Interestingly, 

message length emerged as a consistent predictor of lower human ratings, suggesting 

that longer messages may introduce more opportunities for translation errors or 

ambiguities. Additionally, examples indicate that some translation issues arise from 

pivoting through English, which may degrade output quality. Finally, while automatic 

metrics remain essential for MT development and benchmarking, our results reaffirm the 

indispensable role of human evaluation, particularly for low-resource languages. Future 

work will focus on integrating user feedback loops into the prototype. This will enable 

us to improve MT performance further by extending the translation memory with additional 

manual or post-edited translations.  

To conclude, we want to underscore that successful implementation of MT tools in 

reception centres depends not only on the technical performance of the system but also 

on users’ understanding of how MT works and how it can be applied effectively in 

different communicative situations. Residents and staff must be aware of both the 

potential and limitations of MT to use the tool appropriately; for instance, knowing which 

types of messages, such as simple instructions or routine notices, can be reliably 

translated, and which, such as legal or healthcare consultations, require human support. 

Research shows that without such awareness, users may either over-rely on MT, leading 

to misunderstandings, or underuse it, missing opportunities for effective communication 

(Martindale & Carpuat, 2018; Deng et al., 2022). Within the MaTIAS project, these insights 

have been translated into a deliberate investment in training and awareness-raising 
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initiatives for both staff and residents (Macken et al. 2025). These initiatives are designed 

to embed practical MT skills and knowledge directly into daily routines, enabling staff 

and residents to recognise the types of messages that MT can reliably support, 

understand its limitations, and use it in combination with other language support 

strategies. By integrating these practices into everyday workflows, the project aims to 

foster greater user trust and engagement, ensuring that the MT tool is not only technically 

available but also effectively and confidently employed to support communication across 

languages in the complex, multilingual environment of reception centres. 
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