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Abstract

Low-resource machine translation (MT)
presents a diversity of community needs and
application challenges that remain poorly
understood. To complement surveys and focus
groups, which tend to rely on small samples
of respondents, we propose an observational
study on actual usage patterns of tetun.org, a
specialized MT service for the Tetun language,
which is the lingua franca in Timor-Leste.
Our analysis of 100, 000 translation requests
reveals patterns that challenge assumptions
based on existing corpora. We find that users,
many of them students on mobile devices,
typically translate text from a high-resource
language into Tetun across diverse domains
including science, healthcare, and daily
life. This contrasts sharply with available
Tetun corpora, which are dominated by news
articles covering government and social issues.
Our results suggest that MT systems for
institutionalized minority languages like Tetun
should prioritize accuracy on domains relevant
to educational contexts, in the high-resource
to low-resource direction. More broadly, this
study demonstrates how observational analysis
can inform low-resource language technology
development, by grounding research in
practical community needs.

1 Introduction

While machine translation (MT) is often consid-
ered a single area for natural language processing
(NLP), it covers a large range of applications, end-
user requirements, and language directions. MT
can be leveraged for everyday communication, spe-
cialized sectors (e.g., health or education), learning,
or translation of official communication (Dew et al.,
2018; Vieira et al., 2021; Herrera-Espejel and Rach,
2023; Paterson, 2023; Merx et al., 2024). It can be
used by students in the classroom (Deng and Yu,
2022), workers in an office environment (Brynjolf-
sson et al., 2019), or by foreign travelers in public
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spaces (Carvalho et al., 2023). Its reliability varies
significantly depending on the size and domain cov-
erage of available corpora (Dabre et al., 2020; Khiu
et al., 2024), and depending on similarity between
source and target languages (Xu et al., 2020).

This disparity of potential applications and ac-
curacy across domains or language pairs is par-
ticularly salient when translating to or from low-
resource languages (Haddow et al., 2022). In
low-resource scenarios, the combination of high
variability both in MT accuracy across domains
(Haddow et al., 2022) and of what native speak-
ers value in NLP applications (Lent et al., 2022),
has prompted NLP researchers to better anchor
their work in local community perception, includ-
ing through surveys, focus groups, and product
design (Le Ferrand et al., 2022; Mager et al., 2023;
Blaschke et al., 2024). These approaches, however,
could be complemented by observational studies
that rely on inferring needs or lack thereof for MT
across domains or demographics from end-user be-
haviors.

In this paper on low-resource MT, we work with
the Tetun language,! which is the most spoken

'Also called Tetun Dili, or Tetum.
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language in Timor-Leste (General Directorate of
Statistics Timor-Leste, 2015). We rely on a sam-
ple of server logs from tetun.org, a volunteer-run
MT service for the Tetun language, available in
both website and app? format. Until Google Trans-
late added Tetun support in June 2024, this ser-
vice was the only widely available MT tool for
Tetun. Tetun.org has over 70,000 monthly ac-
tive users, and translates over one million doc-
uments per month. From a sample of 100, 000
end-user translation text inputs, and their associ-
ated machine-translated output, collected between
March and August 2024, we aim to respond to the
following research questions (Figure 1):

* Who are the main users of tetun.org, what
technology do they rely on, and what is the
driver of their MT usage?

* What characterizes MT inputs, in terms of
domain, length, direction of translation, and
language pairs?

* How do MT inputs compare to available cor-
pora for the Tetun language?

Tetun: low-resource, but institutional. Follow-
ing Nigatu et al. (2024), we define why Tetun is
low-resource in our view: (1) Tetun has very lim-
ited digital resources, with less than one million
monolingual sentences available in open corpora
(de Jesus and Nunes, 2024c) (2) Tetun only has
around one million native speakers (General Di-
rectorate of Statistics Timor-Leste, 2015) and (3)
Tetun has very little NLP research coverage, apart
from work by Gabriel de Jesus during his PhD
candidature at the University of Porto (de Jesus
and Nunes, 2024a; de Jesus, 2024; de Jesus and
Nunes, 2024b). However, Tetun is an institutional
language, with both official status in Timor-Leste,
and active usage in education and the media (Grek-
sakova, 2018). Our findings, while focused on
Tetun, may extend to other institutionalized low-
resource languages, but are less likely to apply to
non-institutionalized or endangered ones.

2 Related Work

Community-driven approaches to NLP for low-
resource languages. Recent years have wit-
nessed a growing focus on developing NLP tech-
nologies for low-resource and endangered lan-
guages. Researchers have identified that academic

2play.google.com/store/apps/details?id=org.tetun.tetunorg
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motivations can be at odds with the actual needs
of language communities (Le Ferrand et al., 2022;
Liu et al., 2022), which made them advocate for a
paradigm shift towards more community-centered
approaches in NLP research (Lent et al., 2022; Bird
and Yibarbuk, 2024). Studies emphasize the im-
portance of close collaboration with language com-
munities, understanding their specific needs, and
involving them in the design and development pro-
cess of language technologies (Mager et al., 2023;
Bird and Yibarbuk, 2024). This approach acknowl-
edges the heterogeneity among low-resource lan-
guages and their communities, recognizing that
methodologies effective for one may not be univer-
sally applicable (Lent et al., 2022; Dolinska et al.,
2024).

Linguistic analysis through large-scale data
gathering. To our knowledge, this paper is the
first large-scale analysis of real-world usage pat-
terns in MT. It takes a similar approach to prior
work leveraging large-scale secondary data in lin-
guistics, including those predicting language learn-
ing difficulty (Schepens et al., 2020), understanding
what language characteristics lead to a language
being confused for another (Skirgard et al., 2017),
and games that aim to incentivise the development
of new language resources (Fiumara et al., 2022).

Domain imbalance and low-resource MT Low-
resource language corpora are often concentrated
in specific domains, particularly religious texts
(Marashian et al., 2025), and lack the broad domain
coverage typically found in their high-resource
counterparts (Haddow et al., 2022). As a conse-
quence, NLP tools trained on these available cor-
pora tend to lack domain robustness (Ranathunga
et al., 2023). This issue is particularly significant
for MT systems, as demonstrated by Khiu et al.
(2024), who find that domain similarity between
training and test data is the largest driver of low-
resource MT performance, more so than training
data size or language similarity between source and
target languages. Building on these findings, our
analysis pays particular attention to differences of
domain distribution between available corpora and
actual translation requests.

3 Methodology

We work with data from tetun.org, a specialized ser-
vice for automated translation between Tetun Dili
(tdt) and any of English (eng), Indonesian (ind), or


https://tetun.org
https://play.google.com/store/apps/details?id=org.tetun.tetunorg

Portuguese (por). The service also includes bilin-
gual word dictionaries and a spell checker for the
Tetun language, but we focus on the MT part.

The MT service uses a transformer model, and
inference is run on the server side. The system was
initially developed by fine-tuning a M2M 100 mul-
tilingual model (Fan et al., 2020) on a scraped par-
allel Tetun-English corpus. To optimize inference
speed, this model was then distilled into a smaller
transformer-base architecture. For Portuguese and
Indonesian translation, the system uses English as a
pivot language. The model’s performance was eval-
uated using BLEU scores on a curated test dataset
assembled by tetun.org volunteers.

We get access to the following data sources:

1. A sample of 100, 000 server logs from the ser-
vice, all collected between March and August
2024. Each log contains data on timestamp,
text input, MT output, source language code,
requested target language code, and device
operating system (OS).

Summary monthly active users’ data by coun-
try and device sourced from Google Analytics
(for the website), Google Play Store,? and Ap-
ple App Store.*

While data on the user base can be directly ex-
tracted from (2), domain analysis requires a choice
of methodology that we describe next.

3.1 Domain classification

Components of domain. Recognizing that “do-
main” is often used interchangeably in NLP re-
search to refer to topic (e.g., “the health domain”)
or source (e.g., “the news domain”), we follow the
methodology in Saunders (2022), which defines
domain as a combination of fopic (one or more
subject matters covered by the text), provenance
(where the text comes from), and genre (language
syntax and style).

3.1.1 Topic classification

LDA optimization. We start by identifying top-
ics using Latent Dirichlet Allocation (LDA, Blei
et al., 2003) on documents that are more than 5
words long, as very short documents do not offer
enough context to identify their topic. We work
with the Tetun side (either source Tetun text, or

3play.google.com/store/apps/details?id=org.tetun.tetunorg
*apps.apple.com/us/app/tetun-org/id1515892208
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target machine-translated Tetun text), as this lan-
guage is always present in any of the language pairs.
The text is first lower-cased and punctuation is re-
moved. We run LDA enhanced with bigrams that
appear at least 5 times in the corpus for improved
context. After running hyperparameter search on
number of topics, passes, and alpha, we find a max-
imum topic coherence of 0.065 using 15 topics,
10 passes, and an asymmetric alpha. While this
informs our choice of topic to categorize from, we
qualitatively find that LDA is noisy for this task.
For example, the health topic also includes words
related to project management, such as “objetivu’
or “servisu”. It also performs poorly on the catego-
rization of shorter documents, which are likely to
contain words that are not part of any identified top-
ics. However, we leverage these identified topics
to formulate a list of topics to classify from.

’

Labels & test set preparation. Through a man-
ual review of each LDA topic, we land on the fol-
lowing list of topics to classify from: Technology,
Daily life & personal experiences, Healthcare &
medicine, Law & regulations, Business & work &
employment, Government & socio-economic issues,
Education, Science & research, Religion & spiri-
tuality. We map each of the 15 LDA topics to one
of those topics, and our first author manually anno-
tates a sample of 100 logs against this list of topics
for evaluation, where each log can be classified
against multiple topics.

Classification using pre-trained models. We
evaluate other classification methods that use
pre-trained models, either zero-shot transformer-
based classifiers or LLMs. Given the lack of
pre-trained models that cover Tetun, we rely on
the high-resource side of the input-output pair,
which can be in English, Indonesian or Portuguese.
For zero-shot classifiers, we use the Hugging-
Face zero shot classification pipeline® with the
list of topics passed as candidate labels, in a
multi-label mode. We evaluate bart-large-mn1i®
and deberta-v3-large-zeroshot-v2.0’ (Lau-
rer et al., 2023). For LLMs, we assess LLama 3.1
8B (Dubey et al., 2024), with a prompt that lists the
domains to classify from, and that includes exam-
ples for in-context learning, shown in Appendix A.

huggingface.co/tasks/zero-shot-classification
®huggingface.co/facebook/bart-large-mnli
"huggingface.co/MoritzLaurer/deberta-v3-zeroshot-v2.0


https://huggingface.co/tasks/zero-shot-classification
https://huggingface.co/facebook/bart-large-mnli
https://huggingface.co/MoritzLaurer/deberta-v3-large-zeroshot-v2.0
https://huggingface.co/MoritzLaurer/deberta-v3-large-zeroshot-v2.0

Classification evaluation. We compare mi-
cro and weighted average scores on our test set
for the different classification approaches in Ta-
ble 1. We find that Llama 3.1 8B has the
highest weighted averaged F1 score on both
metrics for this classification task, followed by
(in order) deberta-v3-large-zeroshot-v2.0,
bart-large-mnli, and last LDA.

We therefore pick Llama 3.1 8B for topic clas-
sification, and run topic inference on the whole
100, 000 server logs, using a single Nvidia A100
GPU, which takes approximately 30 hours.

Approach Micro avg F1 ~ Weighted avg F1
LDA 0.21 0.19
bart-mnli 0.40 0.40
deberta-nli 0.66 0.68
Llama 3.1 8B 0.76 0.76

Table 1: Comparison of micro and weighted averaged
F1 score for different domain classification approaches.
LDA is run on the Tetun side, while other approaches
are run on the high-resource side (English/Portugue-
se/Indonesian).

3.1.2 Provenance classification

After a manual review of the text samples used
in topic classification, we propose the following
categories for provenance: Education & research
material, News article & press release, Organiza-
tional & formal documents, Conversation & corre-
spondence, Literary fiction, Religious text, Other.
We use Llama 3.1 8B here as well, with a prompt
that lists the sources to classify from, and that in-
cludes examples for in-context learning. On the
same sample of 100 logs, which we manually an-
notate for provenance, we get a weighted F1 score
of 0.73, which we deem satisfactory for classify-
ing provenance, given the natural ambiguity of this
task, especially for shorter documents.

3.1.3 Genre

After recommendation from the Timor-Leste In-
stituto Nacional de Linguistica (INL, National In-
stitute of Linguistics), under genre, we evaluate
what fraction of Tetun MT inputs follow official
spelling, as defined by the country’s Matadalan Or-
togrdfiku ba Tetun Nasiondl (Orthographic Guide
for National Tetun, 2002).

For calculating the percentage of words that fol-
low INL spelling in each document, we apply the
following preprocessing: (1) tokenize Tetun docu-
ment using an open source Tetun tokenizer (de Je-
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sus and Nunes, 2024a), (2) ignore words that start
with a capital letter as they are often proper nouns
and (3) ignore tokens that start with a number or
punctuation character. We further ignore inputs
where less than 20% of words were in the official
spelling guide, as we empirically find that these
documents are almost never in Tetun.

3.1.4 Comparison with available monolingual
corpora

For each of the identified domain components
(topic, provenance, genre), we provide a compar-
ison between MT inputs and available Tetun cor-
pora. For the latter, we select the Tetun “clean” split
of the MADLAD-400 dataset (Kudugunta et al.,
2023), as it is the largest Tetun corpus available
to date with 40, 367 documents. For classifying
topic and provenance, given that we work with
models that do not support Tetun, we first translate
the MADLAD Tetun corpus to English using the
MADLAD-3B model. Upon acceptance, we will
release our translation of this corpus of 884, 000
Tetun sentences and their machine-translated text
for future researchers to use.

For all domain analysis, we weight inputs by
their number of words. This is to ensure that very
short MT inputs do not get as much weight as
longer, more informative inputs, or that users who
tend to translate several paragraphs at a time are not
under-represented compared to users who translate
shorter inputs.

4 Results

4.1 User base

Country. Most users are in Timor-Leste: 67,000
of 71,500 (93.4%) Android monthly active users
have their device registered in Timor-Leste, and
17,000 of 22,000 (77%) website monthly active
users are in Timor-Leste. These results support
the hypothesis that the large majority of users are
Timorese with English as a second language (ESL),
as opposed to foreigners learning Tetun. While us-
age numbers can be noisy (for example, Timorese
users who live abroad might have a mobile device
registered outside of Timor-Leste, and foreigners
in Timor-Leste using the website cannot be differ-
entiated from local users), given the larger number
of Timorese emigrating than people immigrating
to Timor (INETL, 2022), they are more likely to
under-estimate than to over-estimate the proportion
of Timorese users.
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Figure 2: Monthly active users by device and service.
Note that users who use both the website and mobile
app would be double counted.

Device. Most users access tetun.org through
their mobile device, either through the Android ap-
plication (71, 500 monthly active users), the iOS
application (2, 500 monthly active users), or the
website in a mobile browser (13, 000 monthly ac-
tive users). Desktop users of the website represent
8, 300 monthly active users, with an unknown num-
ber of these users being duplicate of mobile users.
The distribution of users is illustrated in Figure 2.
We discuss the implications of this high represen-
tation of mobile devices, particularly Android de-
vices, on NLP research, in Section 5.

Demographics. Server usage patterns seem
to indicate that most users are students who use
tetun.org for educational purposes. This is sup-
ported by (1) the large proportion of requests that
occur during evenings before school days (includ-
ing on Sundays, see Figure 3), at times when office
workers are less likely to use the service, and when
students are more likely to do their homework; (2)
the decrease in service usage during school holi-
days, with usage going back up the evening before
school resumes; (3) domain analysis results pre-
sented in Section 4.3.

4.2 Translation direction and text length

Translation direction Using the source and tar-
get language codes present in each of the server
logs, we extract summary information on the dis-
tribution by source and target language. We find
that Tetun is more likely to be the target language
(over 70% of requests), with English to Tetun trans-
lation most in demand (46.7% of requests), fol-
lowed by Tetun to English (22.3% of requests),
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Direction Requests (% of total)

English to Tetun 46.7 %
Portuguese to Tetun 12.4 %
Indonesian to Tetun 11.4 %
Total Tetun as Target 70.6 %
Tetun to English 22.3 %
Tetun to Portuguese 4.5 %
Tetun to Indonesian 2.5 %
Total Tetun as Source 29.4 %

Table 2: Distribution of translation requests by language
pair

Portuguese to Tetun (12.4%), Indonesian to Tetun
(11.4%), Tetun to Portuguese (4.5%), and Tetun to
Indonesian (2.5%) — see Table 2. For all language
pairs, the high-resource to low-resource direction
is in higher demand than the low-resource to high-
resource direction.

Length of translated text Leveraging an open
source Tetun tokenizer (de Jesus and Nunes, 2024a)
for Tetun, and the spaCy library® for English/In-
donesian/Portuguese, we count the number of
words in the input texts. We find that shorter text
inputs are much more common, with a sharp de-
cline in frequency as the text length increases. This
does not include hits to the tetun.org dictionary,
as the dictionary works offline. Overall, inputted
text has a median of 8 words, with a median of 12
words when Tetun is the target of translation, and
5 words when Tetun is the source. We note how-
ever that this distribution has a long tail, with over
12% of translations having 95 input words or more.
A histogram of word count frequency is shown in
Figure 4.

4.3 Domain coverage

In this section, we investigate what domains are
most or least in demand by tetun.org users, and
how they compare to domains present in available
Tetun corpora, as represented by the MADLAD
corpus. Given that domain similarity between train-
ing data and evaluation set is one of the main driver
of MT accuracy (Khiu et al., 2024), this investi-
gation can inform future efforts on low-resource
corpus gathering.

4.3.1 Topic

Using the input text and its associated MT-
translated result from the server logs, we esti-
mate what topics are most or least in-demand for

8https://spacy.io/, version 3.8.2, model xx_ent_wiki_sm
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Figure 3: Number of requests by day / hour, in Asia/Dili (UTC+9). We observe a spike in the evenings before
school days (Saturday is a school day in Timor-Leste), when students are more likely to prepare their homework.
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Figure 4: Histogram showing the frequency distribution
of input text lengths measured by the number of words.

text translation. Our results for topic coverage
are shown in Table 3. We include a comparison
with topic coverage for the largest monolingual
Tetun dataset currently available, MADLAD-400
(Kudugunta et al., 2023).

We find overall that “Science & research” is the
topic most in demand, present in 34.2% of MT in-
puts when weighted by word count, followed by
“Healthcare & medicine”, “Education”, and “Busi-
ness & work & employment”, all present in 20
to 25% of inputs. Overall, “Religion & spiritual-
ity” is the least frequent topic in MT inputs, which
contrasts with the high representation of the reli-
gious domain in most low-resource corpora (Had-
dow et al., 2022).

We observe a large discrepancy between user-
translated text and available corpora, where the
main topics covered by MADLAD (Government
& socio-economic issues, 83.1%; Law & regula-
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Topic MT text MADLAD
Science & research 34.2 % 3.2%
Healthcare & medicine 23.9 % 11.9 %
Education 22.8 % 11.3 %
Business & work & empl.. 21.2 % 6.2%
Daily life & personal exp. 17.2 % 8.7%
Government & socio. issues 16.2 % 83.1 %
Law & regulations 8.9% 28.2 %
Technology 8.1% 3.9%
Religion & spirituality 6.8% 14.5 %

Table 3: Topic distribution, where each document can
cover several topics.

tions, 28.2%) do not match with the main topics in
demand by MT users.

We further analyze topic coverage depending
on whether the source text is in Tetun or whether
Tetun is the target language. When Tetun is the tar-
get, topics such as “Science & research” (36.73%),
“Healthcare & medicine” (25.52%), and “Educa-
tion” (23.14%) dominate, reflecting user demand
for translating high-resource content into Tetun,
likely to support knowledge dissemination and ac-
cessibility. In contrast, when Tetun is the source
language, translations are predominantly focused
on “Daily life & personal experiences” (48.64%),
indicating that users frequently translate everyday
communication into high-resource languages. This
highlights a divergence in translation use cases:
translating into Tetun serves educational and pro-
fessional purposes, whereas translating from Tetun
often fulfills personal or practical communication
needs.

4.3.2 Provenance

As illustrated in Table 4, we observe a large domi-
nance of “Education & research material”, which
alone represents more than half of MT inputs



Provenance MT text MADLAD
Education & research material 55.9 % 7.5%
Organizational & formal docs 18.0 % 17.3 %
News article & press release 10.2 % 61.2 %
Conversation & correspond. 8.7% 4.8%
Literary fiction 4.3% 0.9%
Religious text 2.5% 8.2%
Other 0.4% 0.3%

Table 4: Provenance distribution in MT and MADLAD.
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Figure 5: Histograms of MT Tetun inputs and MAD-
LAD Tetun texts by fraction of words in the official INL
spelling guide.

ER]

(55.9%). “Organizational & formal documents
comes as a distant second at 18%. This again stands
in contrast with monolingual corpora, where over
61% of documents come from “News articles &
press releases”, while only 7.5% come from “Edu-
cation & research material”.

Our findings on topic and provenance (Tables 3
and 4) are consistent with the hypothesis that most
tetun.org users are students (who are more likely
than the general population to translate educational
material related to science, education or healthcare)
and with de Jesus and Nunes (2024¢) who found
that most Tetun text on the internet comes from
news articles.

4.3.3 Genre

We observe that official (INL) spelling is only
loosely followed in Tetun MT inputs, with a median
of 71% of words spelled correctly, compared to a
median of 82% in MADLAD. This is coherent with
previous studies that note the high proportion of
Tetun texts that do not follow the official spelling,
including in the media (Greksakova, 2018). We
also observe that variance in the rate of correct
spelling is higher in MT inputs (standard deviation
of 13%) than in MADLAD (standard deviation of
8%) — see Figure 5.
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4.4 Effects of domain mismatch on LM
modelling

After uncovering a lack of similarity between MT
inputs and available corpora in the previous sec-
tion, we investigate downstream effects on lan-
guage modelling, by comparing perplexity on MT
Tetun inputs with perplexity on monolingual cor-
pora using Goldfish Tetun® (Chang et al., 2024), a
monolingual Tetun language model trained mostly
(> 98%) on MADLAD Tetun documents. We use
the HuggingFace evaluate!? library for all per-
plexity measurements, and only measure on inputs
of 5 words or more.

MT inputs vs monolingual corpora We com-
pare perplexity on MT Tetun inputs with perplexity
on the Labadain Tetun corpus (de Jesus and Nunes,
2024c), which is the second largest Tetun corpus
after MADLAD, and was not used when training
the Goldfish model. We also exclude Labadain sen-
tences that are also present in MADLAD. We get
an average perplexity of 1,774 on MT Tetun in-
puts, compared to an average of 153 for Labadain,
which illustrates that MT inputs may contain vocab-
ulary, structures, or topics that are underrepresented
in scraped monolingual corpora, leading to lower
language modelling performance and potentially
increased translation errors.

Perplexity per topic Comparing average per-
plexity per topic, we find that documents in the
“Government & socio-economic issues” topic have
a much lower perplexity (average of 632) than
documents from the “Technology”, “Business &
work & employment”, or “Daily life & personal
experiences” domains (3,434, 1,871 and 1,864
respectively). This result illustrates that domain
imbalance in monolingual corpora has downstream
effect on language modelling ability for under-
represented domains.

Perplexity per provenance Comparing average
perplexity per provenance, we find that documents
that come from “News article & press release” have
the lowest perplexity at 874, compared to 1, 320
for “Education & research material”, 1,662 for
“Organizational & formal documents” and 1, 865
for “Conversation & correspondence”. Here also,
this result shows that document provenances that
are under-represented in available corpora impact
language modelling performance.

°https://huggingface.co/goldfish-models/tet_latn_full
https://github.com/huggingface/evaluate, version 0.4.3
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We report all perplexity results in Appendix B.

5 Recommendations

Anchoring MT evaluation in user demand.
Our results highlight the importance of: (1) broad
domain coverage that includes education material,
especially about science and health (2) accuracy
when translating into, rather than from, the low-
resource language, and (3) accuracy when trans-
lating very short documents (including individual
words). This could start with an evaluation frame-
work that finds a balance between these criteria.
In particular, the sharp imbalance between the do-
main of available Tetun corpora and MT inputs
leads us to recommend the systematic evaluation
of MT accuracy in a wide variety of domains, and
advise against measuring MT accuracy on domains
that are over-represented in available corpora (e.g.,
news or religion), as this would risk giving a poor
representation of end-user experience.

Meeting end-users where they are. We recom-
mend a focus on meeting the needs of students
who use MT on their mobile device. Given that stu-
dents seem to represent a large portion of MT users,
and that learning outcomes are an important social
good, future study of MT perception and improve-
ment for students in low-resource contexts would
be beneficial, both to the research community and
end users. Similarly, given the high cost and low
reliability of internet connections in Timor-Leste
(The Asia Foundation, 2023), we recommend a
heightened focus on MT inference on mobile de-
vices, for example through further research into
efficient MT, or through the creation of an open
source framework for on-device MT that targets
mobile devices.!!

6 Conclusion

We present an analysis of MT usage for Tetun, a
low-resource language, based on server logs from
tetun.org, a widely-used MT service. Our study
reveals key insights into user demographics, de-
vice preferences, translation directions, and domain
coverage. We discover that a large share of users
are likely students in Timor-Leste using mobile
devices, translating education material from high-
resource languages into Tetun. Our analysis also
uncovers a significant mismatch between the do-
mains of user-translated text and existing Tetun

Similar to the Bergamot / Browser MT project
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corpora.

Our recommendations include a stronger empha-
sis on domains that are not well covered by existing
corpora (in particular health and science education
material), accuracy for the high-resource — low-
resource direction, performance on very short texts,
and the development of mobile-optimized MT solu-
tions. For human-computer interaction (HCI), we
suggest focusing on MT perception and improve-
ment for students in low-resource contexts.

This study provides the first observational anal-
ysis of real-world MT usage for a low-resource
language. It contributes to a more nuanced un-
derstanding of the challenges and opportunities in
this field. We hope these insights will guide future
research efforts, ultimately leading to more effec-
tive and accessible MT solutions for speakers of
low-resource languages.

Limitations

System design decisions impacting numbers
Design decisions made by the tetun.org volunteers
might have impacted usage numbers. For example,
apart from MT, tetun.org includes a multilingual
word dictionary (with entry definitions and exam-
ple sentences), and a Tetun spell checker, which
might skew the number of users upward, with po-
tentially some users using the app or website with-
out using the MT functionality. Similarly, the au-
thors chose to only allow translation between Tetun
and three higher-resource languages (English, Por-
tuguese, Indonesian), which raises the question of
how adding support for more languages would im-
pact usage and balance between languages.

Noise in reported data The methods used to de-
termine user location may not accurately reflect
the actual location and language background of the
users. For instance, Timorese users living abroad
might have devices registered outside Timor-Leste,
and some users may access tetun.org through a
VPN. These potential inaccuracies may affect our
understanding of user demographics. Additionally,
server logs only capture successful translation at-
tempts, introducing potential bias: users may avoid
tetun.org for domains or language pairs where it
performs poorly, skewing the data toward areas
where tetun.org is more effective.

Generalizability This paper focuses on Tetun,
which might limit the applicability of our find-
ings to other languages, given the variability of


https://browser.mt/

use cases, user needs and data availability within
low-resource communities (Liu et al., 2022). While
some of our findings are applicable to other low-
resource languages, in particular those that are
also institutionalized lingua franca, they are less
likely to be applicable to much lower-resourced
languages, in particular oral and endangered ones
(Bird and Yibarbuk, 2024).

Ethical considerations

Data privacy While working with real end-user
data poses privacy risks, we mitigate them through
multiple strategies: (1) Server logs do not include
user internet protocol (IP) addresses or personal
account information; (2) To protect user confiden-
tiality, we apply Named Entity Recognition using
spaCy’s xx_ent_wiki_sm model to systematically
remove names and addresses from translation in-
puts and outputs before analysis; (3) Our analysis
exclusively reports aggregated, anonymized results,
ensuring no individual user data can be traced or
identified.

Ethics application and user consent We applied
for and received a waiver of consent from our in-
stitution’s ethics board, as obtaining explicit user
consent was not possible given the anonymous na-
ture of the service. This waiver was granted based
on several factors: (1) users agree to research use
of translation text under the service’s privacy pol-
icy, which states: "We reserve the right to use
translated text for research and product improve-
ment purposes. All translated text is processed
anonymously, ensuring that no personal identifiers
are linked to the content"; (2) the service does
not collect user accounts or identifying informa-
tion; and (3) all analysis is conducted on aggre-
gated data. Data management followed strict in-
stitutional protocols - all data was transferred di-
rectly from the service’s server to our institution’s
high-performance computing environment, with no
cross-border data flows, and access was restricted
to authorized researchers only.
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A Prompt for domain classification

TEXT_PROMPT = """<text to classify>
{text}
</text to classify>"""

EXAMPLE_USER_1 = TEXT_PROMPT.format(text="Please
_meet_me_at._the_park_at._3pm.")

EXAMPLE_RESPONSE_1 = """<rationale>
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This text is about going to the park with a
friend, a situation that is part of daily life
experiences.

</rationale>

<domain>
daily life & personal experiences
</domain>"""

EXAMPLE_USER_2 = TEXT_PROMPT. format (text="
Mindfulness-based_interventions._(MBIs)_are.
increasingly._being_integrated_into_oncological._
treatment_to_mitigate_psychological_distress_and
_promote_emotional_and_physical_well-being.")
EXAMPLE_RESPONSE_2 = """<rationale>
This text is about the use of mindfulness-based
interventions in oncological treatment, a health
topic. It seems to be from a scientific or
research context.
</rationale>

<domain>
healthcare & medicine; science & research
</domain>"""

EXAMPLE_USER_3 = TEXT_PROMPT. format (text="The_

government,_has_announced_new_policies_to._boost._

employment_opportunities._in_rural_areas.")

EXAMPLE_RESPONSE_3 = """<rationale>

This text discusses government policies aimed at
improving employment, which relates to both

governance and socio-economic issues, as well as
business and employment.

</rationale>

<domain>

government & socio-economic issues; business &
work & employment

</domain>"""

EXAMPLE_USER_4 = TEXT_PROMPT. format(text="Neraca
_adalah_suatu_laporan_keuangan_jadi._di_dalamnya_
pasti_terdapat._tiga_bagian_terpenting_yaitu_aset
_atau_harta, _liabilitas_atau_utang, _dan_ekuitas.
)

EXAMPLE_RESPONSE_4 = """<rationale>

This text describes a financial report,
specifically the balance sheet, which is an
essential component of accounting and finance.
It belongs to the business and finance domain.
</rationale>

<domain>
business & work & employment
</domain>"""

messages = [

{"role": "system”, "content”: f"You_are_a.
linguist_assistant,_helping_classify_user-
inputted_text_into_a_list_of_domains:_<list_of.
domains>{’;’.join(TOPICS)}</list_of_domains>._
You_will_be_given_text_to_classify, _and_asked.
the_domains_that_this_text_belongs._to.._Only_ever
_use_the_domains_listed._.in_<list _of_domains>"},

{"role": "user"”, "content": EXAMPLE_USER_1},

{"role": "system”, "content"”:
EXAMPLE_RESPONSE_13},

{"role": "user"”, "content"”: EXAMPLE_USER_2},

{"role": "system”, "content":
EXAMPLE_RESPONSE_27%},
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{"role": "user", "content"”: EXAMPLE_USER_3},
{"role": "system”, "content"”:
EXAMPLE_RESPONSE_3},
{"role": "user”, "content": EXAMPLE_USER_4},
{"role": "system", "content"”:
EXAMPLE_RESPONSE_43},
1
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B Perplexity results

Topic Average perplexity
Science & research 1,208
Healthcare & medicine 1,198
Education 1,372
Business & work & empl. 1,871
Daily life & personal exp. 1,864
Government & socio. issues 632
Law & regulations 1,274
Technology 3,434
Religion & spirituality 1,127

Table 5: Perplexity per topic, as measured on Tetun MT
input documents of 5 words or more.

Provenance Average perplexity
Education & research material 1,321
Organizational & formal docs 1,662
News article & press release 874
Conversation & correspond. 1, 866
Literary fiction 2,119
Religious text 1,473
Other 3,876

Table 6: Perplexity per provenance, as measured on
Tetun MT input documents of 5 words or more.



