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Abstract: Nowadays the medical domain is receiving much more attention in appli-
cations involving Artificial Intelligence as clinicians decision-making is increasingly
dependent on dealing with enormous amounts of unstructured textual data. In this
context, Argument Mining (AM) helps to meaningfully structure textual data by
identifying the argumentative components in the text and classifying the relations
between them. However, as it is the case for many tasks in Natural Language Pro-
cessing in general and in medical text processing in particular, the large majority
of the work on computational argumentation has been focusing only on the English
language. In this paper, we investigate several strategies to perform AM in medi-
cal texts for a language such as Spanish, for which no annotated data is available.
Our work shows that automatically translating and projecting annotations (data-
transfer) from English to a given target language is an effective way to generate
annotated data without costly manual intervention. Furthermore, and contrary to
conclusions from previous work for other sequence labelling tasks, our experiments
demonstrate that data-transfer outperforms methods based on the the crosslingual
transfer capabilities of multilingual pre-trained language models (model-transfer).
Finally, we show how the automatically generated data in Spanish can also be used
to improve results in the original English monolingual setting, providing thus a fully
automatic data augmentation strategy. Data, code, and fine-tuned models are pub-
licly available at https://huggingface.co/datasets/HiTZ/AbstRCT-ES.
Keywords: Argumentation, Information Extraction, AI in Healthcare, Multilin-
guality.

Resumen: La tecnoloǵıa basada en Inteligencia Artificial tiene una gran potencial-
idad para desarrollar asistentes que ayuden a profesionales médicos en la toma de
decisiones, las cuales en muchos casos están basadas en el procesamiento de una gran
cantidad de textos no-estructurados. En este contexto, la mineŕıa de argumentos
(AM) puede ayudar a estructurar los datos textuales en componentes argumentativos
y las relaciones discursivas existentes entre ellos. Sin embargo, al igual que todav́ıa
ocurre en muchas tareas de Procesamiento del Lenguaje Natural, la gran mayoŕıa
del trabajo sobre argumentación computacional en el dominio médico se ha centrado
únicamente en inglés. En este art́ıculo investigamos varias estrategias para realizar
AM en textos médicos para un idioma como el español, para el cual no existen
datos manualmente etiquetados. Nuestro trabajo muestra que traducir y proyectar
automáticamente anotaciones del inglés a un idioma de destino determinado como
el español es una forma eficaz de generar datos anotados sin necesidad de realizar
anotación manual. Por otra parte, se demuestra experimentalmente que traducir y
proyectar obtiene mejores resultados que los métodos basados en las capacidades de
transferencia crosslingüe de modelos de lenguaje multilingües. Finalmente, usamos
los datos automáticamente generados para español para mejorar los resultados orig-
inales en inglés, proporcionando aśı una estrategia de aumento de datos totalmente
automática.
Palabras clave: Argumentación, Extracción de Información, Inteligencia Artificial
en Medicina, Multilingualismo, Etiquetado Secuencial, Procesamiento del Lenguaje
Natural.
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1 Introduction

Clinical decision-making is an essential pro-
cess in which a medical doctor, for example,
needs to identify and diagnose a disease and
prescribe a treatment based on the patient’s
health condition and the results of the clinical
tests. However, it can also involve multiple
challenges and add up stress, due to several
reasons. First, there may be a large diver-
sity of symptoms, one or more of which could
be a sign of multiple diseases. Second, there
exists an overwhelming and ever-increasing
amount of data from previous patients with
similar symptoms which is becoming increas-
ingly difficult, if not impossible, to process
manually. Lastly, the final decision should
take into account the latest results published
in Evidence-based Medicine reports (Sackett
et al., 1996).

These challenges highlight the importance
of medical professionals to be supported by
AI-based technology able to extract, from the
huge quantity of unstructured textual data
available for the different diseases and treat-
ments, relevant and timely information struc-
tured in a manner that is suitable to be easily
analyzed.

Argument mining (AM) is a field of Natu-
ral Language Processing (NLP) that focuses
on extracting argumentative structures from
unstructured textual content. While there
are a large number of theories on argumen-
tation, in this work we follow the model pro-
posed by Stab and Gurevych (2014) accord-
ing to which the main objective of AM is
to generate hierarchical argumentative tree
structures by automatically identifying in
running text the types of argument compo-
nents (e.g., evidences or claims) and their
boundaries (a sequence labelling task) and
the relations held between them (e.g., support
or attack), addressed as pair-wise classifica-
tion. Given that such argumentative struc-
tures constitute the basis of evidence-based
reasoning applications, research on AM for
the medical domain has the potential of fa-
cilitating the development of enabling tech-
nology to help in clinical decision-making.

A number of works have been proposed to
automatically detect, classify and assess the
quality of argumentative structures for vari-
ous specific domains such as law (Mochales
and Ieven, 2009), biomedicine (Mayer et al.,
2021; Accuosto, Neves, and Saggion, 2021),
reviews (Li et al., 2017) and persuasive es-

says (Stab and Gurevych, 2014; Stab and
Gurevych, 2017) but the large majority of
them have been focused on English, espe-
cially for the medical domain.

Although some researchers have trans-
lated Persuasive Essays to study crosslingual-
ity in AM for languages such as Chinese, Ger-
man, French, Spanish, or Portuguese (Eger
et al., 2018; Sousa et al., 2021), the gener-
ated data and method are not suitable for our
purposes. First, translation and label pro-
jection for argument components have been
done via manual translation or by applying
fully automatic methods. However, while in-
teresting, manually translating and project-
ing the labels is a route to avoid in the data-
transfer approach since the objective is to re-
duce manual work to a minimum by applying
Machine Translation (MT). Second, the au-
tomatic projection of labels should be man-
ually checked at least for evaluation (Garćıa-
Ferrero, Agerri, and Rigau, 2022) using both
model-transfer and data-transfer methods.
Finally, for the medical domain the only ex-
isting AM dataset is in English, which means
that for a major language such as Spanish
no annotated dataset for AM in the medi-
cal domain is currently available. In order to
address these issues, this work empirically in-
vestigates optimal crosslingual transfer tech-
niques to perform AM in medical texts for a
target language such as Spanish for which no
manually annotated data is available.

In this work we leverage AbstRCT, at
the time of writing the only existing la-
beled dataset in English for AM in the med-
ical domain (Mayer et al., 2021), to per-
form crosslingual transfer about argument
components and relations from English to
Spanish. More specifically, we experiment
with: (i) model-transfer in which a multi-
lingual Masked Language Model (MLM) is
fined-tuned in English and the predictions
are generated in Spanish; (ii) data-transfer
techniques based on machine translating and
projecting the argument component labels to
generate annotated data for Spanish with a
minimum effort and, (iii) automatic data aug-
mentation by exploiting the multilingual ca-
pabilities of MLMs with the aim of improving
results in the original source English gold-
standard data. Summarizing, the main con-
tributions of this paper are the following:
- We present the first Spanish dataset anno-
tated with the argument components and re-
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lations at the sequence level for the medical
domain.
- We perform the first experiments compar-
ing model-transfer and data-transfer meth-
ods for AM in order to establish which strat-
egy works best when no annotated data is
available for a target language. Contrary to
previous work for other sequence labelling
tasks (Garćıa-Ferrero, Agerri, and Rigau,
2022), our results demonstrate the superior-
ity of data-transfer for argument component
detection in the medical domain.
- We show how data-transfer can easily and
effectively be used to perform fully automatic
data augmentation to improve results in the
original English evaluation dataset.
- We establish that training in data-transfer
with projected labels (with no manual correc-
tion) obtains similar performance to training
with manually-checked labels, outperforming
also model-transfer results. This is a highly
encouraging outcome of our work, as it means
that we should be able to discard any manual
correction of the projected labels, making the
whole data-transfer process fully automatic.
- The generated Spanish annotated data
(both with automatically projected labels
and its manually revised version) are publicly
available to encourage crosslingual research
in argument mining and to facilitate the re-
producibility of results1.

2 Related Work

One of the pioneer works with a clear in-
fluence in computational argumentation pro-
posed a number of functional roles for argu-
ments based on the manner in which the con-
clusion is made based on textual evidence:
evidence, warrant, backing, qualifier, rebut-
tal, and claim (Toulmin, 1958). Furthermore,
another important contribution argued that
the most important relationship types be-
tween argument components are those of sup-
port and attack (Peldszus and Stede, 2013).
Interestingly, they also defined five types of
argumentation graphs according to the num-
ber and type of existing relations between the
argument components: one claim having re-
lations with multiple premises, a claim fol-
lowed by another claim, etc.

Aiming to develop a fully computational
AM approach, Stab and Gurevych (2014;

1https://huggingface.co/datasets/HiTZ/Abs
tRCT-ES

2017) proposed a model in which the objec-
tive of AM was to generate hierarchical struc-
tures to represent the argument components
(claims and premises) in a manually anno-
tated dataset of Persuasive Essays and their
relations (support and attack). Their model
has been widely adopted in NLP, also for the
medical domain (Stab and Gurevych, 2017;
Eger et al., 2018; Accuosto, Neves, and Sag-
gion, 2021; Sousa et al., 2021; Mayer et al.,
2021).

2.1 AM in the Medical Domain

Argument mining can be very valuable in the
medical domain, particularly in Evidence-
based Medicine where argumentative expla-
nations are given in order to justify or dis-
card a given diagnosis or treatment (Mayer
et al., 2021). However, the few previous
works on argument mining in the medical
domain are all focused on English. In fact,
to the best of our knowledge, there is only
one dataset, AbstRCT, which provides an-
notated argument components and relations
in the medical domain (Mayer et al., 2021).
This is partially due to the inherent dif-
ficulty of obtaining medical data to start
with, but also because of the cost and com-
plexity of manually annotating argumenta-
tive structures. Mayer et al. (2021) present
a large battery of experiments using various
English MLMs specific to the medical do-
main (Beltagy, Lo, and Cohan, 2019; Lee et
al., 2019). They also demonstrate that com-
bining Transformer-based models with CRF,
LSTM or GRU helped to improve results.

With respect to other proposals, Green
et al. (2014) provided an analysis of ar-
guments in biomedical data and defined ar-
gumentation schemes and inter-argument re-
lationships. Alamri and Stevenson (2016)
created a corpus using research abstracts of
studies considered in systematic reviews re-
lated to cardiovascular diseases where the ob-
jective was solely to identify contradictory
claims. Shankar, Tu, and Musen (2006) de-
veloped a tool for healthcare where one of
the functionalities is extracting evidence for
any treatment-related claims based on an ar-
gumentative structure defined by Toulmin
(1958). Finally, Accuosto, Neves, and Sag-
gion (2021) generated a dataset of arguments
annotated at sentence level for bioscientific
documents.
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2.2 Crosslingual Transfer

Crosslingual transfer techniques for sequence
labelling aim at transferring knowledge from
rich source languages (usually English) to
other less resourced languages with the aim
of mitigating the lack of annotated data in
the target language (Yarowsky et al., 2001).

Most of the work was initially based on
leveraging some kind of parallel data or rep-
resentations like crosslingual embeddings for
tasks such as POS tagging (Yarowsky et al.,
2001; Gaddy et al., 2016), named entity
recognition (NER) (Gaddy et al., 2016; Yang,
Salakhutdinov, and Cohen, 2017; Agerri et
al., 2018) and extractive question answering
(Lewis et al., 2020; Artetxe, Ruder, and Yo-
gatama, 2020), among others (Chen et al.,
2019; Liu et al., 2020).

Garćıa-Ferrero, Agerri, and Rigau (2022)
provide an exhaustive comparison between
model-transfer and data-transfer approaches
on a variety of sequence labelling tasks,
datasets, and languages. They conclude
that model-transfer using large MLMs such
as XLM-RoBERTa-large (Conneau et al.,
2020) outperforms data-transfer (translate
and project) methods in every evaluation set-
ting.

For AM there have also been works ap-
plying translation and label projection from
English to other target languages. In this
case, the objective was to compare the down-
stream task results when training with man-
ually translated and projected data with re-
spect to fully automatic one (Eger et al.,
2018; Sousa et al., 2021).

In order to study crosslingual transfer
for AM in medical texts, in this paper
we develop the first Spanish corpus anno-
tated with argument components and rela-
tions for the medical domain. This allows
us to present the first experiments on model-
transfer and data-transfer methods for AM.
Surprisingly, and contrary to previous con-
clusions for other sequence labelling tasks
(Garćıa-Ferrero, Agerri, and Rigau, 2022),
our results demonstrate the superiority of
data-transfer for AM in the medical domain.

3 Translate and Project

In this section we describe the steps under-
taken in order to generate a Spanish version
of AbstRCT (Mayer et al., 2021) by apply-
ing MT and label projection for argument
components (claims and premises). The pro-

cess is shown in Figure 1. First, AbstRCT is
translated and the argument component la-
bels are automatically projected by exploit-
ing word alignments generated by SimAlign
(Sabet et al., 2020) and awesome (Dou and
Neubig, 2021). Finally, the projected labels
were manually checked to ensure trustworthy
evaluation results.

3.1 AbstRCT Dataset

The dataset of Randomized Clinical Trials
(RCT) consists of randomized controlled tri-
als retrieved from the MEDLINE database
via PubMed search2. The trials are anno-
tated with argument components and argu-
mentative relations. The corpus contains
paragraphs on five types of diseases: neo-
plasm, glaucoma, diabetes, hepatitis B, and
hypertension. Overall there are 500 neo-
plasm, 100 glaucoma, and 100 mixed (20
from each of the 5 diseases) abstracts. The
corpus includes the annotations for the argu-
ment components and relations in separate
files. Table 1 provides the distribution of
argument components and relations. Their
definition follows previous work (Stab and
Gurevych, 2017) but adapted to the medical
domain.

Claims are concluding statements about
the outcome of the study. In the medical do-
main it may be a diagnosis or a treatment.

Premises correspond to an observation
or measurement in the study (ground truth),
which supports or attacks another argument
component, usually a claim. It is important
that they are observed facts, therefore, cred-
ible without further evidence.

One document may contain multiple
claims and premises that support or attack
each other. Example (1) below presents an
example of claims marked in bold with sub-
script Cn, and of premises in italics with sub-
script Pn.

Attack relations occur when the source
component contradicts the target or when it
states that some observation had no statis-
tical significance. In Example (1), Premise2
(P2) (partially) attacks Claim2 (C2), namely,
it qualifies the conditions of the study with-
out fully objecting to it.

Support relations provide a justification
from the source to the target. Example (1)
contains several support links between argu-
ments, for instance, Premise1 (P1) supports

2https://pubmed.ncbi.nlm.nih.gov/7850561/
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Split #prem #claim #support #attack #no-rel

Train - Neoplasm 1535 730 1194 200 12892
Dev - Neoplasm 218 108 185 30 1815
Test - Neoplasm 438 248 359 60 3961
Test - Glaucoma 404 190 317 29 2986
Test- Mixed 388 212 296 24 3012

Total 2983 1488 2351 343 24666

Table 1: Distribution of argument components and relations in the AbstRCT dataset.

Figure 1: The process of creating Spanish data from English.

Claim1 (C1) with numerical evidence to ver-
ify the statement.

(1) “Results of the pretest showed that many
patients lacked knowledge about pain and
pain management. The majority of pain top-
ics had to be discussed. [The Pain Educa-
tion Program proved to be feasible]C1

:

[75.0% of the patients had read the entire
pain brochure, 55.7% had listened to the au-
dio cassette, and 85.6% of pain scores were
completed in the pain diary]P1

. [Results

showed a significant increase in pain
knowledge in patients who received the
Pain Education Program and a sig-
nificant decrease in pain intensity]C2

.

[However, pain relief was mainly found in the
intervention group patients without district
nursing]P2

. [It can be concluded that

the tailored Pain Education Program is
effective for cancer patients in chronic
pain]C3

.”

3.2 Machine Translation

Four MT systems were tested to translate
the AbstRCT dataset into Spanish. Be-
fore proceeding to translate the full dataset
we performed a pilot by translating a small
set of sentences using m2m-100 (Fan et al.,
2021), mBART (Tang et al., 2020), OPUS-
MT (Tiedemann, Thottingal, and others,

2020) and DeepL3. In order to obtain a
ranking of the MT systems, the output of
each model was then blindly evaluated by
two native Spanish-speaking experts in med-
ical NLP. DeepL was, overall, the best-
performing system, and OPUS-MT was the
second-best-performing. The kappa inter-
annotator agreement (IIA) in choosing the
best MT system was around ∼70%.

A noticeable issue in translating scientific
and medical data was the difficulty in deal-
ing with abbreviations. Thus, the ability of
MT systems to deal with them was one of the
criteria in the selection of the most accurate
model, besides linguistic coherence and cor-
rectness. Once the MT system (DeepL) was
chosen, the next step consisted of project-
ing the argument component labels (claims
and premises) from the original English an-
notated data to the automatically translated
Spanish data. Note that label projection is
only challenging for argument components as
they consist of spans of texts that need to
be aligned from the source to the target lan-
guage (as illustrated in Figure 2), while sup-
port and attack relation classification is mod-
eled as pairwise classification in which there
is a 1-1 relationship which means that there
is no need to perform label projection.
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Figure 2: Alignment issues to project two premise argument component labels from English
(top) to Spanish with awesome (middle) and SimAlign (bottom).

3.3 Label Projection

Following previous work on crosslingual
transfer (Yarowsky et al., 2001; Agerri et
al., 2018) we project the argument compo-
nent labels via word alignments. In this work
we use state-of-the-art methods for word
alignment based on Transformer-based mul-
tilingual contextualized embeddings, namely,
SimAlign (Sabet et al., 2020) and awesome
(Dou and Neubig, 2021). Once you obtain
the word alignments then we need to project
the sequences of full argument components,
an extra step required which is not covered
by the word alignment algorithms. Instead
of coming up with a new method, we ap-
ply the automatic annotation projection al-
gorithm, Easy Label Projection, developed
by Garćıa-Ferrero, Agerri, and Rigau (2022).
However, as Easy Label Projection was de-
veloped for tasks such as NER or Opinion
Target Extraction which are characterized by
shorter and homogeneous sequences, we had
to implement several changes to adapt it to
the projection of long and heterogeneous ar-
gumentative sequences such as claims and
premises.

While SimAlign allows projecting labels
without any parallel data by extracting align-
ments from similarity matrices of multilin-
gual embeddings, awesome requires paral-
lel data, so we decided to use the English-
Spanish parallel biomedical corpus.4

We generated three versions of AbstRCT
in Spanish according to the projection
method: (i) automatic projections, (ii) post-
processed projections which programmati-
cally corrected the automatic projections

3https://www.deepl.com/
4https://github.com/biomedical-translation

-corpora/corpora

and, (iii) manually corrected projections.

3.3.1 Automatic projections

The middle alignment in Figure 2 produced
by applying awesome and Easy Label Pro-
jection (Garćıa-Ferrero, Agerri, and Rigau,
2022) shows the the difficulty for this method
to correctly bracket the beginning of the
premise sequences by including the two ar-
ticles in the argument component. Another
typical issue was erroneously including the fi-
nal punctuation in the sentence as part of the
argument component.

While SimAlign handled some articles at
the beginning of argument component rela-
tively better, it is difficult to find patterns
in the misaligned cases. Thus, by looking at
the last example in Figure 2, it can be seen
that SimAlign correctly projected the first ar-
ticle, but not the ‘el’ article just after ‘mien-
tras que’. Furthermore, the closing bracket
and coma were also incorrectly projected al-
though the final full stop was correctly left
outside of the argument component.5

3.3.2 Post-processed projections

After identifying frequent mistakes accord-
ing to some patterns, we were able to im-
plement a simple method to automatically
correct them. Furthermore, and taking into
account that many sequences were full sen-
tences, we applied a post-processing step to
directly project the full sentence into Span-
ish, without requiring the use of word align-
ments and Easy Label Projection. This al-
lowed us to automatically correct a large
number of incorrectly projected sequences, as
shown by #post-processed results in Tables
2 and 3.

5It is worth mentioning that in the original English
AbstRCT punctuation is not consistently annotated.
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train awesome train simalign dev awesome dev simalign

# total 4405 4405 680 680
# full O’s 2345 2345 377 377
# full component 1752 703 257 257
# post-processed 800 88 95 11
# manual-corrections 140 194 20 25

Table 2: Train and development Neoplasm data in AbstRCT translated with DeepL. From top to
down: Total number of argument components projected; number of sentences composed entirely
of O tokens; number of sentences forming an argument component; number of post-processed
sequences and number of manually corrected sequences.

neoplasm a neoplasm s glaucoma a glaucoma s mixed a mixed s

# total 1252 1252 1248 1248 1147 1147
# full O’s 630 630 692 682 591 591
# full component 518 518 498 506 476 480
# post-processed 242 92 167 51 203 90
# manual-corrections 51 26 26 14 47 26

Table 3: Statistics of projected components for the DeepL translated test sets in AbstRCT; a
refers to awesome while s corresponds to SimAlign.

3.3.3 Manual corrections

After the post-processing step, we manually
checked the rest of the projected sequences
to correct any possible misalignments. Dur-
ing this manual revision punctuation at the
end of an argument component was system-
atically included as part of the sequence, even
if this was not the case in the original English
data.

The final number of manually corrected
sequences is reported in the last row
#manual-correction of Tables 2 and 3. As it
can be seen, after post-processing the num-
ber of corrections are quite low, reducing the
manual work to generate a Spanish dataset
for AM in the medical domain to a minimum.

4 Experimental Setup

During the label projection described in the
previous section we generated six versions of
the Spanish AbstRCT dataset for argument
component detection: three different projec-
tion types (automatic, post-processed and
manual) with two different aligners (SimA-
lign and awesome). Furthermore, as no
word alignments are required, we also di-
rectly generated one version for relation clas-
sification. In order to establish the opti-
mal strategy to perform AM, namely, model-
transfer or data-transfer, when no annotated

data is available for a target language, we run
the following experiments:

• model-transfer : fine-tune multilingual
MLMs in English and test in Spanish.

• data-transfer : fine-tune and test the
MLMs using the AbstRCT Spanish
dataset generated by MT and label pro-
jection. Evaluation is always performed
on manually corrected data.

• multilingual : simple data augmentation
using multilingual MLMs by combining
the English and Spanish training data
and evaluate in each of the target lan-
guages.

4.1 Models

For the experiments we use the architec-
ture proposed in the original AbstRCT ex-
periments (Mayer et al., 2021) although in-
stead of using monolingual English MLMs as
a backbone, for crosslingual transfer we will
need to deploy a multilingual MLM. Mayer
et al. (2021) experimented with adding se-
quence labelling components such as Con-
ditional Random Fields (CRF), Recurrent
Neural Network (RNN), or Gate Recurrent
Units as a last layer on top of a Transformer
model (Vaswani et al., 2017). The intuition
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Model Neoplasm Glaucoma Mixed

F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

SciBERT+GRU+CRF 82.41 75.84 91.11 83.97 82.89 91.68 82.40 78.21 91.35
BioBERT+GRU+CRF 80.85 73.99 90.59 83.95 83.52 91.72 82.41 78.26 92.02
BERT+GRU+CRF 82.68 76.23 89.90 82.22 79.07 89.07 82.68 77.98 89.61
mBERT+GRU+CRF 82.36 74.89 89.07 80.52 75.22 84.86 81.69 75.06 88.57
SciBert+LSTM+C RF 81.99 75.58 91.23 83.06 81.87 91.76 81.93 77.23 91.52

Table 4: Argument component detection of the source AbstRCT English data.

is that since the length of argument com-
ponents is considerably long, adding a se-
quence labelling layer should help to better
capture long dependencies between the to-
kens included in an argument component.

Results obtained showed that adding both
a GRU and a CRF component to English
MLMs specific to the medical domain such
as BioBERT (Lee et al., 2019) and SciBERT
(Beltagy, Lo, and Cohan, 2019) were the op-
timal options for argument component detec-
tion.

After the release of encoder-only MLMs
for English caused a paradigm-shift in NLP
research, multilingual MLMs models such
as multilingual BERT and XLM-RoBERTa,
trained to work on 100 languages, were pub-
lished, obtaining excellent results on both
monolingual and, especially, on multilingual
and crosslingual settings (Pires, Schlinger,
and Garrette, 2019; Wu and Dredze, 2020;
Conneau et al., 2020). Therefore, as our
objective is to study crosslingual transfer
for AM, we decided to use a multilingual
MLM as a backbone. Quite surprisingly, and
contrary to previous results on Spanish and
crosslingual transfer benchmarks for encoder-
only MLMs (Agerri and Agirre, 2023; Garćıa-
Ferrero, Agerri, and Rigau, 2022; Conneau
et al., 2020), preliminary experimentation on
argument component detection established
that multilingual BERT (mBERT) (Devlin et
al., 2019) obtained better results than XLM-
RoBERTa (Conneau et al., 2020). Multilin-
gual BERT was trained with a batch size of
256 and 512 sequence length for 1M steps,
using both the MLM and Next Sentence Pre-
diction (NSP) tasks.

After hyperparameter tuning on the En-
glish development data, the best results were
obtained with 3 epochs, 5e-5 of learning rate,
32 batch size and 256 of maximum sequence
length.

5 Results

Before proceeding to run the experiments
on model- and data-transfer, we first tested
mBERT as a backbone on the AM architec-
ture originally designed for the English Ab-
stRCT experiments (Mayer et al., 2021), as
described above. We also fine-tuned the best
English MLMs models following the method
applied for English (Mayer et al., 2021). We
report the results in Table 4 (F1 score is an
average of F1-Claim (F1-C) and F1-Premise
(F1-P) calculated at token level, as evalu-
ated by the system used for the English Ab-
stRCT).

F1-scores for Neoplasm show that
mBERT obtains competitive results with
respect to specialized monolingual models
such as SciBERT and BioBERT. However,
mBERT results are slightly worse when
evaluated out-of-domain in Glaucoma and
Mixed test data. In any case, this baseline
shows that mBERT performs competitively
on the English original data which makes
it a good candidate to perform crosslingual
and multilingual experiments.

Model Neoplasm Glaucoma Mixed

BERT 66.97 57.04 69.32
SciBERT 70.31 65.75 71.31
BioBERT 55.84 59.23 56.17
mBERT 65.71 59.92 67.88

Table 5: F-1 score for relation classification
on the source AbstRCT English data.

We perform the same baseline experi-
ments for relation classification and report
the results in Table 5. While the differences
are a bit larger than for argument compo-
nent detection in Table 4, especially with re-
spect to SciBERT, mBERT remains competi-
tive when compared to most monolingual En-
glish models.
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Test Neoplasm Glaucoma Mixed

F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

model-transfer

DeepL + SimAlign (ES) 80.50 71.56 86.73 77.60 72.33 81.60 79.62 68.99 85.96
DeepL + Awesome (ES) 80.34 71.54 86.77 77.51 72.30 81.59 79.57 69.36 85.92

data-transfer

DeepL + SimAlign (ES) 83.57 75.95 90.01 80.83 75.44 86.11 82.62 74.62 88.81
DeepL + Awesome (ES) 83.40 77.11 89.18 81.11 76.16 87.35 81.88 73.71 88.50

multilingual

English 83.51 73.42 89.38 85.31 81.05 86.73 83.63 74.98 89.25
DeepL + SimAlign (ES) 84.35 76.64 88.43 84.54 78.67 87.24 83.90 73.46 88.87
DeepL + Awesome (ES) 84.58 76.77 88.61 84.62 78.71 87.23 84.03 73.99 88.92

Table 6: Results for argument component detection of model-transfer, data-transfer and multi-
lingual experiments. Spanish data corresponds to manually corrected projections; in red best
overall results per test set.

Crosslingual Transfer for Argument
Components Table 6 compares the per-
formance in the different evaluation settings.
The first noticeable result is that for ar-
gument component detection, data-transfer
(training on data obtained by MT and label
projection from English to Spanish) clearly
outperforms model-transfer (training on En-
glish and predicting in Spanish). This re-
sult differs from previous works on crosslin-
gual transfer for sequence labelling in which
model-transfer was clearly superior (Garćıa-
Ferrero, Agerri, and Rigau, 2022). We hy-
pothesized that MT in the medical domain
may introduce less translation artifacts than
for other more open-ended domains.

Secondly, simple data augmentation by
training on the English data together with
their translated and projected counterpart
in Spanish results in important performance
gains. In fact, it outperforms the original En-
glish results reported in Table 4 (also against
the monolingual domain-specific models) and
it also helps to improve results over the
monolingual Spanish data-transfer setting. It
should also be noted that the improvements
are particularly large when mBERT is eval-
uated out-of-domain, namely, on the Glau-
coma and Mixed test sets.

Another aspect worth mentioning is that
we obtain roughly the same results with both
types of word alignments, which means that
the process of post-processing and manual
correction was robust enough to guarantee
the same results regardless of the aligner
used.

Summarizing, the best results for both
languages are obtained with the multilingual
data augmentation strategy, also surpassing
the models trained with gold-standard En-
glish data. Therefore, data-transfer proves
to be the most effective strategy to perform
argument component detection in the medi-
cal domain whenever no annotated data for
the target language is available.

Relation classification All the experi-
ments that were done for argument compo-
nent detection were also applied to the clas-
sification of argument relations. Results are
reported in Table 7.

Here, similar to the argument compo-
nents, the models trained on multilingual
data also obtain the best overall results across
the three test sets and data-transfer outper-
forms model-transfer, especially on the Glau-
coma set. Furthermore, although very close,
in this case, the multilingual results do not
improve over the results in English obtained
with gold standard data (reported in Table
5).

An important point to mention is that, as
shown in Table 1, the relation classification
corpus is extremely imbalanced, which may
be why classification results are substantially
lower. Another reason is the lack of context
in the task itself, given that in many cases
it is extremely difficult to distinguish rela-
tions given only two sentences, without fur-
ther context. Thus, we believe that relation
classification in the medical domain cannot
be straightforwardly determined based only
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Model Neoplasm Glaucoma Mixed

train: EN+ES → test: EN 65.55 58.79 67.82
train: EN+ES → test: ES 62.55 58.60 65.74
train: EN → test: ES 62.45 55.92 65.02
train and test: ES 63.25 54.35 65.40

Table 7: F-1 scores for relation classification in crosslingual settings.

Model Neoplasm Glaucoma Mixed

auto post manual auto post manual auto post manual

DeepL + SimAlign 75.87 79.99 80.50 75.64 77.30 77.60 75.25 79.25 79.62
DeepL + Awesome 70.07 79.12 80.34 71.39 76.77 77.51 69.85 78.21 79.57

Table 8: F1-macro for argument component detection in model-transfer setting; training in
English and evaluating with projections (i) automatic; (ii) post-processed and (iii) manually
corrected.

on local textual information. Instead, it may
require more complex structures and addi-
tional insights from the data.

6 Discussion

As an additional analysis, we compare the
results when evaluating model-transfer on
the three types of projected data gener-
ated: (i) automatically projected labels, (ii)
post-processed projection and (iii) manually
checked labels. Table 8 reports the results.
The most interesting outcome is that, while
evaluating on automatic projections substan-
tially degrades the final performance, the re-
sults obtained by evaluating on the post-
processed data are practically the same as
when evaluating on manually checked projec-
tions. This means that data-transfer can be
performed fully automatically while obtain-
ing reliable evaluation results, which is an
extra argument in favour of this method to
perform AM in the medical domain.

Overall, we can see how the results ob-
tained by mBERT in this setting are high
enough and they get better with each im-
provement introduced in the evaluation sets.
The main issue with the automatic projec-
tions was that the alignment boundaries were
different to those in the English gold training
data (many errors were committed by not in-
cluding a Spanish article as part of the ar-
gument), therefore the prediction scores, as
expected, are noisy and unreliable.

Comparing the results of training in gold
standard English and evaluating on the dif-

ferent types of projected data in Table 8 al-
lowed us to learn that the post-processed ver-
sion is slightly less reliable than testing on the
manually-checked projections. Still, differ-
ences were minimal. A natural follow-up ex-
periment is to compare the data-transfer re-
sults when training with the different projec-
tion versions and evaluating on the manually-
checked data. Results of this experiment are
reported in Table 9.6

First, it is interesting to observe that while
SimAlign performs best when trained on au-
tomatic projections, awesome greatly bene-
fits from the post-processing step, allowing
it to outperform SigmAlign in both post-
processed and manual evaluation settings.
This is coherent with the stats reported in
Table 2 in which post-processing helped to
greatly improve awesome automatic projec-
tions.

In any case, the most noteworthy aspect
to be mentioned is that training on post-
processed DeepL + awesome projections ob-
tains practically the same results than when
training on manually-checked data. This re-
sult is quite interesting as it confirms that
data-transfer can be fully performed without
any manual intervention. As this is the opti-
mal approach in crosslingual transfer for AM,
these results suggest that as long as we can
obtain quality machine translation and align-
ments then data-transfer should be the choice

6Appendix A provides all the detailed results of
performing this experiment with different MT sys-
tems and word aligners.
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Neoplasm Glaucoma Mixed

Test F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

Train: DeepL + SimAlign - Automatic Projections

DeepL + SimAlign 82.33 75.90 87.64 80.94 75.36 85.97 81.81 74.99 88.07
DeepL + Awesome 81.98 75.27 86.99 80.84 75.31 85.96 81.73 75.36 88.03

Train: DeepL + Awesome - Automatic Projections

DeepL + SimAlign 72.78 72.66 87.03 74.21 72.82 84.74 72.40 70.17 87.99
DeepL + Awesome 72.50 72.62 87.00 74.20 72.77 84.75 72.43 70.60 87.95

Train: DeepL + SimAlign - Post-processed Projections

DeepL + SimAlign 82.98 75.79 88.92 81.85 75.68 87.55 82.21 73.04 89.26
DeepL + Awesome 82.77 75.50 88.89 81.74 75.63 87.53 82.14 73.46 89.22

Train: DeepL + Awesome - Post-processed Projections

DeepL + SimAlign 83.09 75.19 89.07 81.43 75.58 87.0 82.31 73.69 89.11
DeepL + Awesome 83.04 75.29 89.05 81.32 75.53 86.98 82.23 74.09 89.07

Train: DeepL + SimAlign - Manually-checked Projections

DeepL + SimAlign 83.57 75.95 90.01 80.83 75.44 86.11 82.62 74.62 88.81
DeepL + Awesome 83.49 76.27 90.05 80.73 75.43 86.09 82.56 75.13 88.81

Train: DeepL + Awesome - Manually-checked Projections

DeepL + SimAlign 83.49 76.84 89.09 81.22 76.20 87.37 81.96 73.32 88.54
DeepL + Awesome 83.39 77.11 89.18 81.11 76.16 87.36 81.88 73.71 88.50

Table 9: Data-transfer results with different types of projected data for training. Evaluation
tests are manually corrected.

to perform AM in the medical domain when
no manually annotated data is readily avail-
able.

7 Conclusion

In this paper, we investigate crosslingual
transfer techniques to perform AM on med-
ical data for a language for which manual
annotations are not available. Furthermore,
we explore this in a real case scenario in
which the only existing dataset annotated
for the medical domain was in English. We
compare model-transfer (apply multilingual
MLMs such as mBERT to learn on the avail-
able English data and predict in Spanish)
with data-transfer, which consists of gener-
ating training data in Spanish by machine
translating and projecting the annotations
from English to Spanish.

Contrary to previous results on crosslin-
gual transfer for sequence labelling (Garćıa-
Ferrero, Agerri, and Rigau, 2022), data-
transfer clearly is the optimal option for ar-
gument component detection. Furthermore,
combining the generated Spanish data with
the original English set helps to improve re-
sults across every evaluation setting, also

with respect to the domain-specific models
trained with gold-standard English data. Fi-
nally, a quick comparison evaluating with the
different types of label projections demon-
strates that data-transfer can be fully per-
formed without manual intervention, a very
important result of this study.

Results in relation classification were simi-
lar to those of argument component detection
except that the multilingual setting does not
outperform the results obtained when train-
ing on English gold data.

Finally, apart from the scientific findings,
we should stress that in this work we have
created the first dataset in Spanish to per-
form Argument Mining in the medical do-
main. The dataset, fine-tuned models and
code will be publicly available upon publi-
cation. Additionally, we would like to fur-
ther explore the method presented in this
project to experiment with computational
approaches to argumentation for other spe-
cific domains and languages for which no an-
notated data is available.
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Garćıa-Ferrero, I., R. Agerri, and G. Rigau.
2022. Model and data transfer for cross-
lingual sequence labelling in zero-resource
settings. In In Findings of EMNLP.

Green, N., E. Cabrio, S. Villata, and
A. Wyner. 2014. Argumentation for sci-
entific claims in a biomedical research ar-
ticle. In ArgNLP, pages 21–25.

Anar Yeginbergen, Rodrigo Agerri

308



Lee, J., W. Yoon, S. Kim, D. Kim, S. Kim,
C. H. So, and J. Kang. 2019. Biobert: A
pre-trained biomedical language represen-
tation model for biomedical text mining.
bioinformatics, btz682.

Lewis, P., B. Oguz, R. Rinott, S. Riedel, and
H. Schwenk. 2020. MLQA: Evaluating
cross-lingual extractive question answer-
ing. In Proceedings of the 58th Annual
Meeting of the Association for Computa-
tional Linguistics, pages 7315–7330. Asso-
ciation for Computational Linguistics.

Li, M., S. Geng, Y. Gao, S. Peng, H. Liu,
and H. Wang. 2017. Crowdsourcing argu-
mentation structures in chinese hotel re-
views. In 2017 IEEE International Con-
ference on Systems, Man, and Cybernetics
(SMC), pages 87–92. IEEE.

Liu, Z., G. I. Winata, S. Cahyawijaya,
A. Madotto, Z. Lin, and P. Fung. 2020.
On the importance of word order infor-
mation in cross-lingual sequence labeling.
In AAAI Conference on Artificial Intelli-
gence.

Mayer, T., S. Marro, E. Cabrio, and S. Vil-
lata. 2021. Enhancing evidence-based
medicine with natural language argumen-
tative analysis of clinical trials. Artificial
Intelligence in Medicine, 118:102098.

Mochales, R. and A. Ieven. 2009. Creating
an argumentation corpus: do theories ap-
ply to real arguments? a case study on
the legal argumentation of the echr. In
Proceedings of the 12th international con-
ference on artificial intelligence and law,
pages 21–30.

Peldszus, A. and M. Stede. 2013. From argu-
ment diagrams to argumentation mining
in texts: A survey. International Journal
of Cognitive Informatics and Natural In-
telligence (IJCINI), 7(1):1–31.

Pires, T. J. P., E. Schlinger, and D. Garrette.
2019. How Multilingual is Multilingual
BERT? In ACL.

Sabet, M. J., P. Dufter, F. Yvon, and
H. Schütze. 2020. Simalign: High
quality word alignments without paral-
lel training data using static and con-
textualized embeddings. arXiv preprint
arXiv:2004.08728.

Sackett, D. L., W. M. C. Rosenberg, J. A. M.
Gray, R. B. Haynes, and W. S. Richard-
son. 1996. Evidence based medicine:
what it is and what it isn’t. BMJ, 312:71
– 72.

Shankar, R. D., S. W. Tu, and M. A. Musen.
2006. Medical arguments in an automated
health care system. In AAAI Spring Sym-
posium: Argumentation for Consumers of
Healthcare, pages 96–104.

Sousa, A., B. Leite, G. Rocha, and H. L.
Cardoso. 2021. Cross-lingual annotation
projection for argument mining in por-
tuguese. In Portuguese Conference on Ar-
tificial Intelligence.

Stab, C. and I. Gurevych. 2014. Annotat-
ing argument components and relations in
persuasive essays. In Proceedings of COL-
ING 2014, the 25th international confer-
ence on computational linguistics: Tech-
nical papers, pages 1501–1510.

Stab, C. and I. Gurevych. 2017. Pars-
ing argumentation structures in persua-
sive essays. Computational Linguistics,
43(3):619–659, September.

Tang, Y., C. Tran, X. Li, P.-J. Chen,
N. Goyal, V. Chaudhary, J. Gu, and
A. Fan. 2020. Multilingual trans-
lation with extensible multilingual pre-
training and finetuning. arXiv preprint
arXiv:2008.00401.

Tiedemann, J., S. Thottingal, et al. 2020.
Opus-mt–building open translation ser-
vices for the world. In Proceedings of the
22nd Annual Conference of the European
Association for Machine Translation. Eu-
ropean Association for Machine Transla-
tion.

Toulmin, S. E. 1958. The uses of argument.
Cambridge university press.

Vaswani, A., N. Shazeer, N. Parmar,
J. Uszkoreit, L. Jones, A. N. Gomez,
 L. Kaiser, and I. Polosukhin. 2017. Atten-
tion is all you need. In Advances in neu-
ral information processing systems, pages
5998–6008.

Wu, S. and M. Dredze. 2020. Are All
Languages Created Equal in Multilingual
BERT? In Workshop on Representation
Learning for NLP.

Crosslingual Argument Mining in the Medical Domain

309



Yang, Z., R. Salakhutdinov, and W. W. Co-
hen. 2017. Transfer learning for sequence
tagging with hierarchical recurrent net-
works. arXiv preprint arXiv:1703.06345.

Yarowsky, D., N. Grace, W. Richard, et al.
2001. Inducing multilingual text analysis
tools via robust projection across aligned
corpora. In Proceedings of the First Inter-
national Conference on Human Language
Technology Research, pages 1–8.

A Results comparison with
different types of projections
and MT systems

Anar Yeginbergen, Rodrigo Agerri

310



Test Neoplasm Glaucoma Mixed

F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

DeepL + SimAlign 75.87 71.21 85.70 75.64 72.08 81.18 75.25 68.84 85.08
DeepL + Awesome 70.07 70.05 84.83 71.39 71.26 80.29 69.85 67.37 84.46

OPUS-MT + SimAlign 77.59 71.09 86.24 75.46 69.86 80.37 76.63 70.26 85.50
OPUS-MT + Awesome 71.36 69.74 84.97 71.22 69.70 79.59 77.98 68.94 84.70

Table 10: Model-transfer English to Spanish results of argument components evaluated on
automatic projection labels.

Test Neoplasm Glaucoma Mixed

F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

DeepL + SimAlign 79.99 71.69 86.67 77.30 72.29 81.51 79.25 69.36 85.85
DeepL + Awesome 79.12 71.33 86.48 76.77 72.08 81.32 78.21 68.95 85.65

OPUS-MT + SimAlign 80.68 71.54 86.69 76.81 70.08 80.59 79.89 70.84 85.91
OPUS-MT + Awesome 80.21 71.13 86.48 76.42 69.92 80.62 79.23 70.59 85.78

Table 11: Model-transfer English to Spanish results of argument components evaluated on post-
processed projection labels.

Neoplasm Glaucoma Mixed

Test F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

Train: OPUS-MT + SimAlign

DeepL + SimAlign 82.90 75.34 87.51 83.37 78.52 86.80 82.81 75.86 87.96
DeepL + Awesome 82.70 75.55 87.22 83.26 78.48 86.79 82.65 75.87 87.92

OPUS-MT + SimAlign 82.63 74.12 87.84 83.29 78.42 86.25 82.46 74.64 88.22
OPUS-MT + Awesome 82.60 74.27 87.90 83.13 78.39 86.17 82.29 74.51 88.09

Train: OPUS-MT + Awesome

DeepL + SimAlign 73.32 73.67 86.87 75.36 73.44 85.11 74.28 73.56 87.64
DeepL + Awesome 73.15 73.74 86.73 75.32 73.40 85.11 74.26 73.99 87.63

OPUS-MT + SimAlign 74.51 73.11 87.21 75.97 73.87 84.85 74.71 73.22 87.96
OPUS-MT + Awesome 74.41 72.91 87.19 75.89 73.85 84.79 74.68 73.49 87.82

Train: DeepL + SimAlign

DeepL + SimAlign 82.33 75.90 87.64 80.94 75.36 85.97 81.81 74.99 88.07
DeepL + Awesome 81.98 75.27 86.99 80.84 75.31 85.96 81.73 75.36 88.03

OPUS-MT + SimAlign 81.27 74.33 87.74 80.20 74.40 85.69 80.20 71.98 87.44
OPUS-MT + Awesome 80.99 74.15 87.71 80.04 74.37 85.61 80.11 72.24 87.30

Train: DeepL + Awesome

DeepL + SimAlign 72.78 72.66 87.03 74.21 72.82 84.74 72.40 70.17 87.99
DeepL + Awesome 72.50 72.62 87.00 74.20 72.77 84.75 72.43 70.60 87.95

OPUS-MT + SimAlign 73.74 71.53 86.85 74.18 72.89 84.14 73.25 70.49 87.58
OPUS-MT + Awesome 73.53 71.28 86.84 74.13 72.86 84.09 73.22 70.76 87.45

Table 12: Data-transfer results with automatically projected data. Evaluation tests are manually
corrected.

Crosslingual Argument Mining in the Medical Domain

311



Neoplasm Glaucoma Mixed

Test F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

Train: OPUS-MT + SimAlign
DeepL + SimAlign 83.35 74.49 87.59 82.29 75.99 86.10 83.09 74.94 87.87
DeepL + Awesome 83.07 74.81 87.02 82.19 75.95 86.09 83.02 75.31 87.83

OPUS-MT + SimAlign 83.00 73.46 88.18 81.84 76.27 85.84 82.32 72.64 88.81
OPUS-MT + Awesome 83.08 73.99 88.34 81.72 76.25 85.77 82.19 72.68 88.68

Train: OPUS-MT + Awesome

DeepL + SimAlign 83.50 75.72 88.15 82.69 74.99 87.03 82.43 72.85 88.31
DeepL + Awesome 83.38 75.80 88.11 82.58 74.95 87.01 82.26 72.85 88.28

OPUS-MT + SimAlign 83.68 75.03 88.64 82.94 77.41 87.68 83.21 73.55 89.59
OPUS-MT + Awesome 83.71 75.34 88.76 82.78 77.39 87.61 83.03 73.39 89.45

Train: DeepL + SimAlign

DeepL + SimAlign 82.98 75.79 88.92 81.85 75.68 87.55 82.21 73.04 89.26
DeepL + Awesome 82.77 75.50 88.89 81.74 75.63 87.53 82.14 73.46 89.22

OPUS-MT + SimAlign 81.14 73.66 87.80 80.74 74.74 87.13 81.03 72.38 88.32
OPUS-MT + Awesome 81.07 73.91 87.86 80.58 74.72 87.06 80.94 72.66 88.19

Train: DeepL + Awesome

DeepL + SimAlign 83.09 75.19 89.07 81.43 75.58 87.0 82.31 73.69 89.11
DeepL + Awesome 83.04 75.29 89.05 81.32 75.53 86.98 82.23 74.09 89.07

OPUS-MT + SimAlign 81.88 73.29 88.86 80.14 74.84 85.88 81.06 73.39 88.55
OPUS-MT + Awesome 81.74 73.04 88.86 79.99 74.82 85.82 80.97 73.65 88.42

Table 13: Data-transfer results with post-processed projected labels. Evaluation tests are man-
ually corrected.

Neoplasm Glaucoma Mixed

Test F1 F1-C F1-P F1 F1-C F1-P F1 F1-C F1-P

Train: OPUS-MT + SimAlign

DeepL + SimAlign 83.79 75.81 88.95 81.80 74.78 86.57 82.60 74.08 88.73
DeepL + Awesome 83.50 75.90 88.61 81.69 74.73 86.55 82.53 74.46 88.69

OPUS-MT + SimAlign 83.03 74.68 88.69 82.06 75.77 87.36 82.64 72.94 89.31
OPUS-MT + Awesome 82.80 74.58 88.69 81.90 75.73 87.28 82.51 72.94 89.18

Train: OPUS-MT + Awesome

DeepL + SimAlign 83.51 75.45 88.72 82.38 76.01 87.02 82.76 74.81 88.86
DeepL + Awesome 83.34 75.64 88.72 82.27 75.97 86.99 82.69 75.18 88.83

OPUS-MT + SimAlign 82.87 74.24 88.71 82.60 76.59 87.53 82.64 73.44 89.32
OPUS-MT + Awesome 82.66 74.07 88.69 82.44 76.55 87.45 82.55 73.70 89.18

Train: DeepL + SimAlign

DeepL + SimAlign 83.57 75.95 90.01 80.83 75.44 86.11 82.62 74.62 88.81
DeepL + Awesome 83.49 76.27 90.05 80.73 75.43 86.09 82.56 75.13 88.81

OPUS-MT + SimAlign 81.82 73.98 89.49 80.14 75.70 85.75 81.06 73.71 88.67
OPUS-MT + Awesome 81.58 73.75 89.46 80.02 75.72 85.69 80.99 74.01 88.54

Train: DeepL + Awesome

DeepL + SimAlign 83.49 76.84 89.09 81.22 76.20 87.37 81.96 73.32 88.54
DeepL + Awesome 83.39 77.11 89.18 81.11 76.16 87.36 81.88 73.71 88.50

OPUS-MT + SimAlign 82.02 75.12 88.97 80.47 75.23 86.77 81.27 73.16 88.88
OPUS-MT + Awesome 81.86 74.97 88.97 80.35 75.21 86.71 81.19 73.42 88.75

Table 14: Data-transfer results with manually corrected projections. Evaluation tests are man-
ually corrected.
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