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Abstract

This paper evaluates the impact of expanding
the UD_Nheengatu-CompLin treebank on pars-
ing performance for Nheengatu, a Brazilian
endangered Indigenous language. We hypothe-
sized that the inclusion of annotated data would
result in a 10% improvement in the Labeled At-
tachment Score (LAS). To test this hypothesis,
we conducted a 10-fold cross-validation exper-
iment using UDPipe 1.4.0 under two condi-
tions: parsing with gold tokenization and gold
tags, and automatic parsing from raw text. Sta-
tistical significance was determined using the
Mann—Whitney U test. Although the expected
gain was not achieved, the results show im-
provements in parsing accuracy and reduced
variance across folds. The findings highlight
the importance of corpus expansion and stan-
dardized annotation workflows for improving
parsing performance in low-resource language
scenarios and for supporting reproducible eval-
uation methods in the computational modeling
of minority languages.

1 Introduction

Despite significant advances in Natural Language
Processing (NLP) over the last decade, a substan-
tial gap persists between high-resource and low-
resource languages. This disparity is driven by
the scarcity of annotated data for the latter and the
concentration of technological development on the
former (Joshi et al., 2020; Bird, 2020). In addition,
many Indigenous languages present challenges for
computational modeling, such as rich morphology,
orthographic variation, and limited standardization,
which hinder the direct application of existing NLP
methods (Mager et al., 2018).

In this context, the Universal Dependencies (UD)
project provides a shared cross-linguistic annota-
tion framework that has been widely adopted for
syntactic modeling across many well-resourced lan-
guages (Nivre et al., 2017; Church and Liberman,

2021), while also offering opportunities for extend-
ing NLP methods to low-resource ones (Thomas,
2019; Tyers and Henderson, 2021; Martin Ro-
driguez et al., 2022; da Silva and Pardo, 2024).

The Nheengatu treebank in the UD collection is
a useful case study for examining the morphosyn-
tactic annotation and parsing for low-resource lan-
guages. Once used as a lingua franca across the
Amazon basin during the 18th and 19th centuries,
Nheengatu is today an endangered language spoken
primarily in Brazil. The UD_Nheengatu-CompLin
treebank constitutes the first effort to provide a syn-
tactically annotated corpus for the language follow-
ing the UD framework (de Alencar, 2023; Alencar,
2024; de Alencar, 2024b,a, 2025).

Since its release in 2022, the treebank has been
expanded and revised to improve coverage and con-
sistency. In UD version 2.17, it received a 3.5-star
rating, exceeding all other 24 Indigenous-language
treebanks of the Americas (< 2 stars) and approach-
ing much larger treebanks of high-resource lan-
guages, such as UD_Portuguese-Porttinari (Duran
et al., 2023) and UD_Portuguese-PetroGold (Souza
et al., 2021) (4 stars).

Earlier parsing experiments on the
UD_Nheengatu-CompLin  were  conducted
by de Alencar (2024a), but they relied on a smaller
and imbalanced dataset. Recent annotation efforts
have incorporated historical data from Hartt’s
(1938), introducing a nineteenth-century Lower
Amazon variety and enabling a reassessment of
parsing performance under a more linguistically
diverse dataset.

In this work, we evaluate parsing accuracy with
and without the inclusion of Hartt’s (1938), us-
ing an updated parsing pipeline and reproducible
evaluation scripts. Although we hypothesized that
this expansion would lead to an improvement of
at least 10% in Labeled Attachment Score (LAS),
the experiments revealed a more modest but still
significant enhancement in parsing quality.
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We conduct our experiments using UDPipe 1.4.0
(Straka et al., 2016), whose sensitivity to annotation
quality makes it well suited for assessing the impact
of treebank expansion in a low-resource setting.

The paper is organized as follows: Section 2
reviews related work on parsing for Brazilian and
Amerindian languages within the UD framework;
Section 3 presents Nheengatu and the linguistic
phenomena recently included in the treebank; Sec-
tion 4 describes the methodology; Section 5 reports
the parsing results; Section 6 discusses the most
frequent parser errors; and Section 7 concludes and
outlines directions for future work.

2 Related work

Further improvements in the Labeled Attachment
Score (LAS), the main metric for dependency pars-
ing, are now limited less by model architecture than
by the quality and size of the data (Lopes et al.,
2024). This reliance on data contributes to dispar-
ities between high- and low-resource languages,
with LAS values above 90% for languages such
as English, Portuguese, and Russian, compared to
below 40% for many minority languages.

Lopes and Pardo (2024) demonstrate that pars-
ing accuracy degrades systematically as training
data is reduced, with LAS dropping from 91.74%
when trained on 5,893 sentences to 88.78% with
only 1,473 sentences. These results show that even
for well-resourced languages and gold-standard an-
notations, corpus size remains a decisive factor
for parsing performance. Importantly, this effect
becomes substantially more pronounced in low-
resource settings, helping to explain the markedly
lower LAS values reported by Vasquez et al. (2018)
for Shipibo-Konibo and by Pugh et al. (2022) for
Nahuatl. In such cases, limited training data re-
duces lexical and grammatical coverage, leading to
severe constraints on parser generalization.

In the context of Indigenous languages and
the Tupian language family, Blum’s (2022) study
shows that large multilingual models such as
mBERT and RoBERTa perform poorly on Brazil-
ian Indigenous languages. In zero-shot settings,
accuracy rarely exceeds 40%. By contrast, models
trained on closely related languages consistently
achieve better results than those relying on typolog-
ically distant sources. These findings indicate that
large multilingual models often fail to capture the
grammatical structure of languages that are under-
represented in their training data (Blum, 2022).
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Blum (2022) further shows that combining data
from multiple related languages can outperform
single-source models, even with small training sets.
Their experiments indicate that as few as 50—-60
annotated sentences can already yield measurable
gains, particularly for PoS tagging. In contrast, de-
pendency parsing remains more challenging, with
lower transfer performance due to syntactic com-
plexity (Blum, 2022).

3 The Nheengatu language

Once the most widely spoken language in the
Brazilian Amazon, reaching parts of present-day
Venezuela and Colombia, Nheengatu is now spoken
by about 6,000 speakers in Brazil and faces chal-
lenges in intergenerational transmission (Navarro,
2012; Navarro et al., 2017; Eberhard et al., 2025).

Originating from Tupinamb4 and widely adopted
by Jesuits, settlers, and different Indigenous groups,
Nheengatu served social, political, and religious
functions in Brazil during the seventeenth and eigh-
teenth centuries. Despite a royal ban in the eigh-
teenth century, it continued to be spoken into the
early twentieth century (Borges, 1996; Rodrigues,
1986; Moore, 2014; Stradelli, 2014).

Today, Nheengatu is mainly spoken in the Upper
Rio Negro region and remains an important marker
of Amazonian identity. The language has been doc-
umented since the nineteenth century through gram-
mars, religious texts, and literary works, which
form a key part of the textual sources used in the
UD_Nheengatu-CompLin treebank.

3.1 The UD_Nheengatu-CompLin treebank

Since its release in 2022, the UD_Nheengatu-
CompLin treebank has been under continuous de-
velopment. In the UD version 2.17 release (Novem-
ber 15, 2025), it underwent a substantial expansion
in size and linguistic coverage, reaching 2,742 trees
and 26,033 words. More than 600 sentences were
added from nineteenth-century Nheengatu docu-
mented during Charles Frederick Hartt’s Morgan
Expedition (1870-1871) in the Lower Amazon re-
gion (Hartt, 1872, 1938). All new sentences were
annotated according to the project guidelines and
reviewed by a second annotator. This addition
made Hartt’s (1938) the second largest source in
the treebank, after Avila’s (2021), and the largest
source of spoken-genre data. The updated distribu-
tion of sources is shown in Figure 1.



m Avila (2021) Casasnovas (2006)

Hartt (1938) Navarro (2016)
Cruz (2011) Magalhaes (1876)

m Rodrigues (1890) Amorim (1928)
Aguiar (1898) Others

Figure 1: Sentence sources in UD_Nheengatu-CompLin
(n = 2742). Sources with fewer than 89 sentences are
grouped as Others.

(1) E-kii ne kiwira  seniii
2SG.IMP-go your brother [INF]call
U-ruri arama ii ixéu.

3SG.ACT-bring to water 1SG.DAT

‘Go get your brother to bring me water.’

(Hartt, 1938, p. 335)

As a result of this expansion, the treebank now
includes a broader range of linguistic phenom-
ena, such as archaisms, additional lexical forms,
and morphosyntactic patterns not previously repre-
sented in the treebank (Alexandre and de Alencar,
2025). Example (1) illustrates morphosyntactic
patterns no longer attested in contemporary Nheen-
gatu. In present-day usage, imperative meanings
are expressed using forms identical to the indica-
tive. In contrast, the historical construction em-
ploys the auxiliary verb ekiii ‘go’ with archaic im-
perative morphology, including the second-person
singular prefix e- and an irregular imperative form
derived from the verb sii ‘to go’.

The example also exhibits an SOV constituent
order, with the full nominal object ne kiwira ‘your
brother’ preceding the bare verb root. This indi-
cates that historical Nheengatu allowed SOV order
with full noun phrases, unlike contemporary Nheen-
gatu, which displays a stable SVO pattern, likely
influenced by long-term contact with Portuguese
(da Cruz, 2011). From a typological perspective,
however, the SOV order is more compatible with
the language’s postpositional system (Aikhenvald

and Dixon, 2001).

Another archaic feature illustrated by the exam-
ple is the absence of the double subject agreement
that is typical of auxiliary constructions with verbs
like sii ‘to go’ in contemporary Nheengatu. The
sentence also contains the first-person dative pro-
noun ixéu ‘to me’, an inherited form from Old Tupi
that had largely been replaced by the postposition
arama by the time of Hartt’s documentation (Avila,
2021), yet was still attested in nineteenth-century
Lower Amazon Nheengatu.

Figure 2 displays the dependency graph for
(1), illustrating how these historical morphosyn-
tactic properties are encoded in UD_Nheengatu-
CompLin. The annotation of Hartt’s (1938) ex-
panded the treebank with morphosyntactic patterns
that are absent from contemporary data. These phe-
nomena can now be analyzed using Yauti (de Alen-
car, 2023, 2025), an automatic annotation tool for
Nheengatu, extending the treebank’s linguistic cov-
erage and supporting further computational analy-
sis.

4 Methods

4.1 Parsing Experiments

Two parsing experiments were conducted using
a 10-fold cross-validation procedure, following
the methodology adopted in previous work on the
UD_Nheengatu-CompLin treebank (de Alencar,
2024a). Parsing performance was evaluated us-
ing the development version of the treebank before
and after the inclusion of historical material from
Hartt’s (1938).

The experiments were conducted using UDPipe
1.4.0, a trainable, language-agnostic pipeline for
tokenization, morphosyntactic tagging, lemmatiza-
tion, and dependency parsing of CoNLL-U data,
which provides pre-trained models for Universal
Dependencies treebanks and supports both gold-
standard and fully automatic processing pipelines
(Straka et al., 2016).

In Experiment 1, the parser was trained and
evaluated on a version of the treebank exclud-
ing all 19th-century Lower Amazon data from
Hartt (1938) (nohartt.conllu, 2,091 sentences),
whereas Experiment 2 used an expanded ver-
sion including 743 sentences from Hartt (1938)
(all.conllu, 2,834 sentences).!

'All data are available at:
CompLin/nheengatu.

https://github.com/
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punct

)
Ekiii ne kiwira sentii ururi arama it ixéu
Mood=Imp Case=Gen  Number=Sing VerbForm=Inf Mood=Ind Number=Sing Case=Dat
Number=Sing Number=Sing Style=Arch Person=3 Person=1
Person=2 Person=2 VerbForm=Fin

Figure 2: Dependency tree for (1).

For both experiments, the data were partitioned
into 10 non-overlapping subsets of sentences of
approximately equal size. In each fold, nine subsets
were used for training and one for testing, such
that every file and its sentences were used exactly
once, as illustrated in Figure 3. This setup reduces
dependence on a single train—test split and is well-
suited for low-resource treebanks.

l All data (nohartt.conlluor all.conllu) ‘

[ Training data (9 folds) ] Test data (1 fold) ]

F3 F4 F5 F6 FI F8 F9 FI0
Run 1
Run 2
Run 3
Run 4
Run 5
Run 6
Run 7
Run 8

Run 9

0000000000 -
0000000000 -
0000000000
0000000000
0000000000
0000000000
0000000000
0000000000
0000000000
0000000000

Run 10

O Training fold O Test fold

Figure 3: Illustration of 10-fold cross-validation. Each
run uses one fold as test data (pink) and the remaining
nine folds as training data (green).

Parsing performance was evaluated using the
metrics Labeled Attachment Score (LAS) and
Unlabeled Attachment Score (UAS). Two evalua-
tion conditions were considered: (i) parsing with
gold tokenization and gold morphosyntactic anno-
tations, and (ii) fully automatic parsing from raw
text, in which UDPipe performed tokenization, tag-
ging, and dependency parsing.

4.2 Parsing Performance Comparison

To assess the statistical significance of parsing per-
formance differences between experimental set-
tings, we used a Python script that reads per-fold
LAS values directly from the parser output files and
compares the distributions of LAS scores obtained

under different experiments.

Statistical significance was evaluated using the
Mann-Whitney U test, a nonparametric test for
comparing two independent samples based on rank
ordering (Mann and Whitney, 1947). For each
comparison, a two-sided Mann—Whitney U test
was performed on the two sets of LAS values.

The test was implemented using the
mannwhitneyu function from the SciPy sci-
entific computing library (Virtanen et al., 2020).
In addition to reporting the U statistic and the
corresponding two-tailed p-value, the script
generates a fold-wise plot of LAS scores for visual
inspection of performance differences across
experiments.

The CompareParsingResults.py script was
used to compare the ten fold-level LAS scores from
Experiments 1 and 2, as well as LAS scores re-
ported in prior work on the same treebank (de Alen-
car, 2024a). Because the earlier study used UD-
Pipe 1.2, while our experiments used UDPipe 1.4.0,
we performed two comparisons: one against the
original UDPipe 1.2 results and one against a re-run
of the experiment reported by (de Alencar, 2024a)
using UDPipe 1.4.0.2

4.3 Error analysis

To identify the most frequent parsing errors, we
analyze the outputs of 10 test splits under gold tok-
enization and tagging. For each split, gold and pre-
dicted CoNLL-U files were aligned and compared.
We then compute a confusion matrix over UD de-
pendency relations using a custom Python script
(deprel_confusion.py), capturing label confu-
sions independently of head assignment.

We further perform a diagnostic analysis that re-
ports UAS and label accuracy and classifies errors
into attachment-only, label-only, and combined

Due to time constraints, we used the same models trained
by de Alencar (2024a) for parsing with UDPipe 1.4.0.
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Exp. 1 (%) Exp. 2 (%) Exp.1(%) Exp.2 (%)

Metric UAS LAS UAS LAS Metric F1 SD F1 SD
Mean 87.06 82.70 88.12 84.29 Tokens 94.64 0.83 9424 0.72

SD 1.14 1.39  0.90 1.13 Multiword tokens 85.44 5.35 87.70 3.27
Words 9442 0.80 94.09 0.69

Table 1: Mean and standard deviation (SD) of parsing Sentences 5935 6.15 6255 4.02

performance with gold input for Experiments 1 and 2.

core (%)

—e— UAS (Exp. 1)
75 LAS (Exp. 1)
-- UAS (Exp.2)
-- LAS (Exp.2)

1 2 3 4 5 6 7 8 9 10
Tteration

Figure 4: UAS and LAS with gold input across 10 folds
for Experiments 1 and 2.

types. The most frequent errors are discussed in
the following section.

5 Parsing Experiment Results

This section reports the results of the pars-
ing experiments comparing two versions of the
UD_Nheengatu-CompLin treebank. Although the
initial hypothesis of a 10% improvement in parsing
performance was not supported, the results indi-
cate a positive effect of increased corpus size and
coverage on parsing accuracy.

5.1 Parsing with Gold Input

Table 1 reports the mean and standard deviation of
UAS and LAS for the two experiments with gold
tokenization and gold tags. Across both metrics,
Experiment 2 achieves higher mean scores than
Experiment 1, with gains of 1.06 points in UAS
and 1.59 points in LAS.

Experiment 2 also shows lower variance across
folds for both metrics, indicating more stable per-
formance under cross-validation (UAS SD = 0.90,
LAS SD = 1.13) compared to Experiment 1 (UAS
SD =1.14, LAS SD = 1.39). Figure 4 shows the
distribution of UAS and LAS scores across the ten
iterations for both experiments.

5.2 Tokenization from Raw Text

We next evaluate tokenization performance under
a fully automated parsing setting in which test sen-
tences are provided as raw text, allowing the parser

Table 2: Mean F1-score and standard deviation (SD) of
tokenizer performance from raw text for Experiments 1
and 2.

Exp.1(%) Exp.2 (%)
Metric F1 SD F1 SD
UPOS tags 90.01 0.84 89.52 0.87
XPOS tags 89.18 0.87 88.73 0.91
Features 86.77 1.03 8597 1.04
Lemmas 91.47 098 90.89 1.01

Table 3: Mean F1-score and standard deviation (SD) of
tagging performance from raw text for Experiments 1
and 2.

to perform tokenization. This setting allows us to
assess the effects of corpus expansion when errors
from earlier processing stages are not controlled.

Table 2 reports mean Fl-scores and standard
deviations for tokenization across Experiments 1
and 2, evaluated on tokens, multiword tokens,
words, and sentences.

Token- and word-level segmentation remains
high and stable across both experiments, with F1-
scores above 94%. For multiword tokens, Experi-
ment 2 achieves a higher mean F1-score than Ex-
periment 1 (+2.26), along with a lower standard
deviation across folds. Sentence segmentation re-
mains the most challenging subtask in both experi-
ments; however, Experiment 2 again shows higher
mean performance (+3.20) and reduced variability.

5.3 Tagging from Raw Text

Table 3 reports tagging performance for UPOS,
XPOS, morphological features, and lemmatiza-
tion. Across all tagging components, Experiment 2
shows slightly lower mean scores than Experi-
ment 1.

Within the UD framework, UPOS tagging relies
on a smaller and more abstract label set than XPOS
tagging and morphological feature prediction. In
contrast, morphological features encode language-
specific distinctions and combinations of features,
which introduce additional complexity.

The larger differences observed for FEATS are

214



Exp. 1 (%) Exp. 2 (%)

Metric UAS LAS UAS LAS
Mean 74.46 68.73 74.80 69.56
SD 1.96 2.17 095 0.91

Table 4: Mean and standard deviation (SD) of parsing
performance from raw text for Experiments 1 and 2.

consistent with the increased linguistic and ortho-
graphic variability introduced in Experiment 2,
which incorporates historical data with a wider
range of morphosyntactic patterns, part-of-speech
and feature combinations, and preserved ortho-
graphic variation from the source material.

5.4 Parsing from Raw Text

Table 4 reports UAS and LAS results for Experi-
ments 1 and 2. As expected, performance is sub-
stantially lower than in the gold-input setting, re-
flecting the accumulation of errors from tokeniza-
tion and morphosyntactic tagging. Experiment 2
shows small gains in mean UAS (+0.34) and LAS
(+0.83), as well as reduced variance across folds,
with standard deviations below 1% for both metrics
compared to Experiment 1, which shows standard
deviations close to 2%.

This pattern indicates a more stable parsing be-
havior under fully automatic conditions, even when
errors from earlier processing stages may propagate
to dependency parsing.

5.5 Statistical Significance

To assess whether the differences are statistically re-
liable, we apply a two-sided Mann—Whitney U test
to the fold-level LAS scores. Under gold-input con-
ditions, the test yields U = 14.0 and p = 0.0073,
indicating a statistically significant difference be-
tween Experiments 1 and 2 (Figure 5).

We further compare Experiment 2 with the re-
sults reported by de Alencar (2024a), obtained us-
ing UDPipe version 1.2. As shown in the left panel
of Figure 6, Experiment 2 consistently achieves
higher LAS values across all folds when compared
to the 2024 experiment. The observed differences
are modest but systematic, generally ranging be-
tween approximately 1 and 3 percentage points,
and are statistically significant (p = 0.00032).

Together with the fold-level patterns shown in
Figure 5, this result suggests that the higher LAS
scores observed for Experiment 2 are unlikely to
be due to random variation across folds.

Parsing Experiment LAS Comparison

Figure 5: LAS comparison between Experiments 1
and 2.

However, this improvement primarily reflects
the effects of corpus expansion, as the 2024 ex-
periment was based on a smaller dataset (1,336
sentences). Contrary to initial expectations, dif-
ferences in the parsing pipeline appear to play a
minimal role, as re-running the earlier experiment
with UDPipe 1.4.0 yields results that are essentially
equivalent to those obtained with UDPipe 1.2.

As shown in the right panel of Figure 6, Exper-
iment 2 consistently achieves higher LAS scores
across all folds, and these differences remain sta-
ble when using UDPipe 1.4.0, remaining statisti-
cally significant (Mann—Whitney U = 98.0, p =
0.00033).

6 Frequent parsing errors

The most frequent confusion involves the core argu-
ment relations nsubj and obj (Figure 7). Across the
test splits, 169 gold nsubj relations were predicted
as obj, and 140 gold obj relations as nsubj. Fig-
ure § illustrates the former: the parser analyzes the
subject mbira-itd ‘my children’ of ukiri ‘sleep’ as
the object of the preceding subordinate verb asika
‘arrive’. Figure 9 shows the correct analysis.

The prediction in Figure 8 is not entirely implau-
sible. In sentences with two verbal clauses, a noun
phrase occurring between the verbs may, in princi-
ple, be interpreted either as the object of the first
verb or as the subject of the second. In addition,
Nheengatu is a pro-drop language, allowing the sub-
ject position to remain unexpressed, which makes
an analysis in which mbira-itd does not attach to
ukiri structurally possible. However, sentence (2)
is not genuinely ambiguous, since the embedded
verb is intransitive and does not license an object.
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Parsing Experiment LAS Comparison

—8— Experiment 2
Experiment 2024 (UDPipe (1.2)

1 2 3 3 5 6 7 8 9 10
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Parsing Experiment LAS Comparison
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LAS (%)

82

81

—8— Experiment 2
Experiment 2024 (UDPipe 1.4)

80

1 2 3 4 5 6 7 8 9 10
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Figure 6: LAS comparison between Experiment 2 and the 2024 experiment using different UDPipe versions (v1.2

on the left, v1.4.0 on the right).
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(2) Asika ramé se mbira-itd
1SG.arrive when 1SG.GEN child.PL
ukiri ana uikil.
3SG.sleep PFV 3SG.be

Asika ramé se mbira-itd ukiri ana uikii .

Figure 9: Gold dependency tree for (2).

recognize postverbal subjects (e.g., of unaccusative
verbs), 78.2% of cases occur in sentences ranging
from nine to 49 tokens. Longer sentences typically
involve multiple coordinated, juxtaposed, or em-
bedded predicates (e.g., in relative, adverbial, and
complement clauses). Together, these patterns sug-
gest that the parser struggles both to identify clause
boundaries and to take verb valency into account.
The heatmap also reveals a frequent confu-
sion between root and parataxis, reflecting the
parser’s difficulty in identifying the main predi-
cate in complex sentences. Similarly, clausal rela-
tions such as advcl, ccomp, and xcomp are often
predicted as parataxis or root. Table 5 summa-
rizes the corresponding metrics and error distribu-

‘When I arrive, my children are already sleep- tion. Attachment-only errors are more frequent

ing.” (Moore et al., 1994, p. 110)

nmod:pos:
( )

/

Asika ramé se mbira-itd ukiri ana uikii .

Figure 8: Incorrect dependency tree for (2).

While this error also occurs in shorter, typically
monoclausal sentences, where the parser fails to

than label-only errors, suggesting that incorrect
head assignment is a more common source of error
than label misclassifications alone. In addition, a
substantial number of cases (1,434) involve errors
in both head and label, indicating that some errors
arise in more complex sentences rather than from
isolated misclassifications.

7 Summary of Results

Across evaluation settings, Experiment 2 yields
higher parsing accuracy and reduced variability
across folds. Expanding the UD_Nheengatu-
CompLin treebank leads to consistent improve-
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Metric Value
Tokens compared 26,785
UAS 88.11%
Label accuracy 90.82%
LAS 84.28%
Attachment-only errors 1,750
Label-only errors 1,026
Head+label errors 1,434

Table 5: Global parsing performance and error distribu-
tion across all test splits.

ments in accuracy and stability. Error analysis in-
dicates that errors concentrate in core arguments
(e.g., nsubj vs. obj) and clause-level relations (e.g.,
root, parataxis, advcl).

Although the expected 10% gain was not ob-
served, the results point to the importance of in-
cremental treebank expansion combined with clear
annotation guidelines, internal consistency, and re-
view by a second annotator when developing re-
sources for a low-resource language.

8 Final Remarks

This study investigated how the expansion of the
UD_Nheengatu-CompLin treebank affects depen-
dency parsing performance under controlled (gold
tokenization and gold tags) and fully automatic
conditions. By extending the treebank with histori-
cal nineteenth-century material, we assessed how
increased data volume and linguistic diversity in-
teract with different stages of a modern parsing
pipeline for a low-resource language.

Across evaluation settings, the expanded tree-
bank is associated with more stable parsing per-
formance, reflected in lower variance across cross-
validation folds. Under gold-input conditions, the
differences between experiments are statistically
significant, suggesting that increased annotated
data supports more consistent syntactic predictions
when tokenization and morphosyntactic annotation
are fixed. In fully automatic parsing, average accu-
racy differences are small, but Experiment 2 shows
lower variability across folds, indicating more sta-
ble model behavior.

The inclusion of historical data introduced
greater linguistic heterogeneity, including ortho-
graphic variation and less frequent morphosyntac-
tic patterns. While this diversity expanded syn-
tactic coverage, it also increased the difficulty of
morphosyntactic tagging. These findings under-

score the importance of interpreting parsing results
in relation to both corpus composition and pro-
cessing conditions, particularly for low-resource
Indigenous languages.

Some limitations of this study point to directions
for future work. For instance, genre distribution
in the treebank was not controlled or analyzed. A
more detailed evaluation by genre would require
prior classification of sentences, which is not cur-
rently available and is challenging due to the hetero-
geneous nature of the sources (e.g., narrative texts,
grammatical examples, and mixed materials).

We plan to further expand the UD_Nheengatu-
CompLin treebank, along with a more fine-grained
analysis of dependency relation labels that remain
challenging for the parsing pipeline, focusing on
error patterns at the level of specific relations in
order to identify systematic sources of ambiguity
and inform refinements to annotation guidelines
or modeling strategies. Another direction for fu-
ture work is the evaluation of alternative parsing
architectures.

Beyond Nheengatu, the methodology adopted
in this study was designed to be reproducible, and
the release of updated resources and evaluation
scripts enables the same approach to be applied
to other Indigenous and low-resource languages
within the Universal Dependencies framework, sup-
porting transparent resource development and com-
parable evaluation of parsing performance across
minority languages.
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