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Abstract

We present the first systematic study of core NLP tasks for Sakha (Yakut), a low-resource Turkic language with approx-
imately 450,000 speakers in northeastern Siberia. We introduce two manually annotated datasets: a 690-sentence
NER corpus (921 entities: PER, LOC, ORG) and an 798-sentence sentiment corpus (positive, negative, neutral).
Using mBERT and RuBERT in controlled 2x2 experiments, we report a twofold effect: on the one hand, it improves
performance when base unknown-token rates exceed approximately 10% (RuBERT: +9.4 F1); on the other hand, it
leads to worse performance otherwise (MBERT: -6.1 F1), despite improving tokenization in both cases. Cross-domain
transfer (news vs forums) reveals severe asymmetry: formal-to-informal training achieves 47% accuracy while the
reverse yields only 26%—a 21-point gap demonstrating that domain composition dominates model architecture choice
in low-resource settings. Neutral-boundary detection is the primary bottleneck, with 89% of disagreements clustering
around subjective/objective distinctions rather than polarity confusions. With fewer than 1,000 samples per task, we
establish first benchmarks for Sakha NER (53.5 F1) and sentiment analysis (54% accuracy).

Keywords: Corpus (Creation, Annotation, etc.), Less-Resourced/Endangered Languages, Named Entity Recog-

nition, Opinion Mining/Sentiment Analysis
1. Introduction

Natural Language Processing has made remark-
able progress in recent years, yet its benefits re-
main concentrated among approximately 20 high-
resource languages (Joshi et al., 2020). However,
the vast majority of the world’s 7,000+ languages
lack even basic computational resources: anno-
tated datasets, pre-trained models, or morphologi-
cal analyzers necessary for fundamental NLP tasks.
This disparity reflects not merely a data gap but
a structural inequality regarding who benefits from
language technology.

Sakha, the endonym for the language often re-
ferred to by the exonym Yakut, is a Turkic language
spoken by approximately 450,000 people in north-
eastern Siberia, and exemplifies these challenges.
Despite its official status in the Sakha Republic
(Yakutia), its active presence in the media, and its
literary tradition, Sakha remains severely underrep-
resented in the NLP infrastructure. Before this work,
no publicly available human-annotated datasets ex-
isted for core tasks such as named entity recogni-
tion (NER) or sentiment analysis.

This paper presents the first systematic investi-
gation of Sakha NLP through two complementary
tasks: Named Entity Recognition and Sentiment
Analysis. We make four primary contributions:

(1) Two annotated datasets establishing
baselines: A 690-sentence NER corpus with 921
manually annotated entities (PER, LOC, ORG)
achieving inter-annotator agreement of F1=0.897
(Cohen’s k=0.96), and a 798-sentence sentiment
corpus spanning formal journalism and informal fo-
rum discussion with moderate agreement (Cohen’s

k=0.54, weighted k-quadratic=0.55) reflecting gen-
uine linguistic ambiguity.

(2) Empirical evidence on vocabulary exten-
sion: Through controlled experiments comparing
base and extended BERT vocabularies, we estab-
lish a practical decision criterion: vocabulary exten-
sion improves performance when base unknown-
token rates exceed approximately 10% (RuBERT:
12.25% — +9.4 F1) but degrades performance
when base coverage is adequate (MBERT: 3.52%
— —6.1 F1).

(3) Cross-domain generalization analysis:
Bidirectional sentiment transfer experiments reveal
severe asymmetry: training on formal news and
testing on informal forums achieves 47% accuracy,
while the reverse yields only 26% — a 21 percent-
age point gap demonstrating that domain composi-
tion matters more than model architecture choice in
low-resource settings.

(4) Linguistic documentation: A systematic
analysis of annotation challenges shows that for
both tasks, the bulk of disagreements in sentiment
annotation (89%) stem from detecting truly neutral
cases. These difficulties are driven by morphologi-
cal complexity, code-switching, orthographic varia-
tion, and cultural semantics unique to Sakha.

2. Related Work

2.1. Low-Resource NLP and Turkic
Languages

Joshi et al. (2020) categorize the world’s languages
into six resource classes, revealing that 88% fall
into Class 0 (virtually no digital resources). Among
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Turkic languages, Turkish dominates NLP research
with established benchmarks (Yeniterzi, 2011). Re-
cent work on Kazakh — another agglutinative Tur-
kic language — provides a directly relevant con-
text. Yeshpanov and Varol (2022) introduced KazN-
ERD (112,702 sentences, 136,333 entities), achiev-
ing F1=0.97 for NER and KazSAnDRA (180,064
reviews), achieving F1=0.81 for binary sentiment
but collapsing to F1=0.39 for 5-class classification
(2024). Their findings on agglutinative morphology,
code-switching, and class imbalance parallel our
Sakha results despite 200x more training data, sug-
gesting these challenges are intrinsic to Turkic lan-
guage structure rather than merely data scarcity.

2.2. Named Entity Recognition

NER has evolved from rule-based systems (Grish-
man and Sundheim, 1996) through statistical ap-
proaches (CRFs) (Lafferty et al., 2001) to neural
architectures (Lample et al., 2016). Transformer-
based models such as BERT (Devlin et al., 2019)
now achieve 92-94% F1 on English benchmarks
(CoNLL-2003), but performance degrades substan-
tially in low-resource settings. Adelani et al. (2021)
report F1 scores of 0.79-0.89 across 10 African
languages with comparable annotation schemes,
while transfer learning effectiveness varies by typo-
logical distance (Pires et al., 2019) and training set
size (Rahimi et al., 2019).

For morphologically rich languages, vocabulary
coverage becomes critical: Artetxe et al. (2020)
demonstrate that extending pre-trained vocabular-
ies can improve downstream performance, though
conditions under which extension helps versus
harms remain underspecified—a question our work
addresses empirically for Sakha.

2.3. Sentiment Analysis

Sentiment analysis faces distinct challenges in low-
resource settings. Abdul-Mageed et al. (2012) re-
port that Arabic subjectivity detection (distinguish-
ing opinion from fact) is more complicated than po-
larity classification (65.6% vs 82.4% accuracy), a
pattern we observe for Sakha. Cross-domain trans-
fer studies show asymmetric generalization: Vilares
et al. (2014) find that training on formal text trans-
fers better to informal contexts than vice versa, at-
tributed to the “grammatical completeness® of for-
mal registers.

2.4. Annotation Challenges

Morphologically rich languages introduce system-
atic annotation difficulties. For agglutinative Turkic
languages specifically: sentiment-bearing suffixes
create boundary ambiguity, negation scopes over

entire morphological words non-locally, and code-
switching complicates sentiment attribution when
matrix and embedded languages provide conflicting
cues (Myers-Scotton, 1993). Our work documents
these patterns systematically for Sakha, providing
empirical grounding for challenges often mentioned
anecdotally in low-resource NLP literature.

3. The Sakha Language Context

Sakha (ISO 639-3: sah) is a Turkic language spo-
ken by approximately 450,000 people primarily in
the Sakha Republic (Yakutia), Russian Federation.
Typologically, it shares core features with other Tur-
kic languages — agglutinative morphology, SOV
word order, vowel harmony — but diverges in key
respects relevant to NLP:

Morphological complexity: Extensive suffixa-
tionisillustrated in (1) and case marking in (2), both
of which create tokenization challenges when entity
boundaries must include inflected forms.

(1)  banbik-cbiT-TAP-6bIT
balik-sit-tar-bit
fish-NMLZ-PL-1PL.POSS

‘our fishermen’

(2) Mbokyyckaui-ra
Dokuuskay-ga
Yakutsk-DAT

‘to Yakutsk’

Orthographic variation: Sakha uses five Cyril-
lic letters absent from Russian keyboards (h, e,
B, Y, H). Informal digital writing systematically
substitutes these: h—wb/c/english h, (knhn—kncm),
8—0/€e/8, (cox—Cox), F—T/X/5 (AbblNha—Obbinda).
Analysis of our forum data reveals 62% of sen-
tences contain letter substitutions — not random er-
rors but stable sociolinguistic markers of informality.

Code-switching: Sakha-Russian bilingualism is
near-universal in urban contexts. Technical vocab-
ulary, intensifiers, and entire clauses mix languages
freely, complicating both entity and sentiment attri-
bution.

Cultural semantics: Sentiment expressions re-
sist direct translation. The Sakha word cony44y so-
huchchu ’surprising/unexpected’ leans negative by
default — implying uncomfortable disruption — un-
like sentiment-neutral English/Russian equivalents.

These properties create annotation challenges
distinct from well-studied languages and motivate
our focus on documenting linguistic complexity
alongside computational baselines.
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4. Datasets and Annotation

4.1.

Data source: All text derives from the February
2018 Sakha Wikipedia dump (LINDAT/CLARIAH-
CZ). While this introduces genre bias toward en-
cyclopedic content, Wikipedia’s high name density
makes it efficient for NER annotation under severe
resource constraints.

Annotation scheme: Flat BIO tagging with
three entity types: PER (person names includ-
ing given names, patronymics, surnames), LOC
(geopolitical entities, geographic features, infras-
tructure), and ORG (organizations with institu-
tional permanence—governmental bodies, educa-
tional institutions, cultural organizations). Critical
design decision: morphological suffixes are pre-
served within entity spans (Zlbokyyckavira Doku-
uskayga 'to-Yakutsk’ fully labeled as LOC) rather
than excluded, reflecting alignment with subword
tokenizer boundaries and ecological validity of in-
flected name usage.

Sampling strategy: Three-phase pipeline com-
bining random sampling, active learning, and tar-
geted class balancing achieved 3x annotation effi-
ciency over uniform sampling — equivalent cover-
age under uniform random sampling would have re-
quired annotating approximately 2,300 sentences,
of which roughly 1,600 would be entity-free:

NER Corpus Construction

» Phase 1: 500 random sentences (30.6% entity-
bearing) — 329 entities

» Phase 2: 100 sentences via uncertainty sam-
pling — using Maximal Marginal Relevance
(MMR, A=0.7), balancing uncertainty and diver-
sity(100% entity-bearing) — 325 entities

» Phase 3: 100 ORG-targeted sentences (96%
entity-bearing) — 267 entities

This approach reduced annotation burden by
70% compared to uniform sampling while maintain-
ing high IAA (k=0.96). Final corpus: 690 sentences
(349 entity-bearing, 341 entity-free), 921 entities:
266 PER (28.9%), 495 LOC (53.7%), 160 ORG
(17.4%).

Annotation procedure: Primary annotation
was carried out by a single native speaker (co-
author Mariia Everstova), a graduate in digital hu-
manities with a BA in philology. Two native speak-
ers then independently annotated 100 Phase-2 sen-
tences for inter-annotator agreement assessment,
achieving entity-level F1=0.897 (exact span + la-
bel matches) and Cohen’s k=0.96. Disagreement
analysis reveals systematic patterns: boundary am-
biguities with grammatical suffixes (27% of errors),
ORG vs. LOC confusion for geopolitical institutions
(18%), and proper name vs. demonym distinctions

(10%). Notably, PER achieves F1=0.983 while
ORG achieves only F1=0.812, predicting down-
stream model performance patterns.

Example: In “lpokonuini WKKMCTasH Jles
TonctonayyH SlcHan MNMonsHapa TMMnaH Kepcyhap.”
(Prokopiy visited Lev Tolstoy at Yasnaya Polyana),
annotators must identify person names and lo-
cations with overt case morphology: [lpokonuia
(PER), Iles TonctongyyH (PER, genitive suffix
-duun included), and $cHain [MonsHasa (LOC,
dative suffix -gha included). Inflected forms are
preserved as complete entity spans, illustrating the
morphological challenges documented in our 27%
suffix-boundary disagreements.

4.2. Sentiment Analysis Corpus

Data sources: To test how robust our models
are across different registers, we designed a dual-
domain dataset instead of simply chasing large
numbers. On one side, we collected 497 sentences
from the Sakha-language newspaper Kyym, drawn
from sections such as Politics, Economy, Society,
and Culture—each sentence averaging about 11.2
tokens. On the other side, we turned to the infor-
mal world of the internet: 301 sentences pulled from
the archived forum at forum.ykt.ru. These average
only 7.9 tokens per sentence—yet consciously cap-
ture real-world messiness: 62% of them include or-
thographic substitutions or non-standard spellings,
typical of casual online discourse.

The rationale for including both domains in our
language resource is to create a more diverse cor-
pus and therefore a more challenging cross-domain
benchmark.

Label distribution: Negative: 174 (22%), Neu-
tral: 434 (54%), Positive: 190 (24%). The 54%
neutral dominance is typical of real-world sentiment
data and necessitates evaluation metrics beyond
accuracy.

Annotation procedure: Sentence-level three-
class classification was carried out by a single na-
tive speaker, co-author Everstova — this choice
reflects practical constraints: Sakha-literate indi-
viduals with linguistic training required for senti-
ment annotation are geographically concentrated in
Yakutsk, and no funding was available for anno-
tator compensation. A native independent annota-
tor without formal linguistic training then conducted
a targeted inter-annotator agreement (IAA) assess-
ment on 150 stratified sentences (about 19% of the
corpus). The training asymmetry between annota-
tors is a limitation on the IAA interpretation of the
sentiment data: the moderate k=0.54 may also re-
flect differences in annotation background.

Disagreement analysis: Unlike NER’s near-
perfect agreement, sentiment annotation reveals
genuine linguistic ambiguity: 89% (33/37) dis-
agreements involve neutral boundaries rather than
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positive-negative confusions, splitting between
positive«>neutral (49%) and negative<>neutral
(40%). Primary sources include: orthographic
variation (18%), code-switching attribution conflicts
(3%), context-dependent affection terms requir-
ing pragmatic inference (49% of positive-neutral
disagreements), and dialectal proverbs carrying
non-transparent sentiment (3%). This pattern
suggests determining whether sentiment is ex-
pressed at all is fundamentally more complex than
identifying entity boundaries.

Example: The forum post “onyc yuyraii
Lonnynap 6aapreir goooo” (Are you here, the
best Dollul residents?) illustrates orthographic-
affective coupling. One annotator marked positive
(praise via yuyravi="best’ + excitement from tripled
vowels goooo), another marked neutral (simple
greeting question). The deliberate vowel length-
ening signals prosodic intensity, but whether
this constitutes evaluative sentiment or merely
emphatic informality remains ambiguous.

5. Methodology

5.1. Vocabulary Extension Strategy

To compensate for the limited representation of
Sakha in existing pretrained vocabularies (with
UNK rates of 3.52% for mBERT and 12.25% for
RuBERT), we extended both models by introduc-
ing Sakha-specific subwords. Our technique is in-
spired by vocabulary extensions for domain adap-
tation (Tai et al., 2020; Hong et al., 2021), however
we apply it to mitigate the extra token splitting that
a non-Sakha model would face if applied directly to
Sakha.

Token selection: We began by training a Sakha
WordPiece tokenizer on the 2018 Sakha Wikipedia
dump. This produced 14,577 candidate tokens. Af-
ter removing whitespace, punctuation, control sym-
bols, and duplicates already present in the base
vocabularies, we obtained 11,112 new tokens for
mBERT (expanding its vocabulary from 119,547 to
130,659 entries) and 11,364 for RuBERT (120,138
— 131,502).

Embedding initialization: For embedding ini-
tialization, we adopted a two-stage approach.
When a new token could be decomposed into
known subwords, we initialized its embedding by
taking a length-weighted average of the subword
vectors (Chau et al.,, 2020). Tokens that did
not decompose—typically those containing Sakha-
specific Cyrillic characters (s, Y, h, b, H)—were in-
stead initialized by sampling from embeddings that
included similar characters. In practice, 90.5% of
new mBERT tokens were initialized via averaging,
compared with only 69.0% for RUBERT, highlight-
ing the more substantial morphological overlap be-

Metric RuBERT mBERT
Base Ext Base Ext
Avg pieces/word 237 139 321 146
Single-token (%) 36.0 736 172 716
UNK rate (%) 1225 0.00 352 0.00

Table 1: Tokenization quality on 20,000 Sakha
words.

tween Sakha and the multilingual model The result-
ing extended embeddings showed a lower standard
deviation (o = 0.0154 vs. o = 0.0463), suggesting a
more compact initialization space.

Tokenization improvement: As Table 1
shows, these extensions dramatically reduced
token fragmentation. Average pieces per word
dropped from 3.21 to 1.46 in mBERT and from 2.37
to 1.39 in RuBERT, while single-token coverage
more than doubled in both models. However, as
the experiments later reveal, smoother tokenization
alone does not guarantee better downstream
performance.

5.2. Experimental Design

Model selection: We compared four model vari-
ants in a controlled 2x2 setup. The first pair in-
volved mBERT (base and extended), which pro-
vides multilingual coverage across 104 languages
including Turkish and Tatar, thereby offering useful
Turkic priors. The second pair used RuBERT (base
and extended), a Russian-specific model that bene-
fits from geographical proximity and frequent code-
switching with Sakha. All models shared the BERT-
base architecture (12 layers, 768 dimensions, 110
M parameters) and identical training procedures,
ensuring that any observed differences stemmed
solely from vocabulary extension.

NER configuration: For the NER experiments,
we used a BERT encoder followed by dropout (0.1)
and a linear classifier mapping 768 to 7 entity
classes. Training used the AdamW optimizer (Ir =
3e-5) with a cosine schedule, 10% warmup, and
up to 8 epochs with early stopping (patience = 3).
The dataset was split into 483 training, 103 devel-
opment, and 104 test sentences, stratified by en-
tity density and with ORG entities oversampled (2x).
Evaluation employed entity-level F1 via seqeval.

Sentiment configuration: For sentiment clas-
sification, we applied the same architecture but
trained with Ir = 1e-5 and a sequence length of 210
tokens. We ran two evaluation protocols: (1) pooled
five-fold cross-validation stratified by label and do-
main; and (2) cross-domain transfer (Kyym — Fo-
rum, Forum — Kyym). We used inverse-frequency
class weighting and reported weighted F1 as the pri-
mary metric, complemented by macro F1 and per-
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Model F1 PER LOC ORG Model Acc W-F1 M-F1 SD
RuBERT base  0.335 0.361 0374  0.232 mBERT 0539 0520 0.454 +0.052
RuBERT ext 0.429 0.474 0.434 0.361 RuBERT 0.494 0492 0450 +0.044

A +0.094 +0.113 +0.060 +0.129 A +4.5 +2.8 +0.4 —
mBERT base 0.535 0.590 0.560 0.423

mBERT ext 0.474 0.486 0.489 0.415 Table 3: Pooled 5-fold CV results (mea_n). mBEBT
A -0.061 -0.104 -0.071 -0.008 outperforms RuBERT by 4.5pp despite Russian

Table 2: NER test set performance showing op-
posite vocabulary extension effects. RuBERT im-
proves +9.4 F1 while mBERT degrades -6.1 F1.

class scores.

Reproducibility: To ensure reproducibility, all
experiments used a global random seed (42), de-
terministic computation settings, and dataset finger-
prints for deduplication. We did not perform any hy-
perparameter tuning; all configurations were kept
constant to preserve strict comparability between
base and extended models.

6. Results

6.1.

Table 2 presents test set performance for all four
NER variants.

Key findings:

(1) Vocabulary extension effects are model-
dependent and opposite in direction. RUBERT
improved +9.4 F1 overall (0.335—0.429), while
mBERT degraded -6.1 F1 (0.535—0.474). This
15.5-point divergence contradicts the assumption
that better tokenization universally benefits down-
stream performance.

(2) Vocabulary extension effects depend on
base model coverage. Extension improved Ru-
BERT performance (+9.4 F1) when base unknown-
token rates were high (12.25%), but degraded
mBERT (-6.1 F1) with adequate base coverage
(3.52%). This mixed pattern indicates the need
for a practical threshold: vocabulary extension ad-
dresses genuine coverage gaps when base UNK
rates exceed approximately 10%, but it introduces
training instability when base coverage is adequate.
The divergent outcomes provide a practical deci-
sion criterion: measure base tokenizer UNK rates
on target-language text before extending vocabu-
laries, and prioritize extension only when coverage
gaps are demonstrable.

(3) ORG remains the bottleneck across all
models. Despite the use of several optimiza-
tion techniques (2x oversampling, active learning
for ORG-rich sentences, vocabulary extension),
ORG achieved F1=0.232-0.423 compared t0 0.361-
0.590 for PER and 0.374-0.560 for LOC. Only 160
training instances, distributed across highly diverse

Named Entity Recognition

proximity.

Direction Accuracy Weighted F1
Kyym — Forum 0.468 0.433
Forum — Kyym 0.256 0.249
Asymmetry 21.3pp 18.4pp
Table 4: Bidirectional cross-domain transfer
(mBERT).

naming patterns (government bodies, universities,
media outlets, cultural institutions), proved insuffi-
cient for generalization.

(4) All models substantially underperform
with respect to human agreement. The best
model (MBERT base, F1=0.535) reaches only
59.6% of inter-annotator agreement (F1=0.897).
The 36-point gap is larger than typically observed in
high-resource NER (10-15 points for English), sug-
gesting ultra-low-resource constraints constitute a
fundamental upper bound.

6.2. Sentiment Analysis

Table 3 shows pooled cross-validation results.

Key findings:

(1) mBERT’s multilingual exposure out-
weighs Russian proximity. Despite Sakha-
Russian bilingualism and geographic proximity,
mBERT consistently outperformed RuBERT (4/5
folds). Hypothesis: mBERT’s training on Turk-
ish, Tatar, and Azerbaijani provides more relevant
Turkic structural priors than RUBERT’s Russian fu-
sional morphology.

(2) Neutral-boundary detection is the bottle-
neck. Per-class analysis shows neutral F1=0.64
(mBERT) vs 0.37-0.38 for polarized classes. This
mirrors the 89% neutral-boundary disagreement
rate in 1AA, suggesting the fundamental challenge
is detecting whether sentiment is expressed, not
which sentiment.

(3) Domain composition dominates model
choice. Table 4 reveals severe cross-domain
transfer asymmetry.

Training on 497 formal sentences and testing on
301 informal sentences achieved 47% accuracy,
while the reverse yielded only 26%—a 21-point gap
exceeding the 4.5-point model difference. This
asymmetry reflects: 65% more training data (497
vs 301 sentences), 42% longer sentences provid-
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ing richer context (11.2 vs 7.9 tokens), orthographic
consistency in formal text (vs 62% substitutions in
forum), and formal grammar’s fuller inventory that
transfers to informal subsets while informal-specific
markers (emoji, vowel lengthening) don’t general-
ize.

Practical implication: When annotation bud-
gets permit only 500-1000 samples, prioritizing do-
main consistency over diversity and favoring formal
registers yields better generalization.

7. Discussion

7.1. Cross-Task Insights

Both tasks reveal converging evidence on low-
resource NLP challenges:

(1) Neutral/objective boundary detection is
more complex than polarity/entity-type classi-
fication. NER achieves near-perfect PER agree-
ment (F1=0.983) but struggles with ORG vs. LOC
semantic overlaps (F1=0.812). Sentiment shows
89% of disagreements at neutral boundaries, not
positive-negative confusions. This pattern gener-
alizes: Arabic subjectivity detection (opinion vs.
fact) is harder than polarity classification (Abdul-
Mageed et al., 2012), and Kazakh score classifi-
cation collapsed (F1=0.39) despite 140K samples
(Yeshpanov and Varol, 2024).

(2) Sample size alone cannot overcome
class imbalance and semantic ambiguity. Tar-
geted interventions (ORG oversampling, active
learning, vocabulary extension) failed to improve
ORG performance with 160 training instances
substantially. Similarly, the sentiment’s positive
class remained unstable across folds despite class
weighting. This suggests minimum viable dataset
sizes: 300+ instances for stable category learning,
likely 500-1000 for robust generalization to rare pat-
terns.

(3) Domain composition matters more than
model architecture when data is scarce. The
21pp sentiment cross-domain asymmetry exceeds
the 9.4pp vocabulary extension benefit and 4.5pp
model difference, indicating annotation strategy
choices dominate algorithmic choices in ultra-low-
resource regimes.

7.2. The Tokenization-Performance
Paradox

Despite mBERT achieving superior tokenization
(1.46 vs 1.39 avg pieces/word post-extension), its
NER performance degraded while RuBERT’s im-
proved. This decoupling reveals vocabulary ex-
tension as conditionally beneficial: it helps when
base model has genuine coverage gaps (RUBERT
UNK=12.25%), frequent entities fragment catas-

trophically, and new embeddings can be initial-
ized from linguistically similar base tokens; it
harms when base coverage is adequate (MBERT
UNK=3.52%), new embeddings are poorly initial-
ized (low standard deviation indicating compressed
initialization), and training data is insufficient to up-
date 11K new parameters meaningfully. The 10%
UNK threshold provides a practical heuristic: ex-
tend vocabulary when the base tokenizer demon-
strably fails on the target language.

7.3. Practical Guidelines

For languages with <1000 samples, our findings
suggest a series of guidelines: i) prioritize do-
main consistency over heterogeneity, favor formal
registers for better transfer, use multi-phase sam-
pling for efficiency, and invest in dual annotation
for ambiguous cases. ii) Measure base tokenizer
UNK rates before vocabulary extension (only ex-
tend if >10%). iii) Multilingual models may outper-
form geographically-motivated monolingual models
for typologically distant languages. iv) Report per-
class metrics and cross-domain evaluation along-
side human agreement baselines.

Finally, we note an important issue: mBERT and
RuBERT differ in pre-training data and language
coverage. We present UNK rate as correlated to the
observed outcome, not a confirmed mechanism.

7.4. Linguistic Documentation

Systematic analysis reveals orthographic-affective
coupling (87.5% of lengthened vowels carry
polarity), code-switching attribution conflicts,
and cultural semantics with cross-linguistic non-
equivalence—patterns generalizing to other Turkic
languages (Yeshpanov and Varol, 2024; Kurt et al.,
2019).

The moderate sentiment IAA (k=0.54) reflects
genuine linguistic ambiguity rather than unclear
guidelines. Two lines of evidence support this: First,
disagreements cluster systematically at neutral
boundaries (89%) rather than distributing randomly
across class pairs, splitting evenly between posi-
tiveeneutral (49%) and negative<>neutral (40%)
with only 3% positive<>negative confusions. Sec-
ond, weighted and unweighted k are nearly identical
(A=0.01), ruling out systematic ordinal confusion be-
tween adjacent categories. This pattern aligns with
findings in Arabic (Abdul-Mageed et al., 2012) and
Kazakh (Yeshpanov and Varol, 2024), confirming
neutral-boundary detection is fundamentally more
complex across morphologically rich languages.

7.5. Comparison with Related Work

Our NER results (best F1=0.535) fall between pre-
liminary Turkic NER attempts and well-resourced
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languages. Turkish NER achieves 85-90% F1 with
mature resources (Yeniterzi, 2011), while Kazakh
reaches 97% with 112,702 sentences (Yeshpanov
etal., 2022). We establish 54% as the practical floor
for transformer-based NER with <1000 samples.
The 36-point gap to human agreement (0.897) ex-
ceeds typical English gaps (10-15 points), confirm-
ing ultra-low-resource constraints are fundamental.

Sentiment results (54% accuracy, 0.52 weighted
F1) align with Arabic subjectivity detection (65.6%)
when accounting for task differences (Abdul-
Mageed et al., 2012). Yeshpanov and Varol’s
Kazakh binary sentiment (F1=0.81 with 167,961
samples) vs. 5-class collapse (F1=0.39 with
140,126 samples) parallels our finding that neutral-
boundary detection is the bottleneck: their model
defaulted to majority class (5-star reviews), just as
ours struggles at subjective/objective boundaries
(Yeshpanov and Varol, 2024).

The 21pp cross-domain asymmetry exceeds Vi-
lares et al.’s 16pp Spanish result (Alonso Pardo
et al., 2014), likely due to compounding effects:
a smaller sample size (497 vs 301), 62% ortho-
graphic inconsistency in informal data, and shorter
sentences (11.2 vs 7.9 tokens), which reduce con-
textual cues.

8. Conclusion

We present the first systematic study of Named En-
tity Recognition and Sentiment Analysis for Sakha,
a low-resource Turkic language. Through two man-
ually annotated datasets totaling 1,488 sentences,
we establish baseline performance and document
linguistic challenges arising from Sakha’s agglutina-
tive morphology and code-switching patterns.

Our key empirical findings challenge common as-
sumptions: (1) vocabulary extension helps when
base unknown-token rates exceed approximately
10%—below this threshold, it degrades perfor-
mance despite improving tokenization; (2) domain
composition is more impactful than model archi-
tecture in ultra-low-resource settings—the 21-point
cross-domain asymmetry exceeds model differ-
ences; (3) neutral-boundary detection (subjective
vs. objective) is more complex than polarity/entity-
type classification—89% of sentiment disagree-
ments cluster at this boundary.

With fewer than 1,000 training samples per task,
we establish first NER and sentiment benchmarks
for Sakha (53.5% F1; 54% accuracy). However,
this remains below high-resource language perfor-
mance (85-95%) and practical utility thresholds.
Closing this gap requires not just more data but also
Sakha-specific infrastructure: morphological ana-
lyzers handling informal orthography, bilingual senti-
ment lexicons, and potentially dedicated pretrained
models.

Beyond computational baselines, our system-
atic documentation of annotation challenges—such
as orthographic variation as a sentiment sig-
nal (87.5% of lengthened vowels carry polarity),
code-switching attribution conflicts, and cultural
semantics with cross-linguistic non-equivalence—
provides linguistic insights valuable for future
Sakha NLP and comparable low-resource efforts.
The moderate IAA on sentiment (k=0.54, weighted
k=0.55) reflects genuine ambiguity that both hu-
mans and models struggle with, rather than inade-
quate guidelines.

For researchers facing similar ultra-low-resource
constraints, our methodology provides a replicable
pathway: multi-phase sampling achieving 3x anno-
tation efficiency, preservation of orthographic varia-
tion rather than normalization, cross-domain evalu-
ation to assess generalization, and systematic doc-
umentation of annotation challenges as empirical
findings.

Sakha now has its first NLP baselines. The path
from proof-of-concept to practical utility remains
long, but the foundation is established.

Data and Code Availability

Datasets, annotation guidelines, and experimental
code are available at: https://github.com/
enifimov81lk/sakha-nlp-2026

Limitations and Future Work

Corpus size (690 NER, 798 sentiment sentences)
falls below transformer fine-tuning thresholds, likely
underestimating achievable performance. Single-
annotator primary annotation (with 15-19% dual
coverage) cannot rule out consistent bias. No hy-
perparameter tuning, classical ML baselines, or
domain-adaptive pretraining were performed to iso-
late vocabulary extension effects. Domain cover-
age is limited to Wikipedia and two text registers,
with unknown generalization to dialects (Northern,
Vilyuy) or other genres (speech, literature, social
media). The temporal span (2015-2024) suggests
that language evolution may degrade future perfor-
mance. All experiments used a single random seed
(42), preventing variance estimation across runs.
Immediate priorities include expanding to 2,000+
samples with complete dual annotation and build-
ing bilingual sentiment lexicons exploiting code-
switching patterns.

Ethical Considerations

All data was collected from publicly accessible
sources (Sakha Wikipedia, archived forum posts,
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and newspaper articles) in compliance with applica-
ble platform terms of service and copyright regula-
tions.
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