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Abstract

Language identification is a foundational task
in natural language processing (NLP), yet many
Indigenous languages remain entirely unsup-
ported by commercial language identification
systems. In this study, we assess the perfor-
mance of Google LangID on a 5k Cherokee
dataset and find that every sentence is classi-
fied as "undetermined", indicating a complete
failure to even misidentify Cherokee as another
language. To further explore this issue, we
manually constructed the first digitalized North-
ern Iroquoian dataset, consisting of 120 sen-
tences across five related languages: Onondaga,
Cayuga, Mohawk, Seneca, and Oneida. Run-
ning these sentences through Google LangID,
we examine patterns in its incorrect predictions.
To address these limitations, we train a ran-
dom forest classifier to successfully distinguish
between these languages, demonstrating its ef-
fectiveness in language identification. Our find-
ings underscore the inadequacies of existing
commercial language identification models for
Indigenous languages and highlight concrete
steps toward improving automated recognition
of low-resource languages.

1 Introduction

Language identification is fundamental to natural
language processing (Kargaran et al., 2023), en-
abling applications like machine translation, speech
recognition, and text classification (Qi et al., 2019).
While commercial language technologies such as
Google’s LangID perform well for high-resource
languages, they provide no support for Native
American languages (Caswell et al., 2020; Yang
et al., 2025b,e). This lack of recognition con-
tributes to digital marginalization and excludes
speakers from technological advancements (Bali
et al., 2019; Kukulska-Hulme et al., 2023). Chero-
kee, a Southern Iroquoian language, exemplifies
this gap, as it remains computationally under-
represented despite active revitalization efforts
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Figure 1: A stylized rendition of our language identifi-
cation system for endangered Iroquoian languages.

(White, 1962; Peter and Hirata-Edds, 2006; Cush-
man, 2019).

To investigate this issue, we examined Google
LangID’s handling of Cherokee and five North-
ern [roquoian languages, Onondaga, Cayuga, Mo-
hawk, Seneca, and Oneida, using a manually cu-
rated dataset of 120 sentences evenly distributed
across languages classes. While Cherokee was con-
sistently misclassified as "undetermined”, the other
Northern Iroquoian languages were assigned unre-
lated languages. As shown in Figure 1, we then
trained a random forest classifier on Cherokee and
these misidentified languages, demonstrating that
even with limited data, high classification accu-
racy is achievable. Our contributions include (1) a
novel dataset, (2) an empirical evaluation of Google
LangID’s misclassification tendencies, and (3) an
efficient classification model that outperforms ex-
isting approaches.

2 Related Work

Recent NLP research on Indigenous languages has
increasingly focused on language identification,
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cross-lingual generalization, and synthetic data gen-
eration to mitigate data scarcity. While modern
LangID models support hundreds of languages
(Kargaran et al., 2023; Milind Agarwal, 2023),
they frequently overlook or fail for Indigenous lan-
guages due to insufficient training data (Cavalin
et al., 2023). One promising approach is family-
aware classification, where related languages are
incorporated into training. Cavalin et al. (2023)
demonstrated this by improving LangID perfor-
mance for Brazilian Indigenous languages through
linguistic family modeling. Similarly, leveraging
phonological, morphological, and script-based cues
has been proposed as a strategy for improving clas-
sification of Cherokee and Northern Iroquoian lan-
guages (Kargaran et al., 2023). However, Chero-
kee’s unique syllabary introduces additional chal-
lenges compared to the Latin-based scripts used by
its linguistic relatives.

Cross-lingual generalization offers a promising
approach to improving LangID in low-resource set-
tings. Multilingual models like mBERT can trans-
fer knowledge across related languages (Pires et al.,
2019), with pretraining on linguistically similar
languages boosting classification accuracy (Bafna
et al., 2023). While Cherokee belongs to the South-
ern Iroquoian branch (Zhang, 2022), it shares struc-
tural features with Northern Iroquoian languages,
suggesting potential for generalization. However,
differences in writing systems may hinder direct
transfer, requiring transliteration or character-level
modeling (Zhang et al., 2020). Given the scarcity of
annotated data, synthetic techniques such as back-
translation and morphological augmentation have
been explored to enhance NLP models for endan-
gered languages (Feldman and Coto-Solano, 2020;
Zhang et al., 2020; Yang et al., 2025c,a). While
synthetic data can improve classifier robustness,
community validation remains crucial to mitigat-
ing risks associated with artificial augmentation
(Zhang et al., 2022). Applied thoughtfully, these
methods could strengthen language identification
for Cherokee and Northern Iroquoian languages.

3 NatAm Language Landscape

The Cherokee language, known as Tsalagi Gawoni-
hisdi (King, 1975), belongs to the Iroquoian lan-
guage family and is classified under the Southern
Iroquoian branch. As shown in Figure 2, it is the
only surviving language of this branch (Rountree,
1987), with its closest linguistic relatives found in
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Figure 2: Language family tree for Proto-Iroquoian
languages, with Cherokee, Seneca, Cayuga, Onondaga,
Oneida and Mohawk highlighted through color.

the Northern Iroquoian group, including Mohawk,
Seneca, Oneida, Onondaga, and Cayuga. Lin-
guistic evidence suggests that Cherokee diverged
from Northern Iroquoian languages approximately
3,500 to 3,800 years ago (Barrie and Uchihara,
2019), leading to substantial differences in phonol-
ogy, morphology, and writing systems. Unlike the
Northern Iroquoian languages, which primarily rely
on oral traditions and Latin-based orthographies
(Birch, 2015), Cherokee developed a unique syl-
labary in the early 19th century (Cushman, 2012),
further distinguishing it from its linguistic relatives.

Mohawk, Seneca, Oneida, Onondaga, and
Cayuga, spoken in the northeastern United States
and Canada, are members of the Northern Iro-
quoian branch and share many grammatical and
phonological features. Mohawk, one of the
most widely spoken Northern Iroquoian languages
(Hoover, 1992), has benefited from revitaliza-
tion programs and digital resources. Seneca and
Cayuga, though critically endangered, continue to
be taught in community-based initiatives (Chafe,
2015; Dyck and Kumar, 2012). Oneida and
Onondaga, while also endangered, have seen grow-
ing interest in language preservation efforts through
educational programs (Lu et al., 2024; Michelson,
2021). Despite their historical and linguistic con-
nections, these languages exhibit distinct phonetic
and syntactic structures (Kilarski, 2021), which
may contribute to challenges in language classifi-
cation. Furthermore, all Iroquoian languages have
faced severe endangerment due to colonization and
language suppression policies (Richter, 2011), ne-
cessitating ongoing revitalization efforts.



4 Data

To assess Google LangID’s performance on Chero-
kee and other Northern Iroquoian languages, we
manually collected text samples from publicly
available sources!. For Cherokee, we were able to
refer to an existing 5k dataset (Zhang et al., 2020).
Given the scarcity of textual data for the other
Northern Iroquoian languages, we manually cu-
rated our own digitalized dataset with community-
driven language archives, linguistic documentation
projects, and publicly available transcripts of In-
digenous language programs. Each language was
represented by about 20 sentences carefully se-
lected to reflect a range of grammatical structures
and vocabulary diversity.

Our decision to rely on manually curated data
was driven by the lack of large-scale, digitized cor-
pora for these languages. Automatic web scraping
approaches proved ineffective due to the limited
online presence of Indigenous languages and diffi-
culty in accurately identifying them, necessitating
a more targeted approach to ensure linguistic ac-
curacy and representativeness. Additionally, we
prioritized sources produced or validated by na-
tive speakers to maintain authenticity and avoid
potential biases introduced by machine-generated
translations. This novel dataset serves as a founda-
tional resource for evaluating LangID models on
Iroquoian languages and underscores the broader
challenges of building NLP tools for endangered
languages.

5 Language Identification

5.1 Google LangID

To evaluate Google LangID’s handling of Chero-
kee, we passed the Sk Cherokee dataset through
the Google Translate API. Surprisingly, every sen-
tence was classified as undetermined, meaning the
system did not even attempt to associate Cherokee
with any known language. While Google LangID
does not officially support Cherokee, it should at
least misidentify it rather than fail to classify it
altogether. Prior research on low-resource lan-
guage identification has shown that unsupported
languages are typically misclassified as typologi-
cally or phonetically similar ones. For instance, in
a recent study on Navajo (Yang et al., 2025d), a
10k dataset was run through Google LangID, and
while the results were incorrect, each sentence was

"Full citations are included in the GitHub.
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Figure 3: Classification results for Cherokee and 10
other languages, presented as a confusion matrix.

still assigned to an existing language. The fact that
Cherokee received no such assignment suggests a
fundamental failure—not just in recognizing the
language, but in engaging with the data at all.

To further investigate, we ran our manually cu-
rated dataset of 120 Northern Iroquoian sentences
through Google LangID. Unlike Cherokee, these
sentences were assigned specific, though incorrect,
language labels, indicating that the system at least
attempted classification. This stark contrast in per-
formance underscores a deeper issue; while many
Indigenous languages are misidentified, Cherokee
is uniquely absent from the model’s processing
pipeline, raising concerns about how commercial
language technologies handle languages with dis-
tinct scripts, such as the Cherokee syllabary.

5.2 Classifier

To address the shortcomings of existing language
identification models for Indigenous languages, we
developed a custom classifier to distinguish Chero-
kee from other languages in our dataset. Given the
limited availability of labeled data, we selected a
Random Forest classifier (Hastie et al., 2009) for
its robustness, interpretability, and effectiveness
in handling small datasets with high-dimensional
features. We employed a TF-IDF vectorizer to
transform text into numerical representations, cap-
turing key lexical distinctions. Tokenization was
performed at the word level, and the feature space
was restricted to the 5,000 most frequent terms to
balance specificity and generalization.

The dataset included Cherokee alongside the ten
most commonly misidentified languages, such as
Albanian, Czech, Hausa, Hindi, Icelandic, Indone-



Language Precision Recall F1-Score Class Precision Recall F1-Score
Cherokee 0.82 1.00 0.90 Cherokee 1.00 0.82 0.90
Albanian 1.00 0.99 0.99 Non-Cherokee 0.99 1.00 1.00
Czech 0.90 0.93 0.92 Accuracy 0.99

Hausa 1.00 0.99 0.99 Macro Avg 1.00 0.91 0.95
Hindi 1.00 0.99 1.00

Icelandic 1.00 0.99 0.99 Table 2: Binary Classification Performance Metrics.
Indonesian 1.00 0.99 0.99

Irish 0.99 0.98 0.99

Slovak 0.94 0.90 0.92

Turkmen 0.99 0.95 0.97 6 Future Work

Vietnamese 1.00 0.99 0.99

Accuracy 0.97

Macro Avg 0.97 0.97 0.97 Future research will include interviews with In-
Weighted Avg 0.97 0.97 0.97 digenous community members to gain cultural in-

Table 1: Multi-classifier Performance Metrics.

sian, Irish, Slovak, Turkmen, and Vietnamese. Text
samples were manually curated and preprocessed
to remove extraneous whitespace before vector-
ization. A stratified 80-20 train-test split ensured
balanced representation across all classes. Train-
ing was conducted with 100 decision trees, using a
fixed random state for reproducibility. Evaluation
metrics (precision, recall, and F1-score) demon-
strated strong differentiation between Cherokee
and the other languages, though minor misclassifi-
cations occurred, particularly among typologically
similar languages. The confusion matrix in Figure
3 highlights these cases, emphasizing the challenge
of distinguishing languages with overlapping lin-
guistic structures. The effectiveness of TF-IDF
features in capturing distinguishing characteristics
while filtering out noise from infrequent words is
further reflected in Table 1.

Further analysis of the model’s binary classi-
fication performance in Table 2 shows high ac-
curacy in distinguishing Cherokee from all other
languages. The precision and recall scores con-
firm the classifier’s reliability in identifying Chero-
kee while correctly classifying non-Cherokee lan-
guages. Our results demonstrate that even with
limited training data, a random forest classifier
can effectively differentiate Indigenous from non-
Indigenous languages, addressing gaps in commer-
cial language identification. Future work could
expand the dataset through community-driven con-
tributions, incorporate additional Indigenous lan-
guages, and refine feature selection to enhance clas-
sification. Exploring deep learning approaches may
further improve performance, fostering the develop-
ment of more inclusive NLP tools for endangered
languages.

sights into language classification challenges. We
have already scheduled two interviews with an Om-
aha Tribe member and a member of the Okana-
gan/Wenatchi community, ensuring direct engage-
ment with native speakers. Expanding the dataset
to incorporate additional Indigenous languages and
exploring deep learning models will further im-
prove classification accuracy (Alvarez et al., 2025).
Additionally, integrating phonetic and morpholog-
ical features will enhance model interpretability,
while ethical considerations will guide meaningful
collaboration with Indigenous communities for val-
idation and tool development. These efforts aim
to create more inclusive and effective language
identification tools that actively support Indigenous
language preservation.

7 Conclusion

This study highlights the severe shortcomings
of commercial language identification systems
for Indigenous languages, exemplified by Google
LangID’s failure to classify Cherokee—even incor-
rectly. While other Northern Iroquoian languages
received misidentifications, Cherokee was uniquely
ignored, raising concerns about how commercial
models handle languages with distinct scripts. To
address this gap, we developed a random forest
classifier that effectively differentiates Cherokee,
demonstrating that even with limited data, accu-
rate classification is achievable. Our findings un-
derscore the need for more inclusive NLP tools
that support endangered languages. We call upon
the NLP community to move beyond discussion
and take concrete steps, whether by expanding
datasets or collaborating with Indigenous speak-
ers, to ensure that these languages are not just
studied, but actively supported.



Limitations

While our study provides valuable insights into
the deficiencies of commercial LangID models for
Cherokee and Northern Iroquoian languages, it
is constrained by the small dataset size and the
absence of native speaker validation. Addition-
ally, our classifier’s effectiveness may not extend
to other underrepresented Indigenous languages
with different linguistic structures. Further re-
search should explore larger datasets, multimodal
approaches, and direct collaboration with Indige-
nous speakers to improve the accuracy and ethical
implementation of language identification systems.

Ethics Statement

Our study prioritizes ethical data collection and rep-
resentation of Indigenous languages. We sourced
data only from publicly available and community-
approved resources, ensuring that no proprietary
or culturally sensitive materials were used with-
out consent. Additionally, we acknowledge the
historical and ongoing marginalization of Indige-
nous languages in NLP and aim to contribute to
language preservation rather than commodifica-
tion. Future work should actively involve Indige-
nous communities in data collection and valida-
tion to ensure their agency in technological ad-
vancements. In the spirit of transparent and eth-
ical research, samples of our data and code has
been made available at (https://github.com/
Cherokee-Project/Classifier).
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