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Abstract

Web-crawled corpora now claim that they have
coverage of more than a thousand languages,
but their subsets for endangered languages re-
main very small. Prior audits examine what is
inside these corpora. We ask a question that
complements this idea: what happens to the
endangered-language web content that does ex-
ist? We curate and verify an inventory of 40
pages from active institutional websites (tribal
language programs, community dictionaries,
and learning portals) for 16 endangered North
American languages from 7 families, and we
attribute losses along the full pipeline: (S1)
whether Common Crawl ever crawled the page,
(S2) whether language identification (LID) rec-
ognizes the captured text, (S3) whether a stan-
dard quality-filter cascade can help retain it,
and (S4) whether any of it reaches a released
corpus (FineWeb-2, GlotCC). Most of the loss
happens before quality filtering is even reached.
These websites present to crawlers almost en-
tirely in English, much of the actual language
text is served by client-rendered dictionary ap-
plications that expose no text to crawlers, 6
of 16 languages have no label in the standard
LID model, and none of the 36 inventory do-
mains contributes a single document to any re-
leased per-language subset we examined. We
release the inventory, the pipeline, and the per-
stage attribution to support both crawl-side and
community-side remedies.

1 Introduction

Most accounts of low-resource data scarcity fo-
cus on the corpus side. Quality audits show that
web-mined subsets for low-resource languages are
noisy or mislabeled (Kreutzer et al., 2022), and bet-
ter mining recovers more (Dent et al., 2025). This
paper examines the pipeline from the other end.
Endangered languages with active revitalization
movements have a real web presence, including
language departments of sovereign nations, com-
munity dictionaries with audio, and lesson portals.

If the released corpora for these languages are tiny,
the loss must occur somewhere between that web
presence and the corpus. This paper locates where.

We start from an independently curated, script-
verified inventory (§3) of 40 pages across 16 endan-
gered North American languages and trace each
page through four loss stages (§4): Common Crawl
capture (S1), language identification of the cap-
tured payload (S2), a FineWeb-2-style quality-filter
cascade (S3), and presence in released corpora
(S4). All stages are measured with public artifacts,
namely the Common Crawl capture index (CDX),
the underlying Web ARChive (WARC) records,
GlotLID v3 (Kargaran et al., 2023), and the re-
leased FineWeb-2 (Penedo et al., 2025) and GlotCC
(Kargaran et al., 2024) subsets. All code, the inven-
tory with per-URL provenance, and the stage-level
results are open source.1

2 Related Work

Corpus-side audits established that low-resource
subsets of web corpora are often erroneous
(Kreutzer et al., 2022). LID for low-resource lan-
guages has improved in coverage (Kargaran et al.,
2023; Burchell et al., 2023) and in precision on
closely related varieties (Fedorova et al., 2026),
and rare-language extraction from Common Crawl
has been reframed as targeted mining (Dent et al.,
2025). Quality-filter cascades derive from C4 (Raf-
fel et al., 2020) and Gopher (Rae et al., 2021). Our
work complements this line of research by attribut-
ing where existing endangered-language content is
lost before any mining begins. Our framing follows
calls for community-centred data practice (Bird,
2020; Carroll et al., 2020).

3 The Inventory (S0)

Curation. We selected 16 endangered North
American languages spanning 7 families and,

1https://github.com/Sharvin-coder/crawl-gap
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through documented web searches, collected 40
candidate URLs on 36 domains. The sites include
official language programs of sovereign nations,
community and university dictionaries, and learn-
ing portals. Every entry records its provenance,
and no URL was invented or taken from any cor-
pus. The inventory is a census of the verified pages
we could locate, not a sample from a larger popula-
tion, so we make no statistical generalization; the
value of tracing it lies in attributing each individual
loss.

Verification. A scripted pass fetched each page
politely, extracted the server-visible text, and ran
GlotLID v3. 37 of 40 pages are live. Three findings
emerge at this stage. First, the document-level top-1
label of every live page is English. Second, the ma-
jor dictionaries (FirstVoices, Cherokee Dictionary,
itwêwina, the Blackfoot atlas) are client-rendered
applications whose server-side HTML contains al-
most no text, so their content is invisible to any
crawler. Much of what these sites publish is also
not HTML at all: the pages we fetched link 299
distinct PDF files across 14 of 33 live domains,
content a text-extraction pipeline does not see even
when the linking page is crawled. Third, after fol-
lowing content-related internal links one hop deep
and scoring the best page per site, only 11 of 34 lan-
guage and site pairs expose any machine-detectable
running text in the target language.

Accounting. One set of counts is used through-
out. The curated inventory has 40 URLs on 36
domains, 37 of them live. The one-hop deepening
step discovers 5 additional content pages not in
the curated list, so the attribution pipeline traces
45 URLs in total. The funnel table (Table 1) cov-
ers only the 11 content pages with verified target-
language text, which fall in 8 of the 16 languages.

4 Attribution Pipeline

For every traced URL we determine the first stage
at which it is lost.

S1 (crawled?) We query the Common Crawl
CDX index for exact-URL captures and host-level
presence. Because a static page crawled once years
ago would still enter FineWeb-2, a handful of re-
cent crawls is not sufficient; we check 41 crawl
releases spanning 2013 to 2026, including every
release from 2023 through 2025, the newest 2026
releases, and one release per year back to 2013,
which covers every crawl year FineWeb-2 draws

Language S1 never S1 no-200 S2 no-label S2 miss S3 killed S4 absent S4 present

Arapaho (arp) 0 0 0 1 0 0 0
Blackfoot (bla) 0 0 0 1 0 0 0
Central Alaskan Yup’ik (esu) 0 0 0 1 0 0 0
Cherokee (chr) 0 0 0 2 0 0 0
Muscogee (mus) 0 0 0 0 1 0 0
Navajo (nav) 1 0 0 0 0 0 0
Ojibwe (ciw) 0 0 2 0 0 0 0
Plains Cree (crk) 0 0 0 2 0 0 0

Total 1 0 2 7 1 0 0

Table 1: First-failure attribution for content pages. Cells
count pages (the best verified page per language and
site); only the 8 languages with at least one page of
verified target-language text appear, and the total is 11.

on. We also check each host’s live robots.txt
policy for CCBot, the Common Crawl crawler.

S2 (recognized?) For each URL with an HTTP-
200 capture, we retrieve that WARC record by
range request, extract its text, and run GlotLID v3.
A page passes if the document-level top-1 label
belongs to the target language, or if at least 10%
of its text lines receive such a label with p ≥ 0.5.
Languages absent from the label space cannot pass
this stage (6 of 16 languages: cic, ciw, lkt, mez,
osa, tli).

S3 (retained?) We apply a re-implemented
FineWeb-2-style cascade to the captured text, in a
fixed order: a language-probability gate (document-
level GlotLID probability at least 0.65), Gopher-
style quality and repetition checks (minimum word
count, alphabetic-word fraction, duplicate-line frac-
tion, top character-bigram share, and bullet-line
ratio) (Rae et al., 2021), and the C4 terminal-
punctuation heuristic (Raffel et al., 2020). We
record the first filter that fires; all thresholds are
pinned in the released code.

S4 (released?) We scan the complete released
per-language subsets of FineWeb-2 and GlotCC for
documents from any inventory domain.

5 Results

Table 1 and Figure 1 give the funnel; per-stage
detail follows.

S1. Of the 45 traced URLs, 8 have no capture
in any of the 41 crawls (every index query com-
pleted), 1 were captured only with non-success
HTTP statuses, and 36 have at least one success-
ful capture; the three groups sum to 45. Only 1
of 36 hosts blocks CCBot in robots.txt, so the
coverage gap comes almost entirely from discovery
rather than from sites opting out. Never captured
does not mean undiscoverable: these pages sit on
live sites and are linked from pages we reached
by ordinary browsing, so the gap reflects crawl
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Figure 1: Stage attribution per language, for the same
11 content pages as Table 1.

scheduling and prioritization rather than technical
unreachability. Crawl depth matters greatly here:
10 of the 36 captured URLs have their only success-
ful captures outside the six most recent releases, so
a shallow check against recent crawls alone would
have roughly doubled the apparent never-crawled
count.

S2. Of the captured pages, 1 passes, 23 are as-
signed to other labels, and 12 belong to languages
with no label at all. The routing is not toward other
minority languages: 23 of the 23 routed pages
receive English as their top-1 label, because the
target-language material is embedded in English
framing. The languages missing from GlotLID’s
label space are exactly the languages that have no
released subset in either corpus.

S3. Applied to all captured pages, the cascade
keeps 20 and removes 16, most often at the
language-probability gate. The single page that
passed S2, a bilingual lesson page, is among those
removed: its English framing pulls the document-
level language probability below the gate. Because
revitalization materials are typically bilingual, this
behavior affects them systematically.

S4. The released subsets are small. Across the
10 of 16 languages that have a per-language subset
at all, the subsets scanned here range from 1 to
239 documents (976 in total). The number of doc-
uments from inventory domains in either released
subset is 0. This establishes absence from the two
corpora we can scan document by document. As
a breadth check on label coverage, none of the

16 languages has any per-language subset in mC4,
OSCAR-23.01, or CulturaX, and MADLAD-400
carries labels for 4 of the 16 (Cherokee, Navajo,
Ojibwe, and Cree) and none for the other 12. The
institutional web presence of these 16 languages
contributes no documents to the corpora examined
here.

6 Discussion

These losses are structural rather than inciden-
tal. Institutional pages are written in English for
good reasons, since their audience includes learn-
ers and citizens who do not yet speak the language.
The most valuable language content sits behind
JavaScript applications and PDFs. LID label spaces
were built from languages already observable in
corpora, and this circularity keeps unlabeled lan-
guages out. Remedies need to match the stage
where the loss happens. On the crawl side, render-
ing support or capture agreements with community
dictionaries would expose text that currently stays
hidden. Line- or paragraph-level LID ahead of
document-level gating would let bilingual pages
contribute their target-language lines instead of
failing as a whole. Label spaces can grow from
inventories instead of corpora, and verified commu-
nity domains can be exempted from filters that were
tuned for general web text. Above all, communities
should keep authority over whether and how their
language data enters corpora (Carroll et al., 2020;
Bird, 2020).

Limitations

Our inventory covers one region (North America),
16 languages, and 45 URLs; it is small because ver-
ifiable target-language pages are genuinely scarce,
and we trace the population we found rather than
sampling from it. A matched control set of insti-
tutional pages in higher-resource languages, and
expansion to more languages and domains in col-
laboration with community partners, are natural
next steps. The attribution thresholds (the S2 pass
criterion and the S3 cascade) are pinned but nec-
essarily approximate the released pipelines. PDF
and audio content, which makes up a large share
of what language programs publish, is out of scope
for the text funnel, so our estimate of the crawlable
text is conservative; §3 quantifies the PDF surface.
Some inventory domains may be represented in
corpora under other languages’ subsets (typically
English), which we do not count as presence for
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the target language.

Ethics Statement

We fetch only publicly served pages, at most once
per page per run, with an identifying research user
agent and per-host delays. The repository releases
URLs, metadata, and derived statistics, and never
scraped text, consistent with the CARE principles
(Carroll et al., 2020). The released artifact docu-
ments a correction-and-removal process, and we
commit to honoring removal or correction requests
from the nations or from site stewards. Corpus
presence of community content is reported in ag-
gregate. We do not redistribute any community
language material.
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