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Abstract

Main-content extraction commonly precedes
language identification (LID) and determines
its input in web-corpus pipelines. We mea-
sure this dependency on 7,808 WebMainBench
pages using three extractors and three LID sys-
tems. We compare human-selected main text
with annotated-region and full-page extractor
outputs. A context flip occurs when annotated-
region extraction preserves the route on human-
selected text but full-page extraction changes
it. For pages with nonempty text and matching
human-selected and annotated-region routes,
context-flip rates are 1.10-3.20%. On the
common eligible set, Magic-HTML has lower
paired rates than Trafilatura for all three LID
systems, with each corresponding 95% inter-
val excluding zero. All-page route loss counts
empty outputs or routes that differ from the
route on human-selected text. Magic-HTML’s
empty full-page outputs add 5.84 percentage
points. The fixed snapshot’s coarse non_en—en
difference is positive in all nine configurations
and remains positive after standardization to the
page-complexity field (meta.level). A 100-
page audit finds 35 unsupported, 29 supported,
and 36 indeterminate routes. Of 35 unsup-
ported flips, 26 move from predicted English
to another route, and 17 involve changed con-
tent selection alone or in mixed cases. Among
supported flips, 21 move to English. Extrac-
tion context can change text availability and
downstream routing.

1 Introduction

Multilingual web-corpus construction commonly
applies main-content extraction before language
identification (LID). The extractor converts web-
page HTML into text, and the LID system assigns
that text a language label used for routing, filtering,
storage, or later processing. The two stages there-
fore form a cascade: the text retained upstream
determines the linguistic evidence available to the
downstream routing decision.

The HTML context presented to an extractor can
change its output. Processing a human-selected
main region may preserve the annotated main con-
tent, while processing the full page can also retain
navigation, interface strings, cookie text, templates,
or another page region. It can also change which
region is selected as main content. These changes
alter the plain text passed to LID and can change
the language partition assigned to the same web-
page.

This study measures that interaction with Web-
MainBench, which provides tag-level human main-
content annotations for real webpages (Liu et al.,
2026; OpenDatalab, 2026b). A language route is
the normalized base-language label assigned by an
LID system to a text representation. For each page,
G denotes visible text from the human-selected
main content. For extractor e, M, denotes the ex-
tractor output when the same annotated region is
processed inside a minimal HTML document, and
F, denotes the extractor output when the full re-
leased page is processed. The LID stage receives
the normalized plain-text representations G, M,
and F,. For LID system m, ¥,,(X) denotes the
route assigned to representation X. The central
event is

.@m(Me> = @m(G) N @m(Fe) # gm<G) (D
The first relation selects pages whose route survives
extraction of the annotated main region. The sec-
ond records a route change after the same extractor
is exposed to the full page. We call this event a
context flip.

We cross Trafilatura, Resiliparse, and Magic-
HTML with GlotLID, OpenLID-v3, and Common-
Lingua. Context flips occur in every extractor-LID
configuration, with rates of 1.10-3.20% among
pages with nonempty G, M., and F, and matching
G-M_. routes. Section 3.4 formalizes this eligibil-
ity rule. Paired comparisons use the intersection of
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extractor-specific eligible sets within each LID sys-
tem. An all-page route-loss analysis also records
empty extraction outputs, making extractor cover-
age visible in the routing outcome. Context flips
span many predicted-route pairs. A blinded human
audit evaluates whether sampled full-page routes
are supported by the human-selected main text, fol-
lowed by a descriptive task on visible extraction
changes.

Recent extraction work shows that extractor
choice changes which webpages survive down-
stream filtering (Li et al., 2026). We track the same
webpage across a controlled annotated-region/full-
page contrast and measure a different downstream
consequence: movement between language routes.
The G — M, condition selects pages whose route
is stable under extraction of the annotated region
before the full-page context is introduced.

2 Related Work

2.1 Main-content extraction

Main-content extraction maps webpage HTML
to the text retained for later corpus processing.
Trafilatura was developed for text extraction in
web-corpus construction (Barbaresi, 2021). Mul-
tilingual evaluation shows that extraction quality
varies across languages, layouts, and page struc-
tures (Barbaresi and Lejeune, 2020; Bournonville
et al., 2025). A comparative study of fourteen ex-
tractors and five baselines also reports substantial
genre dependence across human-labeled extraction
datasets (Bevendorff et al., 2023).

WebMainBench extends this evaluation set-
ting with 7,809 human-annotated pages and tag-
level main-content annotations (Liu et al., 2026;
OpenDatalLab, 2026b). Its released evaluation
toolkit supports Trafilatura, Resiliparse, and Magic-
HTML, the three extractors evaluated here. Li et al.
(2026) compare HTML-to-text extractors through
a shared filtering pipeline and measure changes
in the pages retained downstream. We keep page
identity fixed and measure whether changing the
extractor’s input context changes the route assigned
by a later LID stage.

2.2 Language identification on web data

Language identification assigns language labels to
text used in multilingual corpus processing. Web-
crawl evaluation introduces domain and class dis-
tributions that differ from conventional held-out
benchmarks. Caswell et al. (2020) report severe

drops in human-judged accuracy for many lan-
guages when systems with strong held-out results
are applied to web-crawl text. They trace errors to
factors including domain mismatch, class imbal-
ance, and language similarity. CommonLID pro-
vides a human-annotated web-domain benchmark
covering 109 languages and reports that established
evaluation sets overestimate web-domain accuracy
for many languages (Ortiz Suarez et al., 2026).
We evaluate three multilingual systems with dif-
ferent design goals. GlotLID targets broad lan-
guage coverage and dataset-creation pipelines (Kar-
garan et al., 2023). OpenLID-v3 focuses on pre-
cision for closely related languages in web-data
curation (Fedorova et al., 2026). CommonLingua
is a byte-level language identifier designed for cor-
pus curation (PlelAs, 2026). Applying each system
to paired extraction representations shows how the
assigned language route changes with extraction.

2.3 Extraction followed by language routing

Large multilingual web-corpus pipelines com-
monly place text cleaning or extraction upstream of
language identification. C4Corpus combines boil-
erplate removal with language detection (Habernal
et al., 2016), and HPLT 3.0 exposes a pipeline
that includes HTML text extraction and language
identification for noisy web text (Oepen et al.,
2026). FineWeb2 provides a concrete extraction-
to-routing sequence in which Trafilatura processes
Common Crawl HTML before GlotLID is applied
to the extracted non-English stream (Penedo et al.,
2025; Hugging Face, 2025). We measure how that
cross-stage routing decision changes when the ex-
tractor processes the annotated main region or the
full page.

3 Data and Experimental Design

3.1 WebMainBench

We use WebMainBench v1.1 (Liu et al., 2026;
OpenDatalLab, 2026b) at repository revision 5d
a0972e9b58d0c7891ae75053ced97c268f52e3.
We refer to this revision-specific file as the fixed
snapshot. The webmainbench. jsonl file has SHA-
256 85765fe798f07c14eb1c92945046eaa56e0d
a59663f70b9c498647d7dfd78884 and contains
7,809 pages. Human-selected main text is usable
on 7,808 pages, which form the analysis set. In this
fixed snapshot, the released coarse meta. language
field marks 6,646 analysis pages as en and 1,162
as non_en. The non_en value aggregates the re-
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maining languages and is used only as a coarse
descriptive stratum.

The released annotation marks page elements
selected as main content and also provides a native
main_html field. For four analysis pages, native
main_html has no visible text. We reconstruct their
main region deterministically from the maximal el-
ements carrying the released cc-select="true"
annotation. The human-selected main-content an-
notation defines the region from which the refer-
ence representation G is derived.

3.2 Three text representations

We construct three plain-text representations for
each page. G is visible text from the human-
selected main region. M, is the output of extrac-
tor e from that same region placed inside a min-
imal HTML document whose visible body con-
tains only the annotated region. F¢ is the output
of extractor e from the full released page. Before
either extractor input is created, the benchmark’s
cc-select attribute and cc-extraStyle annota-
tion style block are removed. For G, visible-text
recovery excludes script, style, noscript, and
template elements. HTML entity decoding, Uni-
code Normalization Form KC, and whitespace col-
lapse are then applied consistently to the resulting
text. The two processing paths are main-region
HTML — e —+ M, — LID and full-page HTML
—e — F, — LID.

The G — M, transition measures extractor
processing of the human-selected region. The
M, — F¢ transition introduces the surrounding
page context to the same extractor. Equation 1 con-
ditions on route agreement across the first transition
and measures the routing change associated with
the second.

A representation-level summary precedes LID
scoring. Token overlap uses case-folded Unicode
word tokens. Multiset precision and recall are com-
bined as F}. Table 1 reports extraction coverage
and overlap with G. Median G-M, overlap ranges
from .953 to 1.000, while median G—F; overlap
ranges from .875 to .936. Full-page outputs are less
similar to G by this overlap measure, consistent
with changes in retained text when the extractor
processes the full page. The coverage columns sep-
arately record pages on which an extractor returns
no visible text.

Before applying the primary conditioning step,
we also summarize route disagreement with G.
Among pages with predictions for both M, and

Fe, disagreement between G and M, is 1.59-
8.45% across the nine configurations. Disagree-
ment between (7 and F is 2.48-9.99% and exceeds
the matched G—M, rate by 0.55-2.31 percentage
points in every configuration. Section 4.1 then re-
stricts the context-flip rate to pages whose G and
M, routes agree.

3.3 Extractors and language identifiers

The extractor set contains Trafilatura 2.1.0 (Bar-
baresi, 2021), Resiliparse 1.0.9 (Bevendorff et al.,
2018), and Magic-HTML 0.1.6 (OpenDatal.ab,
2026a). Trafilatura returns plain-text output, ex-
cludes comments, and receives the page URL
through its URL argument. Resiliparse uses main-
content extraction with formatting, alternative text,
post metadata, and comments disabled. Magic-
HTML uses GeneralExtractor with the page
URL as its base URL. Visible text is recovered
from the returned HTML after excluding script,
style, noscript, and template elements. These
calls follow the interfaces of the released libraries:
Trafilatura and Magic-HTML accept URL context,
while the evaluated Resiliparse interface receives
the HTML input directly. Each extractor uses the
same settings for M, and F..

The LID set contains GlotLID (Kargaran et al.,
2023), OpenLID-v3 (Fedorova et al., 2026), and
CommonLingua (PlelAs, 2026). The repository
revisions used are 85cd67164943, b9b09974ffdd,
and c6cd15eadc8a, respectively. GlotLID receives
normalized text directly. OpenLID-v3 follows its
released preprocessing: lowercasing, whitespace
collapse, and removal of digits and characters out-
side Unicode word or space categories. Common-
Lingua uses its released prediction code with a
maximum input length of 512 UTF-8 bytes. All
systems return one top label. Route comparison
removes model-specific label wrappers and maps
script-specific suffixes to ISO-639-3 base-language
identity.

3.4 Context-flip rate and all-page route-loss
rate

For page i, extractor e, and LID system m, write
the three representations as GG;, M;., and F;. and
define the context-flip indicator Cj¢y, by

Cz'em - l[gm(Mze) = Qm(Gz)
N @m(Fw) 7 @m(GZ)]

Eligibility requires visible text in G, M., and F,
and route agreement between G and M,.. Empty

(@)

299



Extractor M. text F. text G-M. token Fy G-F. token F}
Mean Median Mean Median
Trafilatura 7,792 7,805 .858 953 7156 875
Resiliparse 7,567 7,723 .900 1.000 163 .887
Magic-HTML 7,192 7,352 796 982 741 936

Table 1: Representation coverage and token overlap with human-selected main text. Text counts report pages with
visible extractor output. Token F; summarizes multiset overlap of case-folded Unicode word tokens across all 7,808

pages. Empty extractor outputs contribute zero overlap.

extractor outputs are treated as extraction failures
and are summarized through the coverage counts
in Table 1. The primary estimand is

P(jm(Fe) # im(G) |
Um(Me) = 9m(G), G, M, F, # (Z)).

Each eligible page receives equal weight. Pages
sharing the same normalized hostname form a
URL-host cluster. All 7,808 analysis pages yield a
hostname. Primary 95% confidence intervals use
2,000 nonparametric URL-host-cluster bootstrap
replicates. The primary endpoint, primary eligi-
bility rule, and bootstrap procedure were specified
before LID scoring.

An all-page route-loss rate uses all 7,808 anal-
ysis pages. For R € {M,, F.}, route loss occurs
when extractor output is empty or when the pre-
dicted route on R differs from the route on G. The
M. and F, rates compare each representation di-
rectly with G, so a page may lose the G route at M,
and recover it at F,. This all-page rate combines
extraction availability with preservation of the G
route.

The context-flip estimand is primary. Paired ex-
tractor, metadata-stratified, and cross-LID analyses
are secondary. All-page route loss, meta.level
standardization, predicted-route transitions, and
the audit-direction cross-tabulation are exploratory.
The human annotation study then assesses whether
sampled full-page routes are supported by the
benchmark’s human-selected main text.

3)

3.5 Additional analyses

Primary denominators can differ across extrac-
tors because extraction coverage and G—M, route
agreement vary. Within each LID system, the
paired analysis uses the intersection of the three
extractor-specific eligible sets. We call this the
common eligible set. Each extractor pair is evalu-
ated on that identical page set. Percentage-point
differences use 5,000 URL-host-cluster bootstrap
replicates.

A secondary descriptive analysis reports context-
flip rates separately for the fixed snapshot’s en and
non_en metadata values and estimates the non_en
minus en risk difference with 5,000 URL-host-
cluster bootstrap replicates. The snapshot also pro-
vides a three-level complexity field, meta.level
(simple, mid, hard). An exploratory direct stan-
dardization reweights the two metadata strata to
the pooled meta.level distribution among eligi-
ble pages within each extractor—-LID configuration.
The pooled weights are held fixed at their observed
values across 5,000 URL-host-cluster bootstrap
replicates for the standardized risk-difference inter-
vals.

A secondary cross-LID analysis identifies pages
that satisfy the primary eligibility rule for all three
LID systems for a given extractor and counts how
many systems flip on each page. An exploratory
predicted-route transition analysis records the route
on G and the route on F, for every context flip.
It reports the number of distinct predicted-route
pairs, concentration by route pair and URL-host
cluster, and three broad directions: eng—other,
other—eng, and other—other. Here, other denotes
any normalized route other than eng. The page
remains the unit of observation. Confidence in-
tervals in the paired and secondary analyses are
descriptive and unadjusted for multiplicity. Pri-
mary, paired, and metadata-stratified bootstraps
use seed 20260815+k, where k is a fixed analy-
sis/configuration offset. Exploratory all-page inter-
vals use seed 20260920+k, with k indexing the LID
system, extractor, and endpoint. The meta.level
standardization separately uses seed 20260920.

3.6 Human annotation study

The annotation frame contains 737 distinct pages
with at least one context flip across the nine con-
figurations. A simple random sample selects
100 unique pages from this frame using seed
202608152122. When a sampled page contains
several flip events, one event is selected uniformly.
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Each sampled page contributes one annotation item,
giving every sampled page equal weight. We refer
to this as a page-balanced audit. The two three-
person panels work independently. Each panel as-
signs one joint panel-level label per item, drawing
on members’ relevant language knowledge. Relia-
bility therefore compares the two panel outputs.

All six participants were proficient in English.
Across the group, additional language knowledge
included Turkish, Portuguese, French, Japanese,
Chinese, and German at varying proficiency lev-
els. We distributed complementary language back-
grounds across the two panels. Translation tools
were permitted as auxiliary checks. Before annota-
tion, all participants read the same short guideline
and completed five calibration examples drawn out-
side the evaluation sample.

The first task evaluates support for the full-page
route in the human-selected main text. Each item
shows the target route assigned to F,, a G ex-
cerpt of up to 3,000 normalized characters, and
an excerpt-truncation indicator. Extractor identity,
LID identity, URL, M., F¢, and the route assigned
to GG are hidden. supported marks a target route
whose language is dominant in G or forms a sub-
stantial coherent portion of it. unsupported marks a
target route whose language is absent or incidental
in G. indeterminate covers excerpts with insuf-
ficient linguistic evidence or uncertain language
distinctions. We call supported and unsupported
judgments determinate. For target languages out-
side a panel’s direct language knowledge, a deter-
minate judgment requires visible evidence that G is
dominated by another identifiable language. Items
lacking that evidence receive indeterminate. Trun-
cated excerpts with little visible evidence for the
target route also receive the indeterminate label.

The same panels complete a second task that
describes the extraction change across ¢, M., and
F,. Items show the first-task consensus label, the
extractor and LID identities, the three route labels,
and the three text excerpts. added surrounding
text marks full-page output that preserves substan-
tial main-content material and adds surrounding
page material. changed content selection marks
full-page output that drops or replaces substantial
main-content material and selects a different re-
gion. mixed combines both patterns. unclear cov-
ers excerpts with insufficient evidence for a stable
assignment to the other three descriptions.

Panel-level reliability is reported with exact
agreement and Cohen’s . Differences between

the two panel outputs are resolved by consensus.
For the extraction-change task, differing panel judg-
ments are adjudicated item by item with all four
extraction-change labels available. The proportion
of unsupported routes among determinate support
judgments uses a Wilson 95% confidence interval.
An exploratory cross-tabulation relates consensus
support labels to the three predicted-route direc-
tions defined above. It is reported as counts for the
page-balanced audit sample.

4 Results

4.1 Context-flip and all-page route-loss rates

Context flips occur across all nine extractor-LID
configurations. Table 2 gives the exact numerators,
denominators, and URL-host-cluster bootstrap in-
tervals together with the exploratory all-page route-
loss rates and a decomposition of full-page route
loss.

The context-flip rate is 1.10-3.20% among eligi-
ble pages. Magic-HTML has the smallest context-
flip point estimate for each LID system. Across all
7,808 pages, F¢ route loss is 3.48-10.08%. Magic-
HTML returns an empty F, on 5.84% of pages,
compared with 1.09% for Resiliparse and 0.04%
for Trafilatura. These empty outputs account for
58.0-66.3% of Magic-HTML'’s full-page route loss.
Among nonempty F, outputs, disagreement with
G is 4.49-4.50% for Resiliparse and Magic-HTML
under GlotLID, 4.05-4.37% for Trafilatura and
Magic-HTML under OpenLID-v3, and 3.16-4.40%
across the three extractors under CommonLingua.
The bootstrap intervals in Table 2 show substantial
overlap for the close point estimates. The final col-
umn conditions only on nonempty F,, while the
earlier G—F¢ disagreement summary also requires
an M, prediction. Their denominators therefore
differ.

4.2 Paired extractor comparisons

The paired analysis places all three extractors on
the common eligible set within each LID system.
These sets contain 6,218 pages for GlotLID, 6,563
for OpenLID-v3, and 6,652 for CommonLingua.
Table 3 reports the corresponding rates and paired
percentage-point differences.

Across the three LID systems, Magic-HTML
has a lower paired rate than Trafilatura on the com-
mon eligible set. The Magic-HTML—Resiliparse
difference is —0.02, —0.30, and —1.44 percent-
age points for GlotLID, OpenLID-v3, and Com-
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LID Extractor Flips/n Context flip [95% CI] M., loss F, loss [95% CI] F. empty 9(G) # y(Fe) [95% CI]
GlotLID Trafilatura 228/7,132 3.20 [2.78, 3.65] 8.63 10.03 [9.28, 10.85] 0.04 9.99 [9.22, 10.77]
Resiliparse 155/7,333 2.11[1.78, 2.46] 5.85 5.53 [4.98, 6.10] 1.09 4.49 [4.04,5.01]
Magic-HTML 95/6,867 1.38 [1.10, 1.69] 10.63 10.08 [9.38, 10.83] 5.84 4.50 [3.98, 5.03]
OpenLID-v3 Trafilatura 196/7,621 2.571[2.21,2.97] 2.37 4.09 [3.63, 4.56] 0.04 4.05 [3.59, 4.52]
Resiliparse 174/7,370 2.36 [2.00, 2.72] 537 5.25[4.72, 5.79] 1.09 421[3.75,4.71]
Magic-HTML 79/6,865 1.15[0.91, 1.43] 10.64 9.95[9.21, 10.65] 5.84 4.37[3.87, 4.86]
CommonLingua Trafilatura 161/7,647 2.11[1.78,2.45] 2.04 3.48 [3.08, 3.93] 0.04 3.45[3.03, 3.88]
Resiliparse 230/7,428 3.10 [2.68, 3.53] 4.64 5.44 [4.90, 6.01] 1.09 4.40 [3.92, 4.90]
Magic-HTML 76/6,934 1.10[0.84, 1.35] 9.73 8.81[8.16, 9.53] 5.84 3.16 [2.75, 3.58]

Table 2: Context-flip and all-page route-loss rates, in percent. Context-flip denominators contain pages satisfying
the primary eligibility rule. Their intervals use 2,000 URL-host-cluster bootstrap replicates. F, route-loss and
nonempty-output disagreement intervals use 2,000 exploratory URL-host-cluster bootstrap replicates. M, loss and
F, empty are point estimates on all 7,808 pages. The final column is conditioned on nonempty F..

LID Comparison (A-B) Rate A (%) Rate B (%) A [95% CI] n
GlotLID Magic-HTML-Trafilatura 0.95 1.93 —0.98 [—1.35,—0.61] 6,218
Magic-HTML-Resiliparse 0.95 0.96 —0.02 [-0.30,0.27] 6,218
Trafilatura—Resiliparse 1.93 0.96 +0.96 [0.61, 1.31] 6,218
OpenLID-v3 Magic-HTML-Trafilatura 0.99 1.39 —0.40 [—0.69, —0.09] 6,563
Magic-HTML-Resiliparse 0.99 1.30 —0.30 [—0.58, —0.03] 6,563
Trafilatura—Resiliparse 1.39 1.30 +0.09 [—0.22, 0.40] 6,563
CommonLingua Magic-HTML-Trafilatura 0.95 1.34 —0.39 [-0.71, —0.09] 6,652
Magic-HTML—-Resiliparse 0.95 2.39 —1.44[-1.87,—-1.04] 6,652
Trafilatura—Resiliparse 1.34 2.39 —1.05[—1.48, —0.65] 6,652

Table 3: Paired context-flip rates on the common eligible set. Each row compares rate A with rate B. A is A minus
B in percentage points and is computed from unrounded rates. Confidence intervals use 5,000 URL-host-cluster

bootstrap replicates.

monLingua. The Trafilatura—Resiliparse ordering
changes across LID systems.

Context-flip rates are lower on the common eli-
gible set than on the extractor-specific pages it ex-
cludes. For a given extractor, 282-1,115 extractor-
specific eligible pages fall outside the intersection
because at least one other extractor fails eligibility.
Their context-flip rates are 4.61-11.82%. Rates
within the common eligible set are 0.95-2.39%.
Table 3 therefore supports paired comparisons on
the intersection, while Table 2 retains the extractor-
specific and all-page views.

4.3 Released language-metadata strata

The fixed snapshot’s non_en stratum has a higher
context-flip point estimate than the en stratum in all
nine configurations (Table 4). The unadjusted risk
differences are +0.62 to +4.15 percentage points.
Six URL-host-cluster intervals lie entirely above
zero.

The released meta.level distribution differs
across the two strata. Among all 7,808 analy-
sis pages, hard pages account for 30.67% of en
and 24.96% of non_en, while simple pages ac-
count for 28.41% and 40.02%, respectively. Direct

standardization to the pooled meta. level distribu-
tion leaves the non_en—en difference positive in all
nine configurations, at +0.83 to +4.34 percentage
points. Seven standardized intervals lie entirely
above zero.

4.4 Cross-LID overlap

A separate page-level analysis asks whether several
LID systems flip on the same extracted represen-
tation. Table 5 uses pages satisfying the route-
agreement and extraction-coverage conditions for
all three LID systems for a given extractor. At least
two LID systems flip on 1.76% of Trafilatura pages,
1.36% of Resiliparse pages, and 0.70% of Magic-
HTML pages. All three systems flip on 43, 23, and
19 pages respectively.

Most pages with any context flip do so under
only one LID system. A smaller subset flips under
two or all three after the same full-page extraction.

4.5 Predicted-route transitions

Context flips are distributed across many predicted-
route pairs (Table 6). The nine configurations con-
tain 46-115 distinct predicted-route pairs. The
largest share attributable to any one pair is 4.6—
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LID Extractor n (en/non_en) en % non_en % Raw A [95% CI] Standardized A [95% CI]
GlotLID Trafilatura 6,081/1,051 2.78 5.61 +2.83[1.27,4.59] +3.30[1.66, 5.06]
Resiliparse 6,261/1,072 1.82 3.82 +2.00 [0.81, 3.26] +2.50[1.20, 3.96]
Magic-HTML 5,866/1,001 1.28 2.00 +0.72[-0.19,1.77] +0.97 [—0.05,2.07]
OpenLID-v3 Trafilatura 6,503/1,118 2.25 447 +2.23[0.88, 3.75] +2.55[1.20,4.12]
Resiliparse 6,275/1,095 2.20 3.29 +1.09[—0.04, 2.28] +1.31[0.12, 2.59]
Magic-HTML 5,853/1,012 1.06 1.68 +0.62[—0.18,1.48] +0.83[—0.07,1.85]
CommonLingua Trafilatura 6,553/1,094 1.59 5.21 +3.62[2.32,5.07] +4.10[2.69, 5.63]
Resiliparse 6,327/1,101 2.48 6.63 +4.15[2.61,5.78] +4.34[2.74,6.08]
Magic-HTML 5,930/1,004 0.96 1.89 +0.93[0.09,1.91] +1.26 [0.29, 2.32]

Table 4: Context-flip rates by the fixed snapshot’s coarse meta.language field. Raw A is non_en minus en. Both
difference columns are in percentage points. Standardized differences reweight both strata to the pooled meta. level
distribution within each configuration. Intervals use 5,000 URL-host-cluster bootstrap replicates.

Extractor n Any > 2 All3
Trafilatura 6,999 5.04% 1.76% 0.61%
Resiliparse 7,211 5.46% 1.36% 0.32%
Magic-HTML 6,706 2.33% 0.70% 0.28%

Table 5: Cross-LID overlap on pages eligible for all
three LID systems. Columns report the share with at
least one, at least two, or all three LID systems produc-
ing a context flip.

13.2% of flips, and the ten most frequent pairs to-
gether account for 27.0-48.7%. The direction of
the transition also varies by pairing: eng—other
accounts for 28.2-60.0% of flips, other—eng for
15.2-52.3%, and other—other for 19.5-24.8%.
Transitions involving eng account for 75.2-80.5%
across configurations. The English-heavy page dis-
tribution contributes to this concentration.

The leading predicted-route pair changes across
extractor—-LID combinations, and the largest pair
share is at most 13.2% within a configuration. Ex-
amples include eng—glg (Galician), dag—eng
(Dagbani), dan—eng (Danish), eng—ita (Ital-
ian), eng—rus (Russian), and eng— spa (Spanish).
Flips are also dispersed across URL-host clusters:
the largest cluster contributes 1.2-3.2% of flips
across configurations, and the five largest clusters
together contribute 5.6—10.5%.

4.6 Human analysis of sampled flips

Table 7 summarizes the two panel-level annotation
tasks. Route-support judgments agree on 96 of 100
items, with Cohen’s x = .940. The four disagree-
ments are between an indeterminate label and a
determinate label and resolve to indeterminate in
consensus. Consensus yields 35 unsupported, 29
supported, and 36 indeterminate routes. Among the
64 determinate judgments, 54.7% are unsupported
by the human-selected main text, with a Wilson
95% confidence interval of 42.6-66.3%.

Extraction-change judgments agree on 86 items,
with Kk = .721. Consensus assigns 64 pages to
added surrounding text, 22 to changed content
selection, 9 to mixed behavior, and 5 to unclear.
Among the 35 unsupported routes, 18 are added
surrounding text, 10 are changed content selection,
and 7 are mixed. Changed content selection there-
fore appears either alone or as part of a mixed case
in 17 of the 35 unsupported flips.

Table 8 gives one audited context flip. The
human-selected text and the annotated-region ex-
traction contain the same English description. Full-
page extraction contains a shorter English account
description together with Chinese interface strings,
and CommonLingua changes its predicted route
from eng to wuu (Wu Chinese). The panels judge
the full-page route unsupported by G, and the ex-
traction change is labeled mixed. The Chinese inter-
face strings are ti¢zi “Post”, duithua “Conversation”,
X de xin yonghui? “New to X7, liji zhiice “Sign
up now”, chiicuo le “Something went wrong”, and
qing chdngshi chongxin jiazai “Please try reload-

EX]

ing.

A context flip records a changed prediction. The
audit then evaluates whether the route on Fj is
supported by G. Among the 35 unsupported routes,
26 move from predicted eng in GG to another route
in F,, one moves from another route to eng, and
eight move between routes other than eng. Among
the 29 supported routes, 21 move from another
route to eng, two move from eng to another route,
and six move between routes other than eng. These
counts describe the page-balanced audit sample
and are separate from the corpus-level metadata
strata in Table 4.
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LID Extractor Pairs Leading pair(s), n (%) eng—other other—eng other— other
GlotLID Trafilatura 112 eng—glg, 26 (11.4) 49.6 28.1 224
Resiliparse 80 dag—eng, 18 (11.6) 30.3 49.7 20.0
Magic-HTML 67 dag—eng/eng—spa, 5 (5.3) 47.4 31.6 21.1
OpenLID-v3 Trafilatura 115 dan—eng, 9 (4.6) 28.6 51.0 20.4
Resiliparse 101 dan—eng, 13 (7.5) 28.2 52.3 19.5
Magic-HTML 56 eng—spa, 5 (6.3) 48.1 304 21.5
CommonLingua Trafilatura 88 eng—ita, 9 (5.6) 46.6 31.7 21.7
Resiliparse 99 eng—rus, 26 (11.3) 60.0 15.2 24.8
Magic-HTML 46 eng—spa, 10 (13.2) 59.2 19.7 21.1

Table 6: Predicted-route transitions among context flips. Source is the route on GG and destination is the route on F..
Pairs is the number of distinct predicted-route pairs. The GlotLID-Magic-HTML row has two co-leading pairs,
each with five flips. Direction columns are percentages of flips. Route codes are normalized ISO-639-3 model
predictions.

Task Panel A Panel B Consensus Agreement K
Route support 29/35/36 30/38/32 29735736 96% .940
Extraction change 65/24/5/6 67/24/5/4 64/22/9/5 86% 721

Table 7: Panel-level annotation results for 100 sampled context flips. Route-support counts are supported /
unsupported / indeterminate. Extraction-change counts are added surrounding text / changed content selection /

mixed / unclear.

Rep. Route Extracted text (abridged)

G eng Founded in 1898, #PekingUniversity pioneers
intellectual and technological advancements ...
#PKU continues to cultivate world-class innova-
tors and connect global minds.

Founded in 1898, #PekingUniversity pioneers
intellectual and technological advancements ...
#PKU continues to cultivate world-class innova-
tors and connect global minds.

M5 F X EX A 2 SLEREM ... Peking
University was established in 1898. This
account is dedicated to #Peking University’s
global outreach and communications. H£5 T -

EEXERINE -

M. eng

F. wuu

Table 8: A sampled context flip (CommonLingua with
Resiliparse). The route sequence is eng—eng—wuu
(Wu Chinese). Consensus labels the full-page route as
unsupported by G and the extraction change as mixed.

5 Discussion

5.1 How coverage affects extractor
comparisons

The context-flip rate asks how often full-page ex-
traction changes the route after annotated-region
extraction has preserved the route on G. The all-
page route-loss rate also records extraction fail-
ure. Magic-HTML illustrates the distinction: its
context-flip estimates are low, while its lower cov-
erage contributes most of its all-page route loss.
Across LID systems, the nonempty-output inter-
vals overlap at least one other extractor, leaving no
uniform extractor ranking on this endpoint. The

G — M, disagreement summary also shows that
route changes can arise before full-page context is
introduced. The context-flip rate conditions those
cases away.

This pattern complements extraction studies that
track downstream filtering. Li et al. (2026) show
that extractor choice changes which webpages sur-
vive a filtering pipeline. Here, the same page can
also move between language routes after extrac-
tion changes the text presented to LID. Language
routing assigns pages to language-specific corpus
partitions, so a context flip can move a fixed web-
page between partitions and change the material
available downstream.

5.2 Eligibility restricts the paired comparison
population

The common eligible set excludes pages on which
any extractor fails the primary eligibility rule.
Context-flip rates are 0.95-2.39% inside this inter-
section and 4.61-11.82% among extractor-specific
eligible pages left outside it, so the paired differ-
ences describe a more restricted population than
the extractor-specific estimates in Table 2.

5.3 LID input processing

CommonLingua consumes at most the first 512
UTF-8 bytes of extracted text. Full-page extrac-
tion can change the retained content and which
material occupies that fixed input window, so both
effects contribute to the CommonLingua results.
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OpenLID-v3 applies its released normalization be-
fore prediction, while GlotLID receives the nor-
malized extraction directly. The factorial design
therefore measures each extractor—LID combina-
tion using each LID system’s released input pro-
cessing.

5.4 Coarse metadata and human evidence

The coarse non_en contrast remains positive after
standardization to the shared meta. level distribu-
tion. The result is aggregate because the metadata
field pools multiple languages.

The audit separates route changes by support in
(. Among the 29 supported flips, 21 move from an-
other predicted route to English, and the destination
English route is supported by the human-selected
main text. The audit labels the F, route, leaving
the status of the original G route unassessed. This
pattern is consistent with corrective route changes
in part of the sample. Unsupported flips concen-
trate in the opposite direction: 26 of 35 move from
English to another predicted route. The extraction-
change task describes visible changes in the ex-
tracted text: added surrounding material is frequent,
and changed content selection appears in 17 of the
35 unsupported cases. These labels are descrip-
tive. Causal attribution would require controlled
interventions.

6 Conclusion

Changing the HTML context seen by a main-
content extractor can change downstream language
routing even when extraction of the annotated main
region preserves the route on (G. Context flips oc-
cur in all nine extractor—LID configurations. The
all-page analysis shows how extraction coverage
contributes to route loss when some pages yield no
text for LID.

The human audit shows that full-page route
changes are heterogeneous: supported, unsup-
ported, and indeterminate cases all occur, with
visible extraction changes that include added sur-
rounding material and shifts in selected content.
The fixed snapshot’s coarse non_en contrast also
remains positive after standardization to the pooled
meta. level distribution. The context-flip and all-
page analyses show that extraction context can af-
fect text availability and page-level language rout-
ing.

Limitations

The analysis set is English-heavy under the fixed
snapshot’s coarse metadata: 6,646 pages carry en
and 1,162 carry non_en. The non_en field aggre-
gates multiple languages, so the metadata contrast
supports only stratum-level estimates. Individual-
language context-flip rates require finer refer-
ence labels. The transition analysis uses model-
predicted routes and characterizes routing behavior.
LID accuracy estimates require reference language
labels aligned with the evaluated inventories.

The extractor comparison covers Trafilatura, Re-
siliparse, and Magic-HTML. Neural extractors
such as Dripper (Liu et al., 2026) form an addi-
tional model family for future cascade evaluation.
Context-flip rates depend on extractor-specific el-
igibility, and the paired analysis further restricts
evaluation to the common eligible set. The all-page
route-loss rate counts an empty output as route loss,
so extraction availability contributes directly to that
endpoint. CommonLingua’s 512-byte input limit
also means that extraction changes can alter which
text falls inside the model’s observed prefix.

The human study samples 100 pages from the
737 pages with at least one context flip. Each page
receives equal sampling weight and contributes
one selected flip event. The resulting direction
counts describe this page-balanced audit sample.
Corpus event-weighted direction rates fall outside
the sampling design. Support judgments use ex-
cerpts of the human-selected main text, and 36
items remain indeterminate after consensus. The
later extraction-change task exposes the system
identities, route labels, and all three excerpts, so its
labels are descriptive accounts of visible extraction
changes. Controlled HTML interventions would
support finer attribution to individual page regions.

Ethical Considerations

The study uses webpages and human-selected con-
tent distributed through WebMainBench (Open-
DatalLab, 2026b). Six student volunteers partic-
ipated without compensation, and all provided in-
formed consent before taking part. The human
evaluation was conducted using short benchmark
excerpts, with URLs withheld during the route-
support task.
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