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Abstract

Large language models (LLMs) rely heavily on web-derived
training datasets, yet understanding how filtering and curation
decisions affect these datasets remains challenging. This pa-
per presents two complementary datasets designed to enable
systematic analysis of LLM training data composition. The
first dataset captures domain-level statistics across 96 Com-
mon Crawl snapshots, providing baseline data about web con-
tent distribution before filtering. The second dataset contains
standardized URL information from three major LLM train-
ing corpora (C4, Falcon RefinedWeb, and CulturaX), allow-
ing researchers to analyze how different filtering approaches
affect content inclusion. By making these datasets publicly
available in a consistent format, we aim to (1) facilitate re-
search into training data composition, (2) enable systematic
auditing of filtering effects, and (3) support more transpar-
ent approaches to dataset development. Our datasets can help
researchers investigate questions related to content diversity,
source representation, and the impact of different filtering de-
cisions on training data composition. Overall, this work pro-
vides a foundation for understanding how curation choices
shape the content that ultimately trains widely-deployed lan-
guage models.

1 Introduction

The rise of large language models (LLMs) in machine learn-
ing has increased demand for high-quality digital text. In
particular, models like GPT-4, Llama 3, and Gemini require
enormous amounts of diverse training data (Achiam et al.
2023; Dubey et al. 2024; Team et al. 2023). Consequently,
the the contents of this training data has been scrutinized
both in academic research (Dodge et al. 2021; Bandy and
Vincent 2021; Birhane, Prabhu, and Kahembwe 2021) and
the popular press (Queen 2023; Seetharaman 2024).

Often these LLM training datasets do not collect text di-
rectly from the web, but rather filter and re-combine exist-
ing data sources such as Common Crawl. However, beyond
high-level model performance, the actual effect of the many
filters, re-combinations, and refinements applied to these
datasets remains an open question. Empirical evidence has
demonstrated ample opportunities for bias to arise in large
text corpora, intentionally or not (Gururangan et al. 2022),
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as training data tends to lack documentation and presents ho-
mogeneous, biased perspectives (Bender et al. 2021). When
open-source datasets simply recombine an already biased
dataset toward some measure of LLM data quality, without
considering aspects like homogeneity, diversity, or factual-
ity, they risk recreating biases and other issues in their train-
ing data.

To understand these potential biases and enable system-
atic investigation of training data composition, researchers
need tools and frameworks for analyzing large-scale text
collections. Currently, dataset documentation often focuses
on technical metrics and high-level statistics, leaving impor-
tant questions about content characteristics, source diversity,
and representativeness unexplored. This gap is particularly
notable given growing concerns about consent and repre-
sentation in training data (Longpre et al. 2024a), alongside
questions about how filtering and quality metrics affect the
diversity of perspectives included.

This paper presents a framework and collection of
datasets for investigating the composition of LLM training
data, with a particular focus on understanding how filtering
and recombination affect content representation. We first de-
velop a pipeline to collect aggregate data about the domains
present in 96 Common Crawl snapshots. These snapshots
overlap with the data collection window leveraged by a num-
ber of popular LLM training datasets derived from Common
Crawl, thus allowing researchers to directly analyze how fil-
tering decisions affect dataset compositions. We also col-
lect and compile URL information from three major LLM
datasets, in a consistent format, as a resource for conducting
comparison analyses in practice. Finally, we demonstrate a
potential application of these datasets, with an examination
of New York Times articles included in C4 and correspond-
ing Common Crawl data.

These datasets provide a foundation for systematic inves-
tigation of LLM training data composition. The combina-
tion of longitudinal Common Crawl domain data and stan-
dardized URL information from major LLM datasets en-
ables researchers to analyze filtering effects, track source
inclusion patterns, and examine how different approaches
to dataset curation affect content representation. By mak-
ing these resources publicly available in a consistent, doc-
umented format, we aim to facilitate broader research into
training data composition and support more transparent ap-



proaches to dataset development.

2 Background

The growing prominence of large language models has
sparked increased scrutiny of their training data, particu-
larly regarding issues of quality, bias, and representation.
As models scale to process trillions of tokens, understanding
the composition and characteristics of these massive training
datasets becomes increasingly critical. Yet despite their im-
portance, LLM training datasets often lack comprehensive
documentation about filtering decisions, content representa-
tion, and potential biases. This opacity poses challenges for
researchers attempting to analyze how different approaches
to dataset curation affect model performance and fairness.
Recent work has highlighted various concerns about web-
scraped training data, from issues of consent and copyright
to questions about data quality and demographic represen-
tation. However, systematically investigating these issues
requires tools and frameworks that can efficiently analyze
large-scale text collections at both broad and granular lev-
els.

LLM Training Data Challenges

The task of training large language models presents a num-
ber of data-related challenges, many of which have yet to be
fully addressed. At the most basic level, LLMs require a vast
amount of training data in order to perform well on various
benchmarks (Achiam et al. 2023). This has forced dataset
curators to operate at ever-increasing scales to collect, fil-
ter, and validate training data. As Sambasivan et al. (2021)
observed, this process of data curation has been an under-
valued aspect of machine learning research, leading to many
practices that may not be optimal for large-scale models.

One area of concern is related to legal and ethical con-
siderations about different types of content in LLM training
data. For example, researchers have found that models can
memorize and reproduce sensitive personal information con-
tained in training data (Carlini et al. 2021). Many LLM train-
ing datasets contain material from authors who did not give
clear permission or consent to use their material for the pur-
poses of training LLMs. As the landscape evolves in terms
of copyright and fair use, the ability to identify specific con-
tent used to train specific models will be critically important.

Another common practice in LLM training data is to de-
rive datasets from existing datasets, rather than directly de-
signing and creating new training material. Major training
datasets such as C4, Falcon RefinedWeb, and FineWeb all
derive from Common Crawl—a free, Internet-scale database
of web pages available through a flexible limited license
agreement.l Some datasets, such as The Pile (Gao et al.
2020) and Dolma (Soldaini et al. 2024), include multiple
sources and use Common Crawl as a main source of content
alongside other inputs. As these datasets are derived from
vast, unfiltered sources, they may be subject to a number of
quality issues related to data freshness, diversity, bias, and
more.

"https://commoncrawl.org/terms-of-use
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Quality in LLM Training Data

The quality of LLM training data is key to model
performance—in many cases, more so than the quantity of
data used (Longpre et al. 2024c; Gunasekar et al. 2023). This
creates a tension, wherein model trainers must strike a bal-
ance between collecting enough data for training an LLM
to generate coherent outputs, while also ensuring that the
included data are of high enough quality to support LLM
performance across domains.

The first step in reaching this balance is defining what
high-quality training data look like. Such definitions vary
greatly, and tend to focus on aspects of desired model per-
formance. At a high level, researchers deploy heuristics of
quality—desirable training data might be written and edited
by humans (Albalak et al. 2024), or it might be synthetic
data that follows a certain form or structure (Gunasekar
et al. 2023). If a model is geared toward a specific do-
main (e.g., programming), quality training data may focus
on well-crafted examples of a specific type of text (e.g.,
source code — Hui et al. 2024). These varied definitions
of quality underscore that training data selection is inher-
ently tied to the intended capabilities and applications of the
resulting model. These intentions then inform the approach
that model builders take to crafting pipelines that identify
and retrieve high-quality text from large corpora in practice,
via either heuristic approaches or machine learning models
(Brown et al. 2020; Rae et al. 2022).

However, quality cannot be defined along one dimension,
or measured and implemented with one single approach.
Model builders must confront trade-offs among a range of
desirable characteristics related to diversity, timeliness, and
toxic content (Yu et al. 2024). These trade-offs often create
direct tensions in the filtering process. For example, aggres-
sively filtering for toxicity may disproportionately remove
content about marginalized groups or social justice issues,
thus reducing text diversity (Dodge et al. 2021). These kinds
of considerations can vary drastically depending on the spe-
cific task at hand. Whether a model is used for hate speech
identification (Yin et al. 2023), value judgments (You and
Suh 2024), persuasion (Breum et al. 2024), content moder-
ation (Kumar, AbuHashem, and Durumeric 2024), or other
use cases, it is important for model builders to intentionally
curate training data in a way that aligns with the desired use
case.

The vast quantity of LLM training data creates a situa-
tion where dataset quality is not measured directly. Instead,
dataset curators use some kind of proxy, either in relation
to heuristic characteristics of the data itself that will impact
the model (Brown et al. 2020), or in relation to some quan-
tification of model performance. The latter approach relies
on benchmarks, which, while useful at a high level, are of-
ten an imperfect representation of only some of a model’s
functions (Davis 2024; Reuel et al. 2024). As a result, the
process of data curation for model training is subject to nu-
merous researcher degrees of freedom. Researchers make
decisions about which benchmarks will best capture model
performance, which characteristics of text data will have the
most direct relationship to those benchmarks, and how to op-
erationalize filters on those characteristics. These decisions



Dataset Common Crawl Range

Citation

C4 English CC-MAIN-2019-18

Falcon RefinedWeb CC-MAIN-2013-20 — CC-MAIN-2023-06
FineWeb CC-MAIN-2013-20 — CC-MAIN-2024-18
MADLAD-400 CC-MAIN-2013-20 - CC-MAIN-2022-27
DCLM CC-MAIN-2013-20 — CC-MAIN-2022-49
Dolma CC-MAIN-2020-05 — CC-MAIN-2023-06

(Raffel et al. 2020)
(Penedo et al. 2023)
(Penedo et al. 2024)
(Kudugunta et al. 2023)
(Li et al. 2024)
(Soldaini et al. 2024)

Table 1: Common Crawl snapshot ranges used in a sample of major language model training datasets

ultimately determine the contents of the training corpus. And
while these decisions rely on expert assessment, LLM train-
ing datasets are typically vast and heterogeneous, limiting
what humans can directly evaluate. The process raises ten-
sions across domains, genres, and quality considerations, as
well as opportunities for various kinds of bias and other un-
desirable characteristics to propagate in curated datasets.

Ultimately, heuristic decisions made during dataset cura-
tion can include data which is not aligned with the desired
model performance (or, conversely exclude data which is
aligned aligned with desired performance). The datasets de-
scribed in this paper allow researchers to further explore this
possibility, enabling more fine-grained analysis of the con-
tents of LLM training corpora.

Dataset Documentation

Documenting the dataset construction process has become
crucial for model builders and researchers. Building on the
notion of “technical debt” (Zazworka et al. 2013), Bender
et al. (2021) identified “documentation debt” as a critical
issue in developing and maintaining large language models.
This documentation debt manifests in two key ways: First,
in the absence of clear records about what filtering decisions
were made and why, and second, in the lack of systematic
analysis regarding how these decisions affect the resulting
dataset’s composition and characteristics.

The implications of documentation debt are particularly
significant for large training corpora. When datasets are
sparsely documented, it becomes difficult to understand po-
tential biases in model performance or navigate legal and
copyright requirements. For example, dataset documenta-
tion can help characterize different types of bias—in med-
ical imaging datasets, documentation has revealed how dis-
parities can stem from prevalence, presentation, and annota-
tion practices (Jones et al. 2024). Similarly, as the legal land-
scape around training data evolves, robust documentation of
data provenance and filtering decisions will likely become
increasingly important for compliance.

Several approaches have emerged to address these doc-
umentation challenges. Some researchers have created ret-
rospective documentation for widely-used datasets, such as
identifying qualitative “genealogies” for datasets like Im-
ageNet (Denton et al. 2021), or tracing origins and trans-
formations of datasets throughout their “life cycles” (Koch
et al. 2021). These genealogies can reveal how initial cura-
tion decisions propagate through derivative datasets, poten-
tially amplifying certain biases or gaps in coverage.
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Datasheets offer another strategy for standardizing dataset
documentation (Gebru et al. 2021; Hutchinson et al. 2021).
By reporting key characteristics such as funding sources,
acquisition processes, and descriptive statistics about the
dataset’s composition, datasheets support transparency and
reproducibility in machine learning research. They also pro-
vide a framework for documenting the specific filtering and
transformation steps applied during dataset creation, help-
ing future users understand how the dataset’s contents may
have shifted from its source material. However, even with
these documentation frameworks, capturing the full impact
of curation decisions remains challenging. The scale of these
datasets makes comprehensive documentation of filtering ef-
fects impractical, and the interaction between different filter-
ing steps can be complex. Moreover, while documentation
can reveal what steps were taken, it may not fully capture
how these steps affect specific domains or types of content.
The datasets described in this paper can help address these
questions.

Data Sources and Datasets

One characteristic that unites many LLM training corpora
is the recycling of raw data to create derivative datasets. In
particular, many curated corpora use the Common Crawl—
an Internet-scale, freely-available database of web pages—
as their source of raw data. The RefinedWeb dataset, used to
train the Falcon series of LLMs, is made up entirely of data
which was cleaned and filtered from the Common Crawl
(Penedo et al. 2023). Similarly, the C4 dataset is derived
from one month (April 2019) of Common Crawl web pages,
and FineWeb is built from 96 snapshots of Common Crawl
data (Raffel et al. 2020; Penedo et al. 2024).

Some training datasets combine a variety of sources—The
Pile, for example, contains ebooks, Wikipedia pages, med-
ical documents, and other domain- or medium-specific text
alongside a substantial amount of web data from the Com-
mon Crawl (Gao et al. 2020). But often, even the datasets
that rely on a broader mix of data ultimately trace back a
substantial number of documents to the Common Crawl.
Dolma, for example, is a dataset that relies on Common
Crawl directly. It also incorporates data from the C4 and Re-
finedWeb corpora, two datasets that themselves are entirely
made up of Common Crawl text (Soldaini et al. 2024).2

2For a summary of the data sources contained in Dolma 1.7, see
https://allenai.org/blog/olmo- 1-7-7b-a-24-point-improvement-
on-mmlu-92b43£7d269d



Given that large pretraining datasets largely rely on com-
mon sources of web text, their differentiation comes from
the curation decisions made by dataset creators. Content
mix, for example, can vary: While one dataset may rely
entirely on web text, another might incorporate a blend of
preprints, coding examples, and ebooks, among other for-
mats, alongside its large dump of Common Crawl pages
(Soldaini et al. 2024; Gao et al. 2020). The relative weight
that various sources have in the mix of training data can af-
fect the extent to which they influence model behavior.

Another point of differentiation involves the unique fil-
tering, deduplication, and transformation approaches used
to construct each dataset. C4 uses a range of heuristic rules
(e.g., removing lines without a terminal punctuation mark,
discarding pages with fewer than three sentences) as well as
a classifier to identify English-language documents (Raffel
et al. 2020). FineWeb adopts the C4 filters, as well as addi-
tional URL filtering and heuristics for quality (Penedo et al.
2024). Falcon RefinedWeb uses a similar mix of URL filters
and document-level heuristics (Penedo et al. 2023).

These interconnected challenges around training data
quality, documentation, and analysis point to a clear need
for systematic approaches to understanding LLM train-
ing datasets. While existing documentation efforts have
improved transparency around dataset construction, re-
searchers still lack efficient tools for analyzing how filtering
decisions and quality metrics affect content representation
across massive web-scale corpora. The datasets presented in
this paper aim to address this gap by providing standard-
ized, queryable information about both raw web crawl data
and the filtered datasets derived from it. By enabling direct
comparison between Common Crawl snapshots and major
training corpora, these resources can support investigation
of critical questions about content diversity, source repre-
sentation, and the effects of different filtering approaches.
This type of systematic analysis is essential not only for un-
derstanding existing datasets but also for developing more
transparent and intentional approaches to dataset curation as
language models continue to grow in scale and importance.

3 Dataset Generation Methods

While LLM training datasets are primarily valued for their
text content, understanding their composition requires ana-
lyzing metadata like URLs and domains. This source infor-
mation provides crucial insights into content origin, diver-
sity, and potential biases in training data. However, compre-
hensive analysis of these datasets presents significant techni-
cal challenges due to their scale. Common Crawl snapshots
contain billions of records, while derived training datasets
often include hundreds of millions of documents. The sheer
volume of text data makes direct analysis computationally
intensive and often impractical.

To make these datasets more amenable to systematic au-
dit and analysis, we extract and compile URL and domain
information from both raw Common Crawl data and derived
training datasets. Our approach uses SQL queries, provid-
ing an efficient and replicable method for processing data at
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Dataset Size (GB)
Common Crawl total (96 snapshots) 312GB
Common Crawl median snapshot 3GB
CulturaX URLs 395GB
Falcon RefinedWeb URLs 51GB
C4 English URLs 20GB

Table 2: Dataset sizes in compressed gigabytes (GB)

this scale.> We focus on two complementary data collection
efforts that together enable investigation of how filtering de-
cisions affect training data composition.

The first collection effort focuses on Common Crawl
data. Common Crawl is structured as a series of periodic
snapshots, each representing a complete web crawl. These
snapshots serve as the foundation for many LLM training
datasets, which typically combine and filter content from
multiple crawls. Each snapshot is also extremely large, mak-
ing them difficult to process for downstream analysis—the
December 2024 crawl, for example, contains 394 TiB of
uncompressed data, encompassing 2.64 billion web pages
(Nagel 2024).

Our goal in processing these snapshots is to allow
straightforward querying of record identifiers, separated
from the network bandwidth and compute considerations
required to process the full text corpora. To do so, we use
Amazon’s Athena query engine to access Common Crawl’s
publicly available index data on S3. Because of the scale
of each snapshot, we aggregate records at the domain level,
computing the total number of pages included from each
source domain. We store the resulting domain-level statis-
tics for each snapshot as separate datasets on HuggingFace*,
providing a baseline for analyzing how subsequent filtering
affects source distribution. We collect data from 96 Com-
mon Crawl snapshots, covering the time period leveraged
by many prominent training datasets (see Table 1).

Our second collection effort focuses on extracting record
identifiers, in the form of URLs, from widely-used train-
ing corpora that derive text from Common Crawl. We se-
lect training corpora to include by searching HuggingFace
for large-scale, curated collections that have been used to
train widely-deployed language models. For this initial im-
plementation of our collection approach, we focus on three
datasets: the English variant of C4 (Raffel et al. 2020), Fal-
con RefinedWeb (used to train the Falcon family of LLMs—
Almazrouei et al. 2023; Penedo et al. 2023), and multilin-
gual corpus CulturaX (Nguyen et al. 2024).

For each dataset, we collect the complete set of URLSs
from their repositories on Hugging Face using the DuckDB
database engine (Miihleisen and Raasveldt 2025). Because
these corpora are smaller in scale than the Common Crawl
data they rely on, we preserve the raw URLs from these de-
rived datasets. This granular data enables researchers to both

3hitps://github.com/NHagar/cc-genealogy
“https://huggingface.co/collections/nhagar/cc-domain-counts-
67645a737b7a300ad3ab539f



compute domain-level statistics and conduct more detailed
analyses of content inclusion patterns.

All collected data are stored in standardized formats on
HuggingFace’, with unique DOISs for each Common Crawl
snapshot and derived dataset. By providing efficient access
to source information from both raw web crawls and filtered
training datasets, these resources enable systematic investi-
gation of how dataset curation decisions affect content rep-
resentation in LLM training data.

To the extent possible given the computation requirements
of processing data at scale, we host these datasets with mini-
mal preprocessing to allow for open-ended analysis across a
range of interest areas. While the resulting datasets are still
large (see Table 2), we hope that separating record iden-
tifiers, in the form of URLs and domains, from the mas-
sive corpora of text used to train LLMs makes auditing, de-
scribing, and analyzing the text underpinning state-of-the-art
models more tractable for a broader range of researchers.

4 Dataset Description

Our collection comprises two datasets that together enable
detailed analysis of LLM training data composition. The first
captures 582 million unique domains across 96 Common
Crawl snapshots, encompassing 310 billion total URLs. The
second contains approximately 8 billion URLs from three
prominent LLM training corpora, detailed in Table 4.

Common Crawl The Common Crawl snapshots reveal
the raw material that training datasets are built from. Like
many web-scale collections, these snapshots show a heavy-
tailed distribution of content, but with interesting hetero-
geneity. For example, in the most recent snapshot in our
collection (CC-MAIN-2024-18), the top 10 domains only
make up 0.06% of records, but they contribute a median
203,000 URLs each. This is far higher than the median do-
main overall, which only contributes 4 records. The 10 most
prevalent sites for this snapshot (Table 3) highlight the range
of sources included in the crawl: government resources,
academic publications, user-generated content, and even e-
commerce all contribute a large number of pages. This dis-
tribution gives us a window into Common Crawl’s crawling
patterns and provides crucial context for understanding sub-
sequent filtering decisions.

Training corpora Our derived datasets let researchers di-
rectly compare this raw web data against the cleaned ver-
sions used in model training. The filtered English version
of the C4 corpus, for example, contains 365,000,500 URLs,
12% of what appears in its source Common Crawl snap-
shot. These comparisons can reveal how curation reshapes
content distribution. For example, while nytimes.com makes
up 0.02% (640,000 records) of the relevant Common Crawl
snapshot, this share grows to 0.05% in C4 (170,000 records).
By querying the index of this Common Crawl snapshot, we
can also retrieve the underlying nytimes.com URLs. This re-
veals a shift in distribution across site sections in the curated
dataset, when looking at all sections that make up at least

Shttps://huggingface.co/collections/nhagar/lim-training-urls-
67645294115fa772cb1f89f8
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Domain URLs Percentage (%)
www.ncbi.nlm.nih.gov 326,881 0.10
social-plugins.line.me 258,385 0.08
sso.sagepub.com 240,557 0.07
pubmed.ncbi.nlm.nih.gov 221,504 0.07
www.youtube.com 210,548 0.06
access.line.me 194,863 0.06
sites.google.com 185,125 0.06
learn.microsoft.com 179,461 0.05
dx.doi.org 172,390 0.05
us.vestiairecollective.com 171,577 0.05

Table 3: Top 10 domains by number of URLs in the CC-
MAIN-2024-18 snapshot

Difference in Section Distribution between C4 and Common Crawl

archives
business
magazine
books
classified

movies
technology
travel
science
style
opinion
arts
nyregion
us
sports
world

Section

-0.04 -0.03 -0.02 -0.01 0.00 0.01

Difference in Proportion (C4 - CC)

Figure 1: Differences in content distribution across sec-
tions between C4 and Common Crawl datasets. Positive val-
ues (blue) indicate higher representation in C4, while nega-
tive values (red) show sections more prevalent in Common
Crawl. Notable differences include C4’s underrepresenta-
tion of archive content and over representation of sports and
world news.

1% of New York Times pages in either dataset: The curated
C4 dataset relies less on archival coverage, while increasing
the proportion of articles from sections like U.S. and world
news, sports, and New York regional coverage (Figure 1).

FAIR Principles Our datasets follow FAIR principles de-
scribed by (FORCE11 2020). The data are Findable through
persistent URLs Hugging Face, including through organized
collections. Each collection has a descriptive title and is
linked in our paper. The data are Accessible through Hug-
ging Face interfaces and APIs, such that researchers can ac-
cess the data with common tools. In terms of Interoperabil-
ity, the datasets use standardized formats and clear schema.
Finally, the datasets are Reusable given the documentation
provided for this paper, standardized data formats, and cita-
tion information for source datasets.
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Figure 2: Visualization of Common Crawl snapshot statistics from 2013 to 2024, showing total URLs (top) and unique domains

(bottom) in each snapshot.

Dataset Records Notable Model(s) License
CulturaX 7,184,124,703  Stable LM 2 family (Bellagente et al. 2024)  odc-by/cc0-1.0
Falcon RefinedWeb 968,000,015  Falcon family (Almazrouei et al. 2023) odc-by

C4 (English) 365,233,500 LLaMA (Touvron et al. 2023) odc-by

Table 4: Record counts, language models trained, and licenses for Common Crawl-derived corpora. These datasets represent
influential examples of filtered and curated web text that has been successfully deployed in training large language models.

5 Discussion
Limitations

The datasets described in this paper are subject to a number
of limitations. Common Crawl summary statistics are at the
domain (host name) level, so some analyses may need to use
raw index files from Common Crawl to analyze data at the
URL level.

While the datasets described in this paper are intended for
analytical and research purpose, there is also potential for
misuse of the data. While we do not include the text asso-
ciated with the URLs in the dataset, URLs themselves can
sometimes be used to reconstruct private information. Fur-
thermore, the list of URLs could be used to scrape content
from websites without regard for robots.txt files and other
mechanisms for consent. In our view, the risks associated
with publishing the datasets described in this paper are no
greater than the risks associated with the existing published
datasets.

Future Work

We anticipate the datasets in this paper can support a wide
range of future research to deepen our understanding of web-
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based datasets. The structure of these datasets is especially
well-suited for comparing different datasets or analyzing the
evolution of a single dataset, as well as several other areas
of research.

The broad, looming question about LLM training datasets
is the extent to which they capture a useful sample of text
data available on the internet. In the context of large-scale
social media data, researchers regularly analyzed sampled
datasets to see if they captured a valid representation of the
entire platform (Pfeffer et al. 2023). Similarly, while LLM
training datasets may not want a statistically representative
sample of the entire internet, researchers and practitioners
would benefit from further analysis regarding how these
sampled datasets compare to the entire internet, for example,
by comparing it to the Common Crawl baseline described in
this paper.

The potential for comparing different LLM training
datasets may also be especially fruitful. Although dataset
documentation efforts have improved in recent years, these
efforts tend to focus on individual datasets. By analyzing the
distribution and concentration of different web domains in
these datasets, researchers can identify distribution patterns



and potentially determine the curation decisions that af-
fect those distributions. Ideally, these findings would lead to
more fruitful, evidence-based practices in large-scale dataset
curation.

More granular analyses could focus on the different types
of domains represented in the datasets (e.g. news, legal, aca-
demic, social, etc.), or even the specific topics in the datasets.
Such analyses could determine topical gaps in a dataset—
for example, a model trained for code generation would ide-
ally be trained on a wide range of programming languages
and paradigms. A topical analysis would reveal how differ-
ent languages and paradigms are represented in the training
data.

Another compelling research direction involves analyz-
ing the role of news content in these datasets. Because text
from news publishers follows journalistic standards of struc-
ture, factuality, and more, “high-quality” datasets may dis-
proportionately rely on text from news publishers (Gururan-
gan et al. 2022; Longpre et al. 2024b). Future work may
analyze the representation of different types of news pub-
lishers in these training datasets, from major national outlets
to local news sources.

Because news articles are often written for (or about) spe-
cific locations, geographic analysis presents another com-
pelling area for future work. Researchers might label URLs
or domains with their associated location to analyze geo-
graphic representation in these datasets. By identifying over-
represented or under-represented locations, such analyses
may help future dataset curators improve geographic rep-
resentation (Thelwall and Vaughan 2004).

Related to geographic representation is the question of
linguistic representation. Datasets that include multiple lan-
guages could be analyzed to validate representation and
compare text quality in different languages. As with the
example of programming languages, a multi-lingual model
may have gaps in training data that diminish performance in
specific languages.

Finally, alongside comparative work and analyses focused
on topical representation, news, geographic distributions,
and linguistic representation, future work could trace the
evolution of training data over time. Such work could fol-
low the example of Longpre et al. (2024a), which showed
that a growing proportion of web domains are explicitly opt-
ing out of sharing their data for LLM training. By track-
ing how data passes from Common Crawl into derivative
datasets and even different versions of those datasets, re-
searchers and practitioners can gain a deeper understanding
of these vast datasets.

In addition to advancing our understanding of existing
datasets, this future work can improve the development of
future datasets. By identifying existing patterns and gaps,
curators can make evidence-based decisions about what to
include in LLM training datasets in order to support desired
performance.

6 Conclusion
This paper presents two complementary datasets designed
to enable systematic analysis of LLM training data com-
position and curation. By providing domain-level statistics
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across 96 Common Crawl snapshots alongside standard-
ized URL information from major training corpora, these re-
sources create new opportunities for investigating how filter-
ing decisions shape the content that ultimately trains widely-
deployed language models. The datasets support a range of
critical analyses, from examining source diversity and rep-
resentation to understanding how different quality metrics
and filtering approaches affect content inclusion. As con-
cerns about training data consent, quality, and bias continue
to grow, the ability to systematically analyze dataset compo-
sition becomes increasingly vital. These datasets provide a
foundation for more transparent and intentional approaches
to dataset curation, enabling researchers to investigate how
different filtering decisions impact content representation
and potentially influence model behavior. Looking ahead,
we anticipate these resources will support crucial research
into training data composition, help identify potential gaps
or biases in existing datasets, and inform the development
of more robust and well-documented approaches to creating
training corpora for future language models.

Code — https://github.com/NHagar/cc-genealogy
Datasets (Common Crawl) —

https://huggingface.co/collections/nhagar/cc-domain-
counts-67645a737b7a300ad3ab539f

Datasets (LLM Corpora) —
https://huggingface.co/collections/nhagar/llm-training-
urls-67645a94115fa772cb1{89f8
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