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Part I

Introduction and Scientific Motivation

Part 11

The Evolution of Computer Science

1. The disciplinary structure of computer science

Any claim that computer science has been transformed since late 2022 presupposes a map of the
discipline on which the transformation can be located. That map is not given by nature. Computer
science is organised simultaneously by its objects (processors, programs, data, networks, users),
by its methods (proof, construction, measurement, learning), and by the communities and venues
through which results circulate; the three organisations overlap only partially, and every bibliometric
classification is a compromise among them. This section describes the compromise adopted in the
present study and the alternatives against which it must be read. It serves two purposes for the
remainder of the manuscript: it fixes the vocabulary of areas and categories used in Parts V-IX,
and it makes explicit the sense in which a “shift of research toward artificial intelligence” is a

measurable proposition rather than a slogan.

1.1. Classification schemes and what they encode

Four classification systems are relevant to a corpus of the kind assembled here, and they encode the
structure of the discipline in different ways.

The ACM Computing Classification System (CCS) is the only one produced by a professional
society as an explicit ontology. Its 2012 revision replaced the 1998 four-level scheme with a
poly-hierarchy of roughly two thousand concepts organised under about a dozen top-level nodes,
among them “Theory of computation”, “Computing methodologies” (which houses artificial intel-
ligence, machine learning, computer graphics and simulation side by side), “Computer systems
organization”, “Software and its engineering”, “Security and privacy”, “Human-centered computing’
and “Networks” (Rous, 2012). The CCS is a statement of how the ACM understood the field

in 2012. It is applied by authors at submission time, is used almost exclusively in ACM venues,

’

and is therefore sparse in any corpus that spans IEEE, Springer, Elsevier, open-access publishers
and preprint servers. Its value for this study is conceptual rather than operational: it provides an

independent, expert-designed reference against which the forty categories of CLAUDE.md, §4 can
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be positioned, and it documents a pre-transformer view in which large language models, foundation
models, Al agents and Al safety do not exist as concepts at all.

The arXiv subject classes are the second system. arXiv was created in 1991 for high-energy
physics and its taxonomy reflects that origin; the computer science archive (cs) is organised into
forty subject classes largely inherited from the ACM scheme of the 1990s (Ginsparg, 2011). Authors
choose a primary class and may add cross-lists, so the classification is self-reported, multi-label,
and coarse. Its distinctive property is temporal: a preprint is classified at the moment of submission,
before peer review, so the arXiv class records how authors positioned their work at the time, not
how a later indexer reconstructed it. For the questions of this paper that property matters: when a
paper on, say, program verification with language models is submitted to cs.PL with a cross-list to
cs. LG, the pair of classes is a small but genuine piece of evidence about disciplinary boundaries as
practitioners perceive them.

The DBLP computer science bibliography is the third. DBLP does not classify papers at all; it
classifies venues. Begun in 1993 as a database and logic programming bibliography and extended
to the whole of computer science, it records the tables of contents of conferences and journals with
curated author identities (Ley, 2002). Membership in DBLP is itself a judgement that a venue
belongs to computer science, and the venue stream to which a paper belongs is a strong signal of
community: a paper in the proceedings of OSDI is an operating-systems paper in the sociological
sense whatever its subject matter. DBLP therefore encodes the discipline as a set of communities
rather than as a set of topics, and the two encodings disagree precisely where this paper expects
change, namely where machine-learning methods enter venues that were not built for them.

The fourth system is the family of algorithmic, citation-based classifications that underlie
modern open bibliographic indexes. OpenAlex, which succeeded the Microsoft Academic Graph
after the latter was discontinued at the end of 2021 (Wang et al., 2020; Priem et al., 2022), assigns
to every work a ranked list of fopics from a fixed vocabulary of about 4,500 topics grouped into
subfields, fields and domains; the topics were obtained by clustering the citation network and
labelling the clusters with a language model, and are assigned to new works by a classifier over title,
abstract and venue (OpenAlex, 2024). The approach descends from the publication-level clustering
methodology of Waltman and van Eck (2012), refined by the Leiden community-detection algorithm
(Traag et al., 2019), and it inherits the known properties of that family: clusters are well connected
and reproducible, but their granularity is a free parameter with no natural value (Sjogarde and
Ahlgren, 2018), and citation-based taxonomies, while more accurate than text-based or journal-based
ones on average (Klavans and Boyack, 2017), lag behind the literature by construction because
a cluster must accumulate citations before it can exist. The Semantic Scholar academic graph
offers a comparable but differently constructed resource (Kinney et al., 2023). Older, journal-based

classifications of the kind proposed by Glidnzel and Schubert (2003) remain in use in evaluative
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scientometrics but are too coarse, and too journal-centric, for a conference-dominated discipline.
Each of these systems is a model of the discipline with its own inductive bias. The CCS encodes
expert judgement frozen in 2012; arXiv classes encode author self-positioning at submission; DBLP
streams encode venue communities; OpenAlex topics encode citation neighbourhoods as of a recent
snapshot. None of them is ground truth, and this study treats their disagreements as data rather than

as noise.

1.2. The forty-category ontology of this study

The classification used throughout the manuscript is the hierarchical ontology that the project
mandate specifies (CLAUDE.md, §4) and that Phase 2 built (Appendix A). It comprises forty leaf
categories grouped into eight areas: artificial intelligence and machine learning (nine leaves, from
large language models to Al safety); perception, language, robotics and interaction (six); software,
programming languages and formal methods (four); theory of computation (two); data, information
and distributed systems (six); security, privacy and trust (five); hardware, architecture and emerging
computing (five); and computational science and discovery (three). A small number of specialisation
edges record that one leaf refines another: large language models and multimodal Al refine
foundation models; compilers refine programming languages; cloud and edge computing refine
distributed computing; federated learning refines privacy-preserving computation; Al accelerators
refine computer architecture. The areas are a reporting device; classification operates on leaves.
The assignment rule is deliberately simple so that it can be audited. Let 7 be the set of works
and % the set of forty leaves. For each leaf ¢ the ontology lists weighted signals of five types
k € {topic, subfield, arXiv, stream, keyword}, with signal set Si(c) and weights ay; € (0,1] for
J € Sk(c). A work w matches a signal j if the corresponding attribute of w (an OpenAlex topic
identifier, a subfield, an arXiv class, a DBLP stream, or a regular expression over title and abstract)

contains it. The score of w for ¢ is

s(w,c) = Zmin{l, Z @y j 1[w matches ]]} — oo-1[w matches an exclusion of ¢], (1)
k JjESk(c)

so that no single signal type can contribute more than one unit, a weight of one means “this signal
alone suffices”, and an exclusion pattern vetoes the leaf outright. The work belongs to every leaf
with s(w,c) > 1; its primary leaf is argmax. s(w, c), with ties broken in favour of a child over its
parent and then by category number. Multi-label membership is not an accident of the rule but its
purpose: an instruction-tuning paper is expected to score in both large language models and natural
language processing, and the share of works with more than one leaf is itself one of the quantities
tracked in Part IX.

Two design choices deserve comment because they shape every downstream result. First,
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the ontology is not a relabelling of OpenAlex topics. Six Al categories that the citation-based
topics cannot separate (large language models, foundation models, multimodal Al, generative
Al, AI agents, Al safety) and seven small categories with no dedicated topic or venue (federated
learning, sustainable computing, autonomous scientific discovery, privacy-preserving computation,
blockchain, quantum computing, edge computing) rely on keyword patterns of weight one; the
build fails if such a pattern is absent. The reason is historical and is the subject of Section 2: the
citation clusters that OpenAlex labels were formed by a literature in which “large language model”
was not yet a stable term, and a topic such as “Topic Modeling” in fact hosts most BERT-era
and retrieval-augmented work. Second, the ontology is positioned relative to the CCS rather than
derived from it. The Al area corresponds to the CCS branch Computing methodologies — Artificial
intelligence / Machine learning, but the leaves inside it are drawn from the post-2017 literature;
theory, systems, networks, security and human-centred computing map onto the corresponding CCS
top-level nodes almost one-to-one; computational biology, scientific computing and sustainable
computing sit in CCS under Applied computing and Social and professional topics, which the
present ontology promotes to first-class areas because the questions of this paper concern precisely
the traffic between computing and the sciences it serves.

The ontology’s limitations are stated in Appendix A and are not repeated here, except for one
that bears on interpretation. A category defined partly by keywords is defined partly by vocabulary,
and vocabulary changes faster than research practice. If the phrase “large language model” spreads
into papers whose methods are unchanged, a keyword-driven category will register growth that
is partly nominal. Section 5 returns to this problem under the heading of LLM-assisted writing;

Part IV describes the embedding-based checks designed to detect it.

1.3. Where the classifications disagree

The disagreements among the four systems are systematic, and they fall into three kinds.

The first is coverage. Comparisons of bibliographic databases consistently show that no source
indexes the whole of a discipline and that the gaps are not random: conference proceedings,
preprints, and non-English venues are the most unevenly covered (Visser et al., 2021; Martin-Martin
et al., 2021). OpenAlex, the backbone of this corpus, inherits the broad but uneven coverage of
Microsoft Academic and Crossref; its reference lists are less complete than those of the commercial
indexes for part of the period, which affects citation-based measures more than counts (Culbert
et al., 2025a). The linking phase of this study illustrates the scale of the problem at the level of
record identity. The first pass over the OpenAlex snapshot retained 15,490,159 works that carry
a computer-science topic and a publication year between 2018 and 2026; a second pass added
1,102,807 works that OpenAlex labels with no computer-science topic but that DBLP or arXiv
identifiers reach, for 16,592,966 records loaded in all. DBLP contributes 4,347,365 records over
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the same years, of which 3,774,184 could be matched to an OpenAlex work by DOI or by title
and year once both passes had been linked and 573,181 could not; the arXiv cs harvest contributes
915,115 preprints, of which 864,677 were matched, overwhelmingly through the arXiv identifier
that OpenAlex stores. These are linkage statistics, not findings about research, but they establish
that a classification applied to one source cannot simply be transferred to another: a non-trivial
fraction of the venue-defined (DBLP) universe has no citation-defined (OpenAlex) counterpart, and
vice versa. Part III describes the two passes and the treatment of unmatched records.

The second kind of disagreement is granularity and boundary. The arXiv class cs.LG is one
node among forty; in OpenAlex, machine learning spreads across dozens of topics in several fields,
including statistics, engineering and medicine, because the citation network does not respect the
boundary of the computer-science field. Conversely, OpenAlex’s field 17 (“Computer Science”) con-
tains clusters on educational technology, media studies and physics that no computer scientist would
claim, and the ontology of this study deliberately leaves most of them unmapped (Appendix A).
The practical consequence is that the apparent size of “Al” depends on which boundary is used:
a venue-based definition (DBLP streams of NeurIPS, ICML, ICLR, AAAI and the vision and
language conferences) gives a different set from a topic-based definition, which gives a different
set again from an arXiv-class definition, and the three sets diverge most in the applied sciences,
where machine-learning methods are used without the paper belonging to any machine-learning
community. The multi-label design of the ontology, and the use of all three signal types with capped
weights in equation (1), is the response to this divergence: a work that is an Al paper by every
criterion scores high on all of them, while a work that is an Al paper by vocabulary alone is held to
a higher evidentiary standard.

The third kind is temporal. The CCS was fixed in 2012 and the arXiv classes are older still;
OpenAlex topics were generated from a citation network observed in the early 2020s and are
reassigned when the snapshot is rebuilt; DBLP streams are stable but new venues appear and old
ones are renamed. A classification that does not change cannot register the emergence of a field
except as the growth of an existing node; a classification that is regenerated cannot be compared
across snapshots without care. Neither property is a defect, but they pull in opposite directions, and
a study of structural change must choose. This study freezes all classifications at a single snapshot
(Part III), so that any growth it reports is growth of a fixed category, and it treats the emergence of
new categories as a separate detection problem (Part I'V, Section 5).

A final, sociological disagreement should be named explicitly because it affects what counts
as a “paper”. Computer science is unusual among the sciences in treating selective conferences as
the primary venue of record, a practice that has been defended on grounds of speed and criticised
on grounds of reviewing quality and the fragmentation of the literature (Vardi, 2009; Fortnow,

2009). The convention has two consequences for bibliometrics. Conference papers are indexed
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less uniformly than journal articles, so coverage disagreements are concentrated in exactly the
venues that the discipline values most; and the conference calendar imposes a strong seasonality
on publication dates, so that monthly series must be deseasonalised before any break can be read
off them. The preprint culture adds a third consequence. Computer scientists came to arXiv late
relative to physicists and mathematicians, and a non-trivial share of computer-science preprints are
never matched to a published version, either because they are not published or because the match
fails: according to its abstract, the matching study of Lin et al. (2020a) found that about a quarter
of the arXiv computer-science preprints of 2008—-2017 in its sample had no identifiable published
counterpart, and that a further eleven per cent had been published under a different title, which a
title-based match would miss. A corpus that counts preprints and published versions as separate
works will over-count the preprint-heavy subfields; a corpus that links them will under-count
whenever linkage fails; and the subfields where linkage fails most often are, again, the fast-moving

ones.

1.4. Why the growth of a field is hard to measure

The questions of this paper are ultimately about rates: of publication, of citation, of movement
between categories. Rates presuppose denominators, and the denominators of science are themselves
contested quantities.

The literature on the growth of science offers two sobering lessons. The first is that measured
growth depends heavily on the database. Using cited references as a proxy for the literature that
scientists actually use, Bornmann and Mutz (2015) identified three phases of growth, each at
roughly three times the rate of the previous one: under one per cent per year up to the middle of the
eighteenth century, two to three per cent up to the inter-war period, and eight to nine per cent per
year from then to 2010, a doubling time of about nine years for modern science; estimates based
on the publication counts of individual databases vary widely with the database’s coverage policy
and its own expansion. A later analysis with segmented growth curves across several databases
found that the growth rate has itself changed over time, with faster growth in recent decades, but
that the location of the segments depends on the source (Bornmann et al., 2021). For the present
study the lesson is that a change in the volume of computer-science publications between 2018
and 2026 is the sum of a change in research activity and a change in indexing, and that only the
first is of scientific interest. OpenAlex grew substantially during the period as it absorbed new
sources and improved its matching; the indexing lag (the delay between a work’s publication and its
appearance in the snapshot) is longest for the most recent months, so that any series ending in 2026
slopes downward at its end for reasons that have nothing to do with research. These are among
the pre-period diagnostics and sensitivity checks required by CLAUDE.md, §6.5 and specified in
Part IV.
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The second lesson concerns the “science of science” as a field in its own right. The programme
described by Fortunato et al. (2018a) and developed at book length by Wang and Barabasi (2021)
has established robust regularities: citation distributions are heavy-tailed within every field; team
size has grown steadily; novelty in the sense of atypical combinations of prior work is associated
with higher impact at the top of the distribution; and the productivity of individual scientists is
approximately stable over careers. Those regularities are the background against which any field-
specific claim must be read. A rise in the citation inequality of Al papers after 2022, for instance,
is interesting only if it exceeds the inequality that heavy-tailed citation distributions produce in
every growing field; the hypotheses HI-H8 of the preregistered protocol (Part IIT) are formulated as
comparisons between the post-2022 period and the baseline for that reason.

A further difficulty is specific to computer science and concerns what the discipline takes itself
to be. Denning (2005) argued that computer science is a science of information processes and not
merely an engineering of artefacts, and Wing (2006) that “computational thinking” is a general
intellectual skill rather than a professional one; both arguments were written at a moment when
the discipline was defending its boundaries. The post-2022 period raises the converse question:
whether the discipline’s methods have diffused so widely that the boundary is no longer where the
classifications place it. Papers that apply learned models to protein structure, materials, weather
or law are classified as computer science by some systems and not others; a transformation that
consists partly of such diffusion is partly invisible to a classification that keeps the boundary fixed.
The ontology’s eighth area, computational science and discovery, and the “penumbra” set defined in
Part III (works with a computer-science topic but without venue or arXiv support) exist to make that

diffusion observable without inflating the core.

2. Three prior transformations and how they propagated

The post-2022 period is not the first time computer science has been reorganised around a new tech-
nology. Three earlier transformations are directly relevant because they established the publication
practices, the infrastructure, and the conceptual vocabulary within which the present one unfolds:
the internet and web era, which created the systems and the industrial research laboratories; the
deep-learning wave of 2012-2017, which created the benchmark culture and the compute economy;
and the transformer and pretraining era of 2017-2022, which created the models themselves. For
each, the account below is deliberately narrow. It does not attempt a history of computing; it asks
what changed in how research was done and published, and how the change propagated from the
subfield in which it began to the others. The answers suggest a way of reading the post-2022 data
that the empirical parts of this paper then test.
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2.1. The internet and web era

The World-Wide Web was presented to the computing community in 1994 as an information system
built on three modest conventions, a naming scheme, a transfer protocol and a markup language, that
happened to compose (Berners-Lee et al., 1994). Within five years the problem of finding things on
the web had produced two results that still structure information retrieval and network science: the
use of the hyperlink graph as a source of authority, through PageRank in the Google prototype (Brin
and Page, 1998) and through the hubs-and-authorities formulation of Kleinberg (1999). Within
another five, the engineering problem of running such systems at scale had produced the Google
File System and MapReduce (Ghemawat et al., 2003; Dean and Ghemawat, 2008), and within a
decade the commoditisation of that infrastructure as “cloud computing” had been analysed as a shift
in the economics of computing rather than in its technology (Armbrust et al., 2010). Apache Spark,
which generalised MapReduce into a unified engine for iterative and interactive workloads, marks
the maturation of the era (Zaharia et al., 2016).

Three features of this transformation matter for what followed. First, the decisive results came
from industrial laboratories or from academic groups that immediately founded companies, and they
were published in the discipline’s selective conferences (SOSP, OSDI, WWW, SIGCOMM) rather
than in journals; the practice by which an industrial systems paper describes a deployed artefact,
with measurements but without a released implementation, dates from this period and persists in the
large-model reports discussed below. Second, the web made open-source software the ordinary form
of a systems research artefact: Hadoop, the open re-implementation of MapReduce, propagated
the method more effectively than the paper did, and the later machine-learning frameworks follow
the same pattern. Third, the era created the data. Web-scale text, images, logs and graphs were the
precondition for statistical methods in language, vision and recommendation, and the subfields that
had access to such data (information retrieval, speech, machine translation) were the first to adopt
statistical learning, a decade before the deep-learning wave made it general.

The propagation pattern was infrastructural. The web changed the objects of study in net-
works, databases, distributed systems and security, and it created new subfields (web search, social
computing, cloud computing), but it did not change the methods of theory, programming lan-
guages, graphics or human-computer interaction except by supplying them with new problems.
The discipline’s map was extended rather than redrawn: the ACM classification of 2012 could still

accommodate every web-era subfield under its existing top-level nodes (Rous, 2012).

2.2. The deep-learning wave, 2012-2017

The second transformation is usually dated to 2012, when a convolutional network trained on two

GPUs reduced the top-5 error on the ImageNet Large Scale Visual Recognition Challenge by a
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margin that no incremental improvement in hand-designed features could match (Krizhevsky et al.,
2017; Deng et al., 2009; Russakovsky et al., 2015), and when deep networks replaced Gaussian
mixtures in the acoustic models of the major speech laboratories at roughly the same time (Hinton et
al., 2012). The methods were not new: the long short-term memory cell dates from 1997 (Hochreiter
and Schmidhuber, 1997), convolutional networks from the 1980s, and the retrospective of LeCun
et al. (2015) presents the decade’s results as the delayed payoff of a thirty-year programme. What
was new was the conjunction of labelled data at the scale of ImageNet, general-purpose graphics
processors, and a benchmark with a public leaderboard.

The subsequent five years produced the architectural vocabulary that the transformer era would
inherit. Distributed word representations trained by simple predictive objectives (Mikolov et al.,
2013) made it natural to treat language as a sequence of dense vectors; the variational autoencoder
(Kingma and Welling, 2013) and the generative adversarial network (Goodfellow et al., 2014)
established deep generative modelling as a research programme; sequence-to-sequence learning
with recurrent encoders and decoders (Sutskever et al., 2014) and, crucially, the attention mechanism
that let a decoder consult every encoder state (Bahdanau et al., 2014) reframed machine translation
and then every conditional generation task; residual connections (He et al., 2016) removed the
practical ceiling on depth. In reinforcement learning, deep Q-networks learned Atari games from
pixels (Mnih et al., 2015), and the AlphaGo lineage combined deep networks with tree search to
defeat professional Go players, first with human games as training data and then without them
(Silver et al., 2016, 2017), generalising to chess and shogi with a single algorithm (Silver et al.,
2018) and, in a different formulation, to real-time strategy games (Vinyals et al., 2019).

The changes in publication practice were as consequential as the methods. Four deserve to be
stated because the post-2022 data will be read against them.

The first is the benchmark as the unit of progress. ImageNet established the pattern in which
a public dataset, a fixed metric and a leaderboard define a subfield’s agenda; the pattern was
reproduced in language understanding, question answering and reinforcement learning, and it made
progress legible to outsiders at the cost of concentrating effort on whatever the benchmark measured.
The critiques of that culture, which argue that benchmarks are chosen for convenience rather than
validity and that leaderboard competition rewards narrow optimisation (Dehghani et al., 2021; Raji
et al., 2021), were written in the transformer era but describe a practice born in this one.

The second is the preprint-first, conference-second publication cycle. Machine-learning results
began to appear on arXiv months before, or instead of, their conference versions; the practice spread
from a minority to a norm within the decade, and it is the reason the arXiv cs harvest is indispensable
to this corpus. The accompanying costs were catalogued at the end of the period: speculation
presented as explanation, mathematics as decoration, suggestive language and the conflation of

explanation with description (Lipton and Steinhardt, 2019). Concerns about reproducibility were
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raised at the same time, both in audits of what published papers actually report (Gundersen and
Kjensmo, 2018) and in the organised reproducibility programmes that the major conferences
introduced in response (Pineau et al., 2020).

The third is the open-source framework as a shared instrument. TensorFlow and PyTorch (Abadi
et al., 2016b; Paszke et al., 2019), released by Google and Facebook respectively, lowered the cost
of entry to deep learning to the point where a method published on arXiv could be reproduced and
extended within days; they also standardised the computational substrate on NVIDIA GPUs and,
later, on tensor processing units (Jouppi et al., 2017), which made compute a measurable input to
research. The retrospective analysis of Sevilla et al. (2022) identifies this period as the start of a
“deep learning era” in which the training compute of notable systems grew with a doubling time
of about six months, far faster than before 2010; Thompson et al. (2020) argued that such growth
is economically and environmentally unsustainable, a theme to which the sustainable-computing
category of this study returns.

The fourth is the entry of industry as a producer rather than a consumer of research. The
laboratories of Google, DeepMind, Facebook, Microsoft and Baidu published the decisive results
of the period in the academic venues and on arXiv, and their access to data and compute began to
separate them from universities. Ahmed and Wahed (2020) documented the growing presence of
large technology firms and elite universities at the major Al conferences and the relative decline of
other institutions; the later and broader analysis of Ahmed et al. (2023) found that industry produced
an increasing share of the largest models, the most-cited papers and the leading benchmarks.
Whether that concentration intensified after 2022 is hypothesis H6 of the protocol.

The propagation pattern of this wave was methodological and sequential. Deep learning entered
computer vision and speech first, natural language processing second (roughly 2014-2016, with the
sequence-to-sequence results), reinforcement learning and robotics third, and then, more slowly and
with more resistance, the subfields whose objects are not perceptual: program analysis (Allamanis
et al., 2018), systems (learned index structures and learned scheduling), databases, and scientific
computing (Raissi et al., 2019). In each case the receiving subfield first treated learning as a tool for
a pre-existing problem, and only later, if at all, reorganised its problems around it. That two-stage
pattern, tool adoption followed by problem redefinition, is the template against which Part IX reads

the post-2022 movement of methods across the forty categories.

2.3. The transformer and pretraining era, 2017-2022

The third transformation began with an architecture and ended with a change in what a model
is for. The Transformer of Vaswani et al. (2017) replaced recurrence with self-attention in the
encoder—decoder framework of neural machine translation; its immediate merit was parallelism

in training, and its lasting one was that the same block could be stacked to any depth and applied
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to any sequence of tokens. Within eighteen months it had been combined with the idea, already
present in ELMo’s contextual word vectors (Peters et al., 2018), that a language model trained on
unlabelled text could be pretrained once and fine-tuned on many tasks: BERT (Devlin et al., 2019),
with its masked-language objective, set new results on every task of the GLUE benchmark (Wang
et al., 2018) and on SQuAD (Rajpurkar et al., 2016), and its successors showed that most of its
design choices were less important than the amount of data and training (Liu et al., 2019; Raffel et
al., 2019). The generative branch of the family, the GPT series of decoder-only models, reached its
third member in 2020 with 175 billion parameters and the demonstration that a sufficiently large
language model could perform new tasks from a few examples placed in its prompt, without any
gradient update (Brown et al., 2020). In-context learning, more than any architectural novelty, is
what separates the transformer era from the deep-learning wave: the unit of research shifted from
the task-specific model to the general model and the prompt.

The era had a quantitative theory of its own growth. Kaplan et al. (2020) reported that the test
loss of autoregressive language models falls as a power law in parameters, data and compute over
several orders of magnitude, with the implication that larger models are more sample-efficient;
Hoffmann et al. (2022) corrected the allocation, showing that models of the GPT-3 generation were
undertrained relative to their size and that compute-optimal training requires data and parameters
to scale together. Between the two papers, laboratories built models of increasing size on the
strength of the first law (Gopher, PaLM, OPT and the open multilingual BLOOM (Rae et al., 2021;
Chowdhery et al., 2022; Zhang et al., 2022; BigScience Workshop, 2022)), and the systems research
needed to train them, model parallelism, memory-partitioned optimisers and IO-aware attention
kernels (Shoeybi et al., 2019; Rajbhandari et al., 2019; Dao et al., 2022), became a research area
in its own right, as did sparse mixtures of experts that decouple parameter count from per-token
compute (Fedus et al., 2021). The claim that certain abilities appear discontinuously with scale (Wei
et al., 2022b) became one of the era’s most cited and most contested propositions; the companion
observation that prompting a model to write out intermediate reasoning improves its answers
on arithmetic and symbolic tasks (Wei et al., 2022a) established prompting as a method. New
benchmarks were built at the scale of the models: a fifty-seven-subject examination of knowledge
(Hendrycks et al., 2020), a harder successor to GLUE (Wang et al., 2019), and a collaborative suite
of more than two hundred tasks explicitly designed to resist saturation (Srivastava et al., 2022).

The transformer did not remain a language architecture. Vision transformers showed that image
patches could be treated as tokens and that, with enough data, the inductive bias of convolution was
dispensable (Dosovitskiy et al., 2020); self-supervised objectives, contrastive (Chen et al., 2020),
self-distilled (Caron et al., 2021) and masked (He et al., 2022), removed the dependence on labels.
Contrastive language—image pretraining aligned the two modalities in a shared embedding space

and produced zero-shot classifiers from natural-language prompts (Radford et al., 2021); in the same
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months, autoregressive text-to-image generation (Ramesh et al., 2021) and then diffusion models,
a decade-old idea (Sohl-Dickstein et al., 2015) made practical by denoising objectives (Ho et al.,
2020), score-based formulations (Song et al., 2020) and architectural refinements that overtook
adversarial models (Dhariwal and Nichol, 2021), converged on text-conditioned image synthesis at
photographic quality (Ramesh et al., 2022; Saharia et al., 2022). The latent-diffusion formulation
(Rombach et al., 2022), released with open weights in the summer of 2022 under the name Stable
Diffusion, is the generative-Al counterpart of ChatGPT: a system whose public availability, more
than its technical novelty, changed who could use it. Speech followed the self-supervised path
(Baevski et al., 2020); few-shot visual language models (Alayrac et al., 2022) and a single network
trained across text, images, games and robot control (Reed et al., 2022) prefigured the multimodal
and agentic systems of the following period. In structural biology, a transformer-based system
solved, for most single-chain proteins, a problem that had resisted fifty years of effort (Jumper et al.,
2021), and was quickly joined by an independent three-track network (Baek et al., 2021).

Two further lines of work prepared the specific object that appeared in November 2022. Models
trained on public code could synthesise functions from docstrings (Chen et al., 2021), which turned
software engineering into an early adopter of large models and created the first commercial product
built on one. And the problem of making a language model do what a user asks, rather than what the
pretraining distribution predicts, was addressed by reinforcement learning from human preferences,
a method developed for control tasks (Christiano et al., 2017), applied to summarisation (Stiennon
et al., 2020), and then used to fine-tune GPT-3 into InstructGPT (Ouyang et al., 2022), whose
1.3-billion-parameter version was preferred by raters to the 175-billion-parameter base model.
The same method, framed around helpfulness and harmlessness, was being developed in parallel
elsewhere (Bai et al., 2022). Retrieval-augmented generation, which conditions a generator on
documents retrieved from an external index, was proposed in the same period (Lewis et al., 2020)
and would become the standard answer to the models’ factual unreliability.

The era also produced its own critique. The report that coined the term “foundation model”
argued that the homogenisation of research around a few pretrained models was a change in the
structure of the field, with risks that were social and institutional as much as technical (Bommasani
et al., 2021); the “stochastic parrots” paper questioned whether ever-larger language models were
a sound research direction at all, on environmental, documentary and epistemic grounds (Bender
et al., 2021). The environmental argument had been quantified for NLP models by Strubell et al.
(2019), contested and refined for the largest models by Patterson et al. (2021), and turned into a
research agenda by Schwartz et al. (2020); the carbon footprint of a 176-billion-parameter model
was measured end to end by Luccioni et al. (2022).

What changed in publication practice during this era can be summarised in three observations.

The leading models were described in technical reports rather than in peer-reviewed papers, often
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with hundreds of authors, sometimes without the training data, the code, or the weights; the preprint
became the version of record for the most consequential work in the discipline. The infrastructure
for sharing models became an institution in its own right: the Transformers library (Wolf et al., 2020)
and the model hub built around it made the pretrained model, not the paper, the thing that propagated.
And the compute required to participate at the frontier grew beyond the reach of universities, so that
the concentration documented by Ahmed et al. (2023) is, in this era, a concentration of capability

rather than merely of attention.

2.4. A comparative reading of the three waves

Table | summarises the three transformations along the dimensions that matter for the empirical
design of this study. The comparison is qualitative; the corpus-level counterpart is the subject of
Part IX.

Table 1. Three prior transformations of computer science compared on the dimensions relevant to the
post-2022 analysis. Qualitative characterisation by the authors from the works cited in Sections 2.1-2.3; no

corpus quantities.

Internet and web

(c. 1994-2010)

Deep learning (2012
2017)

Transformer and pre-
training (2017-2022)

Originating subfields

Core artefact

Locus of production

Publication practice

Propagation pattern

Visibility in classifications

Networks, information
retrieval, distributed sys-
tems

Protocols, search en-
gines, warehouse-scale
systems

Industry and start-ups;
academic systems
groups

Selective conferences;
deployed-artefact
papers; open-source
re-implementations
Infrastructural: new ob-
jects and subfields, meth-
ods of other areas un-
changed

Accommodated by exist-
ing top-level nodes

Computer vision, speech

Trained task-specific net-
works; frameworks

Academic groups with
industry laboratories en-
tering

arXiv-first; leader-
boards; shared frame-
works; reproducibility
programmes
Methodological and se-
quential: tool adoption
then problem redefini-
tion, perceptual fields
first

New venues and arXiv
classes gain weight; top-
ics split

Natural language pro-
cessing

Pretrained general mod-
els; prompts; weights

Industry  laboratories,
with academic partici-
pation declining at the
frontier

Technical reports; model
hubs; very large author
lists; preprint as version
of record

Substitutive: one archi-
tecture and one pretrain-
ing recipe across modal-
ities; general models re-
place task-specific ones
Vocabulary outruns cita-
tion clusters; keyword-
defined categories re-
quired
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Three conclusions follow from the comparison and shape the hypotheses tested later. First, the
mechanisms of propagation differ in kind. The web changed the problems of other subfields; deep
learning changed their methods; the transformer era changed the models they use, which can be
adopted without changing either problems or methods. A subfield can therefore register the third
transformation at low cost, by using a pretrained model as a component, and the resulting growth
in the vocabulary of the subfield need not indicate a reorganisation of its research. Distinguishing
component adoption from reorganisation is the purpose of the citation-flow and embedding analyses
of Parts IV and VIIIL.

Second, each wave shortened the publication cycle and shifted the version of record toward the
preprint. The consequence for this study is that the arXiv harvest and the OpenAlex index measure
different things: the former records when a result was first made public, the latter when it entered
the citation system. A break detected in one series and not in the other may be informative about
the mechanism, but it may equally reflect indexing lag, linkage failure or right truncation (Part III,
Section 12); only the date diagnostics of Part III separate the two readings.

Third, the three waves were cumulative in infrastructure and in institutions. The industrial
laboratories that produced the web systems trained the generation that produced deep learning, and
the frameworks and compute of the deep-learning wave made the transformer era possible. The
post-2022 period inherited all of it: the laboratories, the frameworks, the model hubs, the benchmark
culture, and the preprint norm. Whatever is new about the period must be identified against that
inheritance rather than attributed to a single product release, and the baseline window of 20182022

was chosen so that the inheritance is observed directly rather than assumed.

2.5. The publication system as it stood in 2022

The three waves left computer science, on the eve of the reference date, with a publication system
unlike that of any other science, and the system’s properties determine what the corpus can and
cannot see. Four of them are load-bearing for the analyses that follow.

The first is the dominance of the preprint. By 2022 the arXiv was the first and often the only
public version of most machine-learning results, and a growing share of systems, theory and security
results as well; the matching study of Lin et al. (2020a) found, according to its abstract, that
about three quarters of the arXiv computer-science preprints of 2008—-2017 in its sample had been
published in a peer-reviewed venue (66 per cent under an unchanged title and 11 per cent under a
different one), so that roughly a quarter had no identifiable published version. The consequence is
that the arXiv series lead the indexed series, and that a corpus which dates works by their indexed
publication date will place a change later than it occurred and will smear it over the publication lag.
Part III dates each work by the earliest of its preprint and publication dates when both are known,

and Part IX reports the breaks on both clocks.
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The second is the conference calendar. The major venues of every area have fixed annual
deadlines, and preprint postings cluster in the weeks before and after them; monthly series of
computer-science output are therefore strongly seasonal, with a pattern that differs by area because
the calendars differ. Seasonality is not a nuisance to be removed once and forgotten; a change in
the amplitude of seasonality, for instance because a venue grew or because preprints began to be
posted without regard to deadlines, is itself a structural change, but the seasonal component s.(¢) of
equation (2) is, in the implementation of Part IV, a single set of eleven month dummies common to
the baseline and the research period, so that a change in the amplitude of seasonality is absorbed by
the residuals rather than estimated; this is a limitation of the specification, not a feature of it.

The third is the state of peer review. The volume of submissions to the leading machine-learning
conferences had grown by an order of magnitude in a decade; reviewer pools had not. The debate
about whether conferences remained an adequate venue of record (Vardi, 2009; Fortnow, 2009) was,
by 2022, less about prestige than about capacity, and the reproducibility programmes of Pineau et al.
(2020) were one institutional response. The relevance to this study is twofold. Reviewing capacity
constrains the number of works that can appear in venue-defined categories, so that growth under
capacity constraints shows up as preprint growth and as the founding of new venues rather than as
growth in existing streams; and the reviews themselves became, after 2022, one of the first places
where the use of language models was measured (Liang et al., 2024b).

The fourth is the asymmetry between what is published and what is released. The model
reports of Section 2.3 describe systems whose weights, data and code are variably available; the
artefact-evaluation and badging practices adopted by systems and software-engineering venues
during the period had no counterpart at the frontier of Al, where the most consequential systems
were the least documented. The reproducibility indicators of RQ9, which the corpus measures
through linked code repositories and data availability statements, are therefore expected to differ
sharply by category, and a decline in the Al categories would be consistent with the literature rather

than anomalous.

3. The non-Al areas at the baseline, 2018-2022

The hypotheses of this study concern not only the growth of Al but the condition of everything else.
H?2 predicts that at least one non-Al area declines in relative share while growing in absolute terms;
H3 predicts that formal verification, computational complexity, operating systems and computer
architecture show no structural break in the window around November 2022; H4 predicts that
citations crossing from those areas into Al increase. Such predictions can be evaluated only if
the state of each area at the baseline is described independently of the Al narrative. This section

provides that description for the thirty-one non-Al leaves of the ontology, grouped by area, in
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a deliberately compressed form: for each, the problems that defined the 2018-2022 literature,
the landmark results that the corpus’s citation data should recover, and the points of contact with
machine learning that existed before 2022. Where a result is known to the authors only from a

report rather than from a peer-reviewed paper, that is stated.

3.1. Systems, cloud and distributed computing

The systems literature of the baseline period was organised around the consequences of the
warehouse-scale computer (Barroso et al., 2018). Three agendas dominated. The first was the
serverless abstraction, in which the unit of deployment is a stateless function and the provider
manages everything else; the Berkeley view presented it as the next step in the simplification
of cloud programming (Jonas et al., 2019), while a contemporaneous critique from the database
community argued that its restrictions on state, communication and hardware access made it a
step backward for data-intensive work (Hellerstein et al., 2018). The disagreement was productive:
much of the 2019-2022 systems literature consists of attempts to give serverless platforms the
state and the locality they lacked. The second agenda was resource disaggregation, the separation
of compute, memory and storage into independently scaled pools connected by fast networks, an
idea with roots in blade-server memory expansion (Lim et al., 2009) that became a central topic
of operating-systems research once network latency fell within an order of magnitude of memory
latency. The third was tail latency: in a service composed of thousands of components, rare slow
responses in any of them dominate the user-visible distribution, and the techniques of hedged
requests, replication and tied requests described by Dean and Barroso (2013) became the standard
vocabulary of large-scale service design.

Operating systems research in the period was marked by the consequences of the Spectre and
Meltdown disclosures, discussed under security below, which forced kernel designers to reconsider
the cost of isolation, and by the growth of in-kernel programmability. Distributed computing as
a theory remained focused on consensus, fault tolerance and the coordination of replicated state,
with blockchain systems supplying new adversarial models (Section 3.5). The contact with machine
learning before 2022 was of two kinds: “systems for ML”, the training and serving infrastructure
of Section 2.3, which systems venues absorbed readily, and “ML for systems”, the use of learned
models for scheduling, configuration and resource management, which was an active but minority
topic. The ontology treats cloud and edge computing as children of distributed computing precisely
because the venue structure does: OSDI, SOSP, EuroSys and NSDI publish all three.
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3.2. Hardware and computer architecture

The baseline period in computer architecture was dominated by the end of two scaling regimes.
Dennard scaling, the observation that transistor power density stays constant as transistors shrink
(Dennard et al., 1974), had ended in the mid-2000s; its consequence, that a growing fraction of a
chip must be left dark at any time, was quantified by Esmaeilzadeh et al. (2011) and set the agenda
for the following decade. The slowing of Moore’s law completed the picture. The Turing lecture
of Hennessy and Patterson (2019) drew the conclusion that general-purpose performance gains
were over and that the future lay in domain-specific architectures, open instruction sets and agile
hardware design; Leiserson et al. (2020) argued in parallel that performance would henceforth
come from software, algorithms and hardware specialisation rather than from the “bottom” of the
stack. The tensor processing unit (Jouppi et al., 2017) is the canonical example of the domain-
specific architecture, and its publication in a mainstream architecture venue is a measure of how
completely machine learning had become the architecture community’s defining workload by
2017. Al accelerators are a child of computer architecture in the ontology for that reason, and the
hypothesis that the architecture category shows no post-2022 break is, in effect, the hypothesis that
this absorption was complete before ChatGPT.

Compilers underwent a parallel reorganisation around machine-learning workloads. The multi-
level intermediate representation MLIR (Lattner et al., 2021), designed to let one compiler in-
frastructure serve domain-specific languages, tensor programs and hardware targets alike, and the
end-to-end tensor compiler TVM (Chen et al., 2018) represent the state of the art at the baseline.
Both treat the deep-learning graph as a first-class compilation target; neither depends on large

language models.

3.3. Theory of computation

Two developments characterise theoretical computer science at the baseline, one internal and one at
the boundary with machine learning.

The internal development is fine-grained complexity: the programme of explaining why
polynomial-time problems such as edit distance, all-pairs shortest paths and orthogonal vectors
have resisted improvement for decades, by proving that faster algorithms for one would contradict
a small number of hardness conjectures, above all the strong exponential-time hypothesis (Vas-
silevska Williams, 2015; WILLIAMS, 2019). The programme reorganised algorithms research
around conditional lower bounds in the same way that NP-completeness had organised it around
unconditional intractability, and its vocabulary is a reliable marker of the complexity category in
this corpus.

The boundary development is the theory of deep learning. The empirical observation that
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networks with enough parameters to memorise random labels nevertheless generalise (Zhang et
al., 2021) undermined the classical uniform-convergence account of generalisation and prompted
new theory: the double-descent curve, which reconciles the classical bias—variance trade-off with
the behaviour of overparameterised models (Belkin et al., 2019), and the neural tangent kernel,
which characterises the training dynamics of infinitely wide networks (Jacot et al., 2018). The
machine-learning-theory leaf of the ontology houses this literature, which belongs sociologically to
the learning conferences and intellectually to the theory community. Its presence is a reminder that
the theory area was in contact with Al long before 2022, through learning theory, optimisation and

the complexity of sampling and inference.

3.4. Programming languages, compilers and formal verification

The programming-languages literature of the baseline is marked by the success of a language. Rust,
whose ownership type system gives memory safety without garbage collection (Matsakis and Klock,
2014), became one of the first systems languages to be adopted at scale on the strength of a safety
guarantee; the RustBelt project supplied the semantic foundation by proving, in a separation-logic
framework mechanised in Coq, that the safe fragment is sound and that the unsafe library code
on which it rests respects the invariants (Jung et al., 2018). The result is characteristic of the
period’s formal-methods culture: a verification effort that follows an engineering artefact rather
than preceding it, and that uses a proof assistant as its medium.

Proof assistants themselves reached a new stage. The verified C compiler CompCert (Leroy,
2009) and the verified microkernel sel.4 (Klein et al., 2009) had shown a decade earlier that
production software could be proved correct; the formal proof of the Kepler conjecture, begun in
2003, was completed in 2014 and published in 2017 (HALES et al., 2017); and the Lean theorem
prover (de Moura et al., 2015), re-implemented as a programming language in its fourth version
(Moura and Ullrich, 2021), acquired a community-maintained mathematical library whose scale and
organisation were new in formalised mathematics (mathlib Community, 2020). The relevance to the
post-2022 period is direct: Lean and its library became the environment in which language models
were later asked to prove theorems, so that formal verification, one of the categories predicted not
to break in H3, is also one where the contact with Al is most visible in the recent literature. The
hypothesis is therefore a sharp one.

Software engineering had already begun to absorb learned models before 2022. The survey
of Allamanis et al. (2018) organised a decade of “big code” research around the naturalness
hypothesis, that source code is as statistically regular as natural language; the CodeXGLUE
benchmark collection (Lu et al., 2021) standardised evaluation; and the Codex models (Chen et al.,
2021) made program synthesis from natural language a product. The software-engineering category

is thus expected to show an early and strong Al signal, and its baseline is not an Al-free one.
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3.5. Security and cryptography

Three events organise the security and cryptography literature of the baseline. The first is the
disclosure, in January 2018, of Spectre and Meltdown, which showed that speculative execution in
essentially all high-performance processors leaks data across isolation boundaries (Kocher et al.,
2019; Lipp et al., 2020). The disclosures created a sustained literature on microarchitectural side
channels and their mitigations that cuts across security, architecture and operating systems, and they
illustrate the kind of cross-area citation flow that H4 measures.

The second is the standardisation of post-quantum cryptography. Shor’s algorithm (Shor, 1997)
had made the eventual obsolescence of RSA and elliptic-curve schemes a matter of engineering
timelines, and the case for migrating before large quantum computers exist was made to a general
scientific audience by Bernstein and Lange (2017). The process run by the United States National
Institute of Standards and Technology from 2016 selected lattice-based and hash-based schemes,
published as federal standards in August 2024 (National Institute of Standards and Technology ,
US,U,U). The applied-cryptography category of this corpus therefore contains a large and growing
body of work whose dynamics are driven by a standards calendar entirely independent of language
models, which makes it a useful placebo field. Fully homomorphic encryption, shown to be possible
by Gentry (2009), remained the subject of a steady literature on efficiency.

The third is the maturation of adversarial machine learning. The observation that imperceptible
perturbations can change a network’s output (Szegedy et al., 2013) and the attacks and evaluation
standards that followed (Carlini and Wagner, 2017) created, by 2018, a field with ten years of
history and a recognised research agenda (Biggio and Roli, 2018). The ontology scores adversarial
work in both cybersecurity and Al safety, which reflects the baseline state: the problem belongs
to both communities and neither owns it. Blockchain systems, finally, entered the period with a
systematised research agenda (Bonneau et al., 2015) and left it as a mature if contested area whose

publication dynamics follow cryptocurrency markets more than academic calendars.

3.6. Privacy-preserving computation and federated learning

Differential privacy, defined by Dwork et al. (2006) and systematised in the monograph of Dwork
and Roth (2014), was by 2018 the accepted formal standard for statistical disclosure control, and its
combination with stochastic gradient descent (Abadi et al., 2016a) had made private training of deep
networks practical at modest cost in accuracy. Federated learning, proposed as a way to train models
on data that never leaves the devices that generated it (McMahan et al., 2016), grew in five years into
a field with its own open problems in optimisation, systems, privacy and incentives, catalogued in a
survey of unusual breadth (Kairouz and McMahan, 2021). Both categories are keyword-driven in

the ontology because neither has a venue of its own; both were already Al-adjacent at the baseline,
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so that any post-2022 growth they show cannot be read as a new contact with Al

3.7. Data systems, information retrieval and networks

Database research at the baseline was absorbing the proposal that learned models could replace
the data structures at the core of the system: the learned index (Kraska et al., 2018) argued that
a model of the cumulative distribution of keys can outperform a B-tree, and the argument was
extended to query optimisation, cardinality estimation and tuning. In parallel, approximate nearest-
neighbour search over dense vectors, long a niche concern, acquired the data structures and the
GPU implementations that would later make vector databases an industry: hierarchical navigable
small-world graphs (Malkov and Yashunin, 2020) and billion-scale similarity search on GPUs
(Johnson et al., 2021). Information retrieval made the corresponding move from lexical to dense
retrieval, in which queries and passages are embedded by a pretrained encoder and matched by
inner product (Karpukhin et al., 2020); the retrieval-augmented generation of Lewis et al. (2020) is
the junction of that line with language modelling. Of all the non-Al areas, information retrieval is
the one whose baseline most closely anticipates the post-2022 period, and its category should be
read accordingly.

Computer networks entered the period with programmability as its organising idea. OpenFlow
had separated the control plane from the forwarding plane (McKeown et al., 2008); the P4 language
made the forwarding plane itself programmable (Bosshart et al., 2014); and the QUIC transport,
designed and deployed at internet scale by a single company before standardisation (Langley et al.,
2017), exemplified a mode of networking research in which deployment precedes publication. Edge
computing, defined as the placement of computation near the sources of data (Shi et al., 2016), grew
with the internet of things and with the latency requirements of on-device inference; the ontology

treats it as a child of distributed computing and shares its 10T topics with networks.

3.8. Human—computer interaction and computer graphics

Human—computer interaction had, by 2019, a research programme on interaction with Al systems
that predates the conversational interfaces of 2022. Guidelines for human—AI interaction were
derived from two decades of literature and validated against deployed products (Amershi et al.,
2019); the particular difficulty of designing for systems whose capabilities are uncertain and whose
outputs are open-ended was analysed by Yang et al. (2020); and the programme of human-centred
Al, which places reliability, safety and trust above autonomy, was articulated by Shneiderman
(2020). The HCI category is therefore one where a post-2022 surge, if observed, would be the
intensification of an existing agenda rather than the arrival of a new one. Its venues (CHI, UIST,

CSCW) are also among the most clearly delimited in DBLP, which makes the category’s venue
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signal strong.

Computer graphics underwent a transformation of its own in 2020, when neural radiance fields
showed that a multilayer perceptron could represent a scene well enough to synthesise photorealistic
novel views from a handful of photographs (Mildenhall et al., 2020). Neural rendering had been
surveyed as an emerging area in the same year (Tewari et al., 2020); within three years, explicit
Gaussian primitives optimised by gradient descent had matched the quality of radiance fields at
real-time frame rates (Kerbl et al., 2023). The sequence is instructive for the detection methods
of Part I'V: neural radiance fields are one of the pre-registered “known emergence” topics against
which the emerging-topic detector is validated (H8), and they emerged in a non-Al category by
the adoption of an Al method, which is exactly the pattern the detector must distinguish from

vocabulary drift.

3.9. Perception, language, speech and robotics

Four leaves of the perception area lie outside the Al area in the ontology while being the historical
home of deep learning, and their baseline is therefore the baseline of the deep-learning wave itself.
Computer vision had, by 2022, completed the transition from convolutional to attention-based
architectures and from supervised to self-supervised pretraining described in Section 2.3; its venues
(CVPR, ICCV, ECCV) were among the largest in the discipline, and its vocabulary was already
that of foundation models. Natural language processing is the subfield in which the transformer
era began, and its baseline is paradoxical: the methods that defined the field in 2018, task-specific
architectures, feature engineering, and the pipeline of tagging, parsing and semantic analysis, had
been displaced by pretrained models before 2022, so that the post-2022 question for NLP is whether
the field continued to exist as a distinct community once its central method became everyone’s
method. The ontology keeps NLP as a task-framed leaf distinct from large language models for that
reason, and the ratio of the two is one of the quantities Part IX reports.

Speech and audio computing had followed the same trajectory a few years behind: hybrid
acoustic models (Hinton et al., 2012) gave way to end-to-end sequence models and then to self-
supervised pretraining on unlabelled audio (Baevski et al., 2020), and the weakly supervised
Whisper models trained on hundreds of thousands of hours of transcribed speech (Radford et al.,
2022) arrived in the same months as ChatGPT. Robotics is the slowest of the four, because physical
data are expensive and simulation transfers imperfectly. End-to-end learned visuomotor policies
had been demonstrated in 2016 (Levine et al., 2015), and reinforcement learning in simulation
was an established research line, but most of the field’s work in the baseline period remained in
planning, control and perception for specific platforms. The vision-language-action models of 2023
(Brohan et al., 2023), which transfer web-scale pretraining to manipulation, are the point at which

the foundation-model recipe reached robotics, and they fall inside the research period; robotics is
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therefore one of the categories where a late break, rather than one near the reference date, would be

the expected signature of the transformation.

3.10. Quantum computing

Quantum computing at the baseline is defined by a term coined to describe it. Preskill (2018)
named the “noisy intermediate-scale quantum” era, in which devices of fifty to a few hundred
qubits without error correction might perform useful tasks, and warned that no such task had
yet been demonstrated. The claim of quantum computational advantage on a sampling problem
(Arute et al., 2019) and the review of algorithms designed for such devices (Bharti et al., 2022)
bracket the period; the demonstration that logical error rates fall as a surface code is scaled (Google
Quantum Al, 2023) and, later, that they fall below threshold (Google Quantum Al and Collaborators,
2025) mark the transition toward fault tolerance that the NISQ framing anticipated. The quantum-
computing category is small, keyword-driven, and vetoes physics papers that lack a computing term
(Appendix A); its dynamics are driven by hardware milestones and have no obvious mechanism of

contact with language models, which makes it, with post-quantum cryptography, a natural placebo.

3.11. Scientific computing, computational biology and sustainable computing

Scientific computing entered the period through the door of physics-informed learning. Physics-
informed neural networks, which impose a partial differential equation as a loss term (Raissi et al.,
2019), and neural operators, which learn mappings between function spaces rather than between
vectors (Li et al., 2020), created a literature that the review of Karniadakis et al. (2021) already
presented as a field. Computational biology had its own transformation in the baseline window and
does not need the post-2022 one to explain its trajectory: the first AlphaFold had won the 2018
structure-prediction assessment (Senior et al., 2020), the second effectively settled the single-chain
problem in 2020-2021 (Jumper et al., 2021), protein language models predicted structure from
sequence alone at scale (Lin et al., 2023), and the third AlphaFold extended prediction to complexes
with nucleic acids and ligands (Abramson et al., 2024). The review of Wang et al. (2023) in 2023
took stock of “Al for science” across disciplines; the autonomous-scientific-discovery leaf of the
ontology, which requires an Al or automation term, is the place where the corpus records the next
step, in which models participate in the design of experiments rather than in the analysis of their
results.

Sustainable computing, finally, was an established concern before 2022 but a small category.
The careful recalibration of global data-centre energy use (Masanet et al., 2020) found that efficiency
gains had largely offset growth in demand through 2018, a conclusion that the training and serving

of large models would later put under pressure; the energy and carbon studies cited in Section 2.3
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(Strubell et al., 2019; Schwartz et al., 2020; Patterson et al., 2021; Luccioni et al., 2022) connected
the concern directly to Al. The category is keyword-driven and is expected to grow; whether its
growth is driven by Al workloads or by the broader energy agenda is a question for Part IX.
Taken together, the baseline descriptions support a conclusion that the empirical parts must
not forget: there was no Al-free area in 2022. Every non-Al category had a point of contact
with machine learning before ChatGPT, ranging from marginal (complexity theory, post-quantum
cryptography) to pervasive (information retrieval, software engineering, computational biology).
The post-2022 question is therefore not whether Al entered these areas but whether the rate and the
kind of contact changed, and the baseline window exists so that the rate can be estimated before the

reference date.

4. November 2022 as a reference date

4.1. What ChatGPT was and was not

On 30 November 2022 OpenAl released ChatGPT as a “research preview”: a conversational
interface to a language model of the GPT-3.5 series, fine-tuned by the reinforcement-learning-from-
human-feedback method of InstructGPT, free to use through a web browser (OpenAl, 2022). No
technical report accompanied the release; the announcement described the training procedure by
reference to Ouyang et al. (2022) and listed limitations (plausible but incorrect answers, sensitivity
to phrasing, verbosity, incomplete refusal of harmful requests) that the subsequent literature would
study at length. It is important for the design of this paper to be precise about what was new.
The underlying capabilities, few-shot prompting, instruction following, code generation, had been
published between 2020 and 2022 (Brown et al., 2020; Chen et al., 2021; Ouyang et al., 2022)
and were available through a commercial programming interface. The architecture was five years
old. What ChatGPT added was an interface that required no programming, a price of zero, and
a conversational format that made the model’s abilities and failures legible to anyone; the figures
usually cited for the speed of its public adoption come from industry analysts rather than from
verifiable sources and are not repeated here.

For a study of the research literature, this distinction has a consequence that is easily missed.
The research community did not learn about large language models on 30 November 2022; it had
been building and publishing them for three years. What changed on that date, if anything, was
the attention of everyone else: funders, universities, firms, governments, and the researchers in
subfields that had not previously had a reason to engage. If the date marks anything in the corpus, it
should mark a change in who publishes on language models and where, more than a change in what
the language-model community itself does. That expectation is formalised in H4 and H6 and in the

reading of the cross-area citation flows in Part VIII.
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4.2. The releases before and after

ChatGPT was one release in a dense sequence, and the sequence matters because any of its
members is a candidate reference date. Table 2 lists the ones whose primary documents could be
verified. Within the twelve months before November 2022 came the compute-optimal scaling result
(Hoffmann et al., 2022), the PaLM, OPT and BLOOM models (Chowdhery et al., 2022; Zhang et
al., 2022; BigScience Workshop, 2022), the chain-of-thought and emergent-abilities papers (Wei
et al., 2022a,b), the second DALL-E and Imagen (Ramesh et al., 2022; Saharia et al., 2022), the
open release of Stable Diffusion (Rombach et al., 2022), the Flamingo and Gato systems (Alayrac
et al., 2022; Reed et al., 2022), the Whisper speech model (Radford et al., 2022), and the ReAct
formulation of language models that interleave reasoning with actions (Yao et al., 2022), posted
in October 2022 and the direct ancestor of the agent literature. Within the twelve months after
came LLaMA, the first competitive open-weight model family (Touvron et al., 2023b), Toolformer
(Schick et al., 2023), the GPT-4 technical report (OpenAl et al., 2023), an early and much-debated
qualitative evaluation of GPT-4, circulated as a preprint (Bubeck et al., 2023), Llama 2 with a
permissive licence (Touvron et al., 2023a), the RT-2 vision-language-action model that transferred
web-scale pretraining to robot control (Brohan et al., 2023), Gaussian splatting in graphics (Kerbl et
al., 2023), the Mamba state-space architecture as the first serious challenger to attention (Gu and
Dao, 2023), and the Gemini models (Team et al., 2023). Later milestones, Llama 3 (Grattafiori et
al., 2024), AlphaFold 3 (Abramson et al., 2024), the ol reasoning models (OpenAl et al., 2024)
and DeepSeek-R1, which reported that reasoning behaviour could be elicited by reinforcement
learning with verifiable rewards and released its weights (DeepSeek-Al et al., 2025), fall inside the
observation window and are candidate dates for the later breaks that the changepoint methods of
Part IV may find.

Two features of the table are relevant to identification. The first is that the great majority of
the documents are preprints or technical reports; none of the model releases of 2022-2025 was
described in a peer-reviewed venue at the time of release, and several never were. A corpus that
excluded preprints would be blind to the events it is trying to date. The second is that the events are
not sparse. Between March 2022 and March 2023 there was, on average, a landmark release every
month, and a time-series method that is free to choose the break date will find a break somewhere
in that interval for reasons that have nothing to do with ChatGPT in particular. That is the subject of

the next subsection.

4.3. Why the date is used descriptively and not causally

The mandate of this study (CLAUDE.md, §6.5) states that the November 2022 boundary is a
historical reference point and not proof of a causal effect of ChatGPT. The statement is a constraint
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Table 2. Candidate reference dates around November 2022. “Document” is the verified primary source; dates
are those of the first public version of the document or of the release it describes, as given in the source. The
list is restricted to items cited in this Part and is not a complete chronology.

Date Release or result Document
2022-03 Compute-optimal scaling Hoffmann et al. (2022), preprint
(Chinchilla)

2022-04 PalLM; DALL-E 2; Flamingo Chowdhery et al. (2022); Ramesh et al. (2022); Alayrac et
al. (2022), preprints

2022-05 OPT; Gato; Imagen Zhang et al. (2022); Reed et al. (2022); Saharia et al.
(2022), preprints

2022-06 Latent diffusion (CVPR); open Rombach et al. (2022)

release as Stable Diffusion in August

2022-10 ReAct Yao et al. (2022), preprint

2022-11 BLOOM; ChatGPT (30 November)  BigScience Workshop (2022), preprint; OpenAl (2022),
web page

2022-12  Whisper Radford et al. (2022), preprint

2023-02 LLaMA; Toolformer Touvron et al. (2023b); Schick et al. (2023), preprints

2023-03 GPT-4 OpenAl et al. (2023), technical report (preprint)

2023-07 Llama 2; RT-2 Touvron et al. (2023a); Brohan et al. (2023), preprints

2023-08 3D Gaussian splatting (SIGGRAPH) Kerbl et al. (2023)

2023-12 Mamba; Gemini Gu and Dao (2023); Team et al. (2023), preprints

2024-05 AlphaFold 3 Abramson et al. (2024)

2024-07 Llama 3 Grattafiori et al. (2024), preprint

2024-12 ol system card OpenAl et al. (2024), preprint

2025-01 DeepSeek-R1 DeepSeek-Al et al. (2025), preprint
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on interpretation, but it is also a methodological position that can be made precise.
Let N.; denote the number of works assigned to category c in month ¢, and consider the simplest
model that the “post-ChatGPT” framing suggests, an interrupted time series of the form used in

programme evaluation (Lopez Bernal et al., 2016a):
logNe; = Qe+ Bet+ 061t > 1]+ % (t —7) 1]t > 7] +5.(¢) + &, (2)

with 7 fixed at December 2022, s.(¢) a seasonal component tied to the conference calendar, J, a
level shift and }, a change in trend. Three conditions must hold for . or ¥, to be read as the effect
of the event at 7: the pre-period trend must be well specified, so that an acceleration already under
way 1is not attributed to the break; nothing else that affects N.; may change at 7; and the date T must
have been chosen independently of the data. The first condition is testable and is tested in Part IX
with pre-period trend diagnostics. The second fails on its face: Table 2 lists a dozen co-occurring
events, the compute trends of Sevilla et al. (2022) were already exponential, and the growth of the
arXiv itself, documented month by month on its statistics page (arXiv, 2026), is a confounder that
applies to every category. The third condition is the subtle one. The date was chosen because of
what happened afterwards, which is the definition of selecting a break on the outcome; a test of
a known break at 7 (Lopez Bernal et al., 2016a) has the wrong size when T was in fact selected
from a set of candidates, and the appropriate tools are those for a break at an unknown date, the
supremum-type tests of Andrews (1993), the multiple-break estimation of Bai and Perron (1998,
2003a), and penalised changepoint search (Killick et al., 2012), which let the data locate the break
and report whether its location is consistent with the reference date. Equation (2) is therefore the
descriptive object of the study, a convenient summary of before and after; the inferential objects
are the unknown-break estimates, their confidence sets, and the placebo breaks at other dates in the
baseline, as specified in Part IV.

The descriptive use of the date has a positive justification that goes beyond the avoidance of a
fallacy. Dividing the window at a date that the whole community recognises makes the comparison
between periods legible, and legibility is a scientific virtue when the quantities compared are
themselves complicated. The baseline of 2018—-2022 is long enough to contain the whole transformer
era and the second half of the deep-learning wave, so that the “before” is not an Al-free past but
a period of fast change in its own right; the research period of 2022-2026 is long enough for
publication lags, which in computer science run from a few weeks for a preprint to more than a
year for a journal, to have worked through for all but the last months. Any claim of the form “after
November 2022, X increased” in this manuscript is to be read as a comparison of two periods so
defined, with the structural-break analysis as a separate and more demanding question.

One further confounder is specific to the present study and is treated in the next section. If
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language models changed how papers are written, then every text-based measure, from keyword-
driven classification to embedding-based topic detection, changed its meaning at approximately the

reference date, and a break in such a measure may reflect a change in prose rather than in research.

5. What the literature already claims about the post-2022 period

A substantial literature has formed since 2023 on the consequences of large language models for
science and for computer science. Its findings are the prior against which the corpus-level results of
Part IX will be compared, and its limitations are the reason the corpus-level test is needed. Five

claims recur.

5.1. The growth of Al research

That Al research is growing faster than other fields was established before ChatGPT. Krenn et al.
(2023) built a semantic network from the Al and machine-learning literature of the preceding three
decades, found that the number of papers in it had been growing exponentially with a doubling time
of about two years, and used the network to forecast which concept pairs would be studied next. The
Stanford Al Index reports, which compile counts from a range of sources, report continued growth
in Al publications and in the number of notable models, with the share of such models produced
by industry rising to a large majority by 2023 and 2024 (Maslej et al., 2024, 2025); the reports are
compilations rather than primary studies, and their source definitions change from edition to edition,
so their numbers are not comparable with those of this study and are cited here for the direction
of the claim only. The arXiv’s own monthly statistics show that computer-science submissions
overtook those of every other archive during the 2010s and continued to accelerate after 2022 (arXiv,
2026). Industry’s growing weight in the field, documented by Ahmed et al. (2023) for the period up
to 2022, is the component of this claim that the present study can test most directly, through the
affiliation data of the corpus (H6).

What this literature does not establish is whether the growth after 2022 differs from the growth
before it, either in rate or in kind, because the studies either end in 2022 or do not model the

pre-period trend. H1 is the corpus-level version of the question.

5.2. LLM-assisted writing

The most direct evidence of a change in the literature after 2022 is a change in its language. In a
preprint, Liang et al. (2024a) estimated, with a distributional method that measures the frequency
of words whose use the models favour, that the fraction of abstracts in computer science with

substantial LLM-modified content rose rapidly from the end of 2022, with computer science leading
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other fields; the same group found a comparable rise in the reviews of major machine-learning
conferences (Liang et al., 2024b), and later extended the method to writing across society (Liang
et al., 2025); both are cited here in their preprint versions. Kobak et al. (2025) obtained the same
conclusion for biomedical abstracts by a different route, measuring the excess frequency of words
such as “delves” and “underscores” relative to a pre-2023 baseline, in a study designed to need no
training data from the models themselves; earlier and smaller preprint analyses of the same marker
words had reached the same result (Geng and Trotta, 2024; Gray, 2024). Surveys of researchers
confirm the adoption that the text analyses infer: a Nature survey of 1,600 scientists found wide
use of generative tools for writing and coding, with strong concerns about reliability and misuse
(Van Noorden and Perkel, 2023), and the multidisciplinary collection assembled by Dwivedi et
al. (2023) and the integrity analysis of Bin-Nashwan et al. (2023) document the reactions of the
research and education communities in the first months.

For this study the finding is a measurement problem before it is a result. The classification of
Section 1.2 and the embedding methods of Part IV both read text, and text that is partly produced by
a model trained on the pre-2023 literature is, in a precise sense, less informative about what is new
in a paper. Two responses are built into the design. The venue and arXiv signals of equation (1) are
immune to prose; and a planned robustness check (Appendix D) would re-estimate the main breaks
with classifications that use no keyword signals, so that a break present in the keyword-based series
and absent in the venue-based one could be flagged as possibly linguistic; the classifier does not yet
offer that variant, and the check is recorded as planned rather than performed.

The measurement of LLM-generated text in peer reviews deserves separate mention because it
bears on the quality of the venue signal. Liang et al. (2024b) estimated that a non-trivial share of the
reviews submitted to several 2024 machine-learning conferences had been substantially modified by
a language model, with the share higher among reviews submitted close to the deadline and among
reviewers who did not respond to author rebuttals. If reviewing is partly delegated to models, then
acceptance at a selective venue, which the ontology treats as the strongest community signal, is
partly a judgement rendered by the models under study. The corpus cannot measure this directly; it
is recorded here as a limitation of the venue signal in the research period that does not apply to the

baseline.

5.3. Illusions of understanding and the epistemology of Al in science

A second body of work concerns not the quantity of research but its quality. Messeri and Crockett
(2024) argued that the uses of Al in science that researchers find most attractive, as oracle, surrogate,
quant and arbiter, each create an illusion of understanding, and that the resulting monoculture of
methods and of questions is a risk to the scientific enterprise rather than merely to individual studies.

Birhane et al. (2023) raised the related concern that language models, used as instruments, embed
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the biases and the errors of their training corpora into the record. These arguments are theoretical
and, so far, untested against the publication record; the knowledge-graph analyses of Part VIII,
which track methods and datasets across papers, are the closest this study comes to a test of the

monoculture claim.

5.4. Benchmark saturation and the reproducibility of evaluation

The benchmark culture of Section 2.2 produced a literature on its own dynamics. Ott et al. (2022)
mapped the creation and saturation of benchmarks across Al tasks and found that many become
saturated within a few years of their creation while others are abandoned before saturation; the
critiques of Dehghani et al. (2021) and Raji et al. (2021) argued that the choice of benchmark is
itself an under-examined research decision and that no benchmark can measure general capability.
The post-2022 literature extended the concern to contamination, the presence of test data in the
training corpora of models trained on the web, which makes a benchmark result uninterpretable
without knowledge of the training data that the model reports of Table 2 typically withhold. Kapoor
and Narayanan (2023) documented data leakage as a general cause of irreproducible results in
machine-learning-based science, and the agenda of Hendrycks et al. (2021) placed robustness,
monitoring and alignment among the open problems of the field. RQ7, which asks whether the
period’s advances are breakthroughs or incremental benchmark gains, and RQ9, on reproducibility

and evaluation standards, are the corpus-level counterparts of these claims.

5.5. Concentration, disruption and the pace of science

The last claim is the broadest. Park et al. (2023) found, with a citation-based disruption index
applied to papers and patents over six decades, that work has become less disruptive and more
consolidating on average across fields; Chu and Evans (2021) found that in large and fast-growing
fields, canonical papers become entrenched, new ideas are less likely to displace them, and progress
in the sense of turnover at the top slows. Both results predict that a field growing as fast as Al after
2022 should show rising concentration of citations on a few canonical works and a lower rate of
disruption, independent of any product release. Hypothesis H5, on citation inequality, is formulated
with that prediction in mind, and the difference between the post-2022 period and the baseline is the

quantity of interest, not the level.

5.6. Why the claims need a corpus-level test

The studies reviewed above share four limitations that the design of this paper is intended to remove.
They are, almost without exception, studies of Al alone, so that they cannot say whether the growth

they document came at the expense of, or in addition to, the rest of computer science; the present
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corpus covers all forty categories with the same instrument. They rely on a single source (arXiv,
a conference’s reviews, a database of abstracts), so that coverage effects of the kind described in
Section 1.3 cannot be separated from research effects; the present corpus links four sources and
reports results by source. They use vocabulary as evidence, which, as Section 5.2 shows, is the
quantity most directly altered by the models; the present design includes classifications that use
no vocabulary. And they date the change to the release of ChatGPT without testing the alternative
dates of Table 2 or the placebo dates of the baseline; the present design does both.

None of this guarantees that the corpus-level test will overturn the claims; it may confirm
them. Its contribution is to subject them, for the first time at the scale of the whole discipline and
with a preregistered protocol, to the conditions under which a claim of structural change can be
distinguished from the ordinary growth of a large field. Part III describes the corpus on which that

test 1S run.

Part I11

Data and Systematic Review Protocol

6. Information sources and conditions of access

A field-level mapping study stands or falls with the bibliographic databases on which it is built. The
choice of sources determines which works can be observed at all, how reliably they can be dated and
typed, whether citation links are available, and under what licence derived data may be redistributed.
This part documents these choices for WP44 and reports, stage by stage, how the mapping corpus
was assembled from the raw sources. The exposition follows the order of the pipeline (identification,
linkage, deduplication, eligibility, scope, dating) and closes with the quality indicators and the
research-integrity procedures that govern every later analysis. The reporting structure is modelled
on the PRISMA 2020 items that apply to a mapping study (Page et al., 2021b,a); items concerned
with risk of bias and effect measures have no counterpart in a bibliometric design and are replaced,
as PRISMA-ScR does for scoping reviews (Tricco et al., 2018), by indicators of metadata quality
and coverage (Section 13). The search-reporting recommendations of PRISMA-S (Rethlefsen et al.,

2021) are followed to the extent that a database-scope strategy without keyword queries permits.

6.1. Why a multi-source design

No single database indexes computer science completely, and the gaps are not random. The venue-

centred coverage of DBLP, the publisher-centred coverage of Crossref, the preprint-centred coverage
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of arXiv and the aggregating coverage of OpenAlex each miss a distinct part of the literature and
type the part they do cover in distinct ways. Comparative studies of bibliographic data sources have
documented large differences in coverage between Web of Science, Scopus, Dimensions, Crossref
and Microsoft Academic (Visser et al., 2021; Martin-Martin et al., 2021), and the journal-level
coverage of the two commercial indexes is known to under-represent conference proceedings,
which carry a large share of computer-science output (Mongeon and Paul-Hus, 2016). For the
open successor of Microsoft Academic, OpenAlex, the first independent assessments report strong
coverage of works with DOIs together with weaker and uneven metadata on affiliations, document
types and references (Alperin et al., 2024; Culbert et al., 2025b; Scheidsteger and Haunschild, 2023;
Delgado-Quirds and Ortega, 2024). These findings motivate the design adopted here: one source
supplies the backbone (OpenAlex), a second supplies the definition of what counts as computer
science (DBLP), a third supplies the preprint layer and its dates (arXiv), and a fourth checks the
coverage of a subfield with a dense, curated venue structure (the ACL Anthology). Crossref is used

for verification only.

6.2. OpenAlex

OpenAlex (Priem et al., 2022) is the backbone of the corpus. It supplies, for every work, the
identifiers (OpenAlex W identifier, DOI, arXiv identifier where present), the publication date and
type, the title and an inverted-index abstract where available, the venue (source) and its type, the
authorships with institutions and countries, the topic assignment at three levels (field, subfield,
topic) with a primary topic, the list of referenced works (the citation graph), the open-access status
and licence, and the field-weighted citation impact together with yearly citation counts. OpenAlex
is released under the CCO public-domain dedication, which permits redistribution of record-level
derived data.

Two access routes exist and both were used, for different purposes. The public snapshot is a
versioned bulk release in gzipped JSON Lines, published in a public S3 bucket; the release used here
is dated 2026-10-14 and comprises 1,898 part files for the works entity, 675.3 GB compressed, with a
manifest listing the record count of each file. The snapshot was streamed from the primary compute
node, each file’s content length checked against the manifest and a SHA-256 of the compressed
bytes recorded in a SQLite ledger before parsing; every one of the 1,898 files parsed without error
and the sum of the per-file record counts equals the manifest total of 464,765,485 works. Two
outputs were written during this single pass. The first is the full JSON record of every work carrying
any topic in OpenAlex field 17 (Computer Science) with a publication year between 2018 and 2026,
stored as Zstandard-compressed JSON Lines and partitioned by the snapshot’s own date partitions
(15,490,159 records in this first pass, about 20 GB; a second pass by identifier list, described in
Section 8, later added 1,102,807 records). The second is a slim table of every work in the snapshot
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(identifier, DOI, year, type, primary topic, subfield, field and domain, citation count and a few flags),
kept in Parquet so that works cited by computer-science papers but published in other fields can
be resolved for the interdisciplinary analyses of Part VIII (decision D2 of RESEARCH_PLAN.md).
Records flagged by OpenAlex as XPAC expansion records are retained at this stage with their flag
so that the exclusion decision can be taken, and counted, later (Section 10). The smaller entity
snapshots (topics, subfields, fields, domains, sources, institutions, publishers, funders, concepts)
were downloaded the same day with a per-file SHA-256 ledger; author entities were not downloaded
because the authorship data embedded in each work record suffice for the analyses planned.

The second route is the REST API. Without an API key the public endpoint operates under a
shared daily budget of USD 0.10, list-and-filter calls are priced at USD 0.0001 each, and cursor
paging is unavailable, so that a single filtered query cannot return more than 10,000 results through
basic paging. Single-record lookups by identifier are free. The API was therefore used for two
narrowly defined tasks. First, an incremental harvest of works with any computer-science topic and
a publication date between 2026-10-01 and 2026-11-02, intended to capture records added after the
snapshot was cut; the harvest is sliced by publication day and, where a day exceeds the paging limit,
split into records with a computer-science primary field and records without one. Raw JSON pages
are stored verbatim under a dated directory with a ledger of counts and cost, and the job resumes on
the following day when the budget is exhausted. Second, free single-record lookups by DOI serve
as one of the verification routes for the bibliography of this manuscript (Section 14). A free API
key, which would raise the daily budget, requires the principal investigator to act on an e-mail and
was deliberately not obtained without instruction; the mandate forbids assuming credentials that

have not been tested.

6.3. DBLP

The DBLP computer science bibliography (Ley, 2002, 2009) is a curated, venue-centred index that
has for three decades defined, in practice, the set of journals and conference series regarded as
computer science. It is used here in that capacity: a work indexed by DBLP is in computer science
by construction, and DBLP venue streams feed the taxonomy of Part IV. The complete XML dump
(dblp.xml.gz, dated 2026-11-02 22:39 UTC, 1.12 GB) was downloaded together with its DTD
and MDS5 checksum, the checksum verified, and the file parsed with a validating XML parser into
one row per publication record (articles, conference papers, proceedings volumes, books, book
chapters, doctoral and master’s theses, data records; the www person records are skipped). The whole
archive was kept so that per-year counts are available for the historical baseline and for context. The
DBLP dump is released under the Open Data Commons Attribution licence (ODC-BY 1.0). DBLP
contributes, in addition to the scope definition, author person identifiers, venue streams, and DOI

links for most records; the ee fields were also scanned for arXiv URLs, with a result reported in
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Section 8.

6.4. arXiv

The arXiv e-print repository (Ginsparg, 2011) is the main preprint channel of computer science
and, for the period under study, the place where a large share of the most cited work first appeared.
Its metadata are harvested through the OAI-PMH interface (set=cs, metadataPrefix=arXiv) in
monthly datestamp windows from January 2018 to 2 November 2026. The harvester waits at least
3.5 s between requests and honours Retry-After headers; every raw XML page is kept verbatim
as the immutable snapshot and parsed afterwards into a single Parquet table. Two properties of
OAI-PMH matter for what follows. The from/until parameters filter on the record’s datestamp,
the time of its last update, so that a monthly window contains every record updated in that month,
not every record first submitted then; duplicates across windows are resolved at parse time with the
latest datestamp winning. The created element gives the first submission date, which is the date
used throughout this study for preprints. The harvest returned 915,115 distinct records, of which
890,852 were first submitted in 2018—-2026; the remainder are older e-prints updated during the
window. The arXiv metadata are released for reuse under the repository’s metadata terms; e-prints
themselves are governed by per-paper licences and are downloaded, for the high-priority set only,
within those licences and at the repository’s rate limits. The use of arXiv as a research dataset, and

the caveats attached to its category labels and versioning, are discussed by Clement et al. (2019).

6.5. ACL Anthology

The ACL Anthology is the curated archive of the computational-linguistics community and has
itself served as a bibliometric corpus (Radev et al., 2013). Its BibTeX export with abstracts
(anthology+abstracts.bib.gz, 46.7 MB, SHA-256 recorded) was downloaded on 2026-11-02
and parsed into a table of 138,796 entries, of which 135,558 are conference papers or journal articles
and 85,625 fall in 2018-2026. The Anthology plays a diagnostic role: because its venue structure
is complete and hand-maintained, the share of its entries that the backbone can be matched to is a
direct measure of OpenAlex coverage for a subfield that publishes overwhelmingly in conference
proceedings. It also supplies abstracts for those entries in which OpenAlex has none. The export is
licensed CC BY 4.0.

6.6. Crossref, Semantic Scholar and other sources

Crossref (Hendricks et al., 2020) is the registration agency behind most DOIs in the corpus and offers
open metadata through a REST API with a polite pool. It is not used to build the corpus, whose

backbone already carries Crossref-derived metadata through OpenAlex, but for three verification
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purposes: resolution of every DOI cited in this manuscript, a cross-check of publisher-assigned
document types on samples, and a cross-check of citation counts (is-referenced-by-count) on
a sample of highly cited works in Part IX.

The Semantic Scholar Academic Graph (Kinney et al., 2023) was listed in the mandate among
the priority sources because of two signals it alone provides, the influential-citation classification
and citation intent. At the time of the feasibility audit, anonymous requests to its API returned
HTTP 429 with an instruction to apply for a key, and the bulk-dataset endpoint requires a key
outright. In keeping with the rule that inaccessible data be recorded rather than circumvented,
Semantic Scholar is recorded as unavailable (decision D3) and no analysis in this manuscript uses
influential-citation or citation-intent signals; where Part VIII discusses the strength of citation
links, it does so with OpenAlex reference lists and the knowledge-graph extraction of Part 1V,
whose limits are stated there. The Microsoft Academic Graph (Wang et al., 2020), from which
OpenAlex inherited much of its historical coverage, was discontinued at the end of 2021 and is not
an independent source for the period studied. Kaggle credentials for the arXiv snapshot distributed
there were absent and were not needed, OAI-PMH being sufficient. Benchmark repositories and
code-hosting platforms enter only in the reproducibility and benchmark analyses scoped in Part [V
and are not part of the bibliographic corpus.

Table 3 summarises the sources, the access route, the licence and the role of each.

Table 3. Information sources of the WP44 corpus (all accessed 2026-11-02/03).

Source Access and snapshot Licence Role

OpenAlex works  public S3 bucket, release CCO backbone: identifiers, dates, types,

snapshot 2026-10-14, 1,898 JSONL files, topics, authorships, references,
464,765,485 works abstracts, OA status

OpenAlex REST  no key; USD 0.10 per day shared CCo post-snapshot increment; reference

API budget; increment 2026-10-01 to verification
2026-11-02; single lookups

DBLP XML dump 2026-11-02 22:39 UTC, ODC-BY 1.0 computer-science scope; venue
MDS5 verified streams; author identifiers

arXiv OAI-PMH set cs, 2018-01 to arXiv preprint layer; first-submission dates;
2026-11, raw pages kept metadata terms  categories

ACL Anthology BibTeX export with abstracts, CCBY 4.0 coverage check for NLP venues;
2026-11-02 abstracts

Crossref REST API, polite pool open metadata  verification of DOIs, types and

citation counts

Semantic Scholar ~ API key required; anonymous calls  — unavailable, recorded

refused
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7. Identification: what each source contributes

There is no keyword search in this study. A mapping of an entire discipline cannot be defined by a
query string without importing the vocabulary of whoever wrote it; it is defined instead by database
scope filters that are themselves documented and reproducible, which is the strategy recommended
for mapping studies in software engineering and adopted here for computer science as a whole
(Petersen et al., 2008, 2015). The identification stage (SO in the notation of the research plan)
therefore consists of four scope filters, one per source, applied to immutable snapshots whose dates
and hashes are recorded in data/raw/README . md.

7.1. Scope filters

The OpenAlex filter retains every work with at least one topic, primary or secondary, in field 17
and a publication year in [2018,2026]. The choice of any topic rather than the primary topic is
deliberate and conservative at this stage: a work whose primary topic lies in, say, statistics or
electrical engineering but which carries a secondary computer-science topic is a candidate, and the
decision whether it belongs to the core or to the penumbra is deferred to the eligibility stage, where
it is made explicit and counted (Section 11). The filter yields 15,490,159 records in the first pass
over the snapshot; a second pass by identifier list (Section 8) adds 1,102,807 records that carry no
computer-science topic but are reached through DBLP and arXiv identifiers, so that 16,592,966
OpenAlex records are loaded in all. The DBLP filter retains the publication records of type article,
inproceedings, incollection, book, phdthesis and data with a year in [2018,2026]: 4,347,365 records.
The arXiv filter retains the records of set cs whose first submission falls in the window: 890,852
records. The ACL filter retains the conference papers and journal articles of the Anthology with a
year in the window: 85,625 records. The four counts overlap heavily, since most DBLP and ACL
records and a majority of arXiv records also exist in OpenAlex; the overlap is resolved by record
linkage, not by summation, and no total of identified records is reported as if the sources were

disjoint.

7.2. The OpenAlex topic classifier as a scope instrument

Because the OpenAlex filter relies on an automated topic classifier, its properties bear on everything
downstream. OpenAlex assigns to each work up to three topics from a fixed list of 4,516, organised
in 252 subfields, 26 fields and four domains; the assignment is made by a model applied to the title,
abstract and venue, and the field label of a work is inherited from its topics rather than assigned
directly. Two consequences follow. A work can be labelled computer science because one of its

topics belongs to field 17 even when its content is only marginally computational, and conversely
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a work in a computer-science venue can receive no computer-science topic when its abstract is
missing or its vocabulary is domain-specific. The first error inflates the candidate set with what will
be called the penumbra; the second removes genuine computer-science works from the first-pass
candidate set. DBLP is used to correct the second error, which is why the linkage stage has two
passes (Section 8). The literature on OpenAlex has so far examined its coverage and metadata
completeness rather than the accuracy of its topic labels (Alperin et al., 2024; Delgado-Quirés and
Ortega, 2024); the present study treats the labels as a scope instrument whose errors are bounded by

the DBLP and arXiv memberships and quantified in Section 13, not as ground truth.

7.3. Verification of the scale against the mandate

The mandate set planning targets of more than one million candidate records and more than one
hundred thousand deeply classified records, subject to availability. The feasibility audit established,
before any ingestion, that the OpenAlex API alone reported more than six million works with a
computer-science primary field in 2018-2026 and that the DBLP dump held more than four million
records in the same years; the targets were therefore attainable without recourse to any restricted
source. The audit also established what was not attainable: a Semantic Scholar key, an OpenAlex
key, Kaggle credentials and the AWS command-line tool were all absent, and the ingestion was
designed around their absence (HTTPS streaming of the public bucket, basic paging of the public
API). The record of this audit is reports/PHASEO_FEASIBILITY.md.

8. Record linkage across sources

The four candidate sets describe overlapping populations with different identifiers. Record linkage
(stage S1) establishes, for each DBLP, arXiv and ACL record, the OpenAlex work it describes, so
that one node per work can be formed with the union of the metadata. The methods are deterministic
and ordered by reliability; the probabilistic framework of Fellegi and Sunter (1969) is not needed
because the available keys (DOI, arXiv identifier) are close to exact, and the residual title-based
step is restricted to blocks where it is unambiguous. The implementation follows the standard
decomposition of data matching into key normalisation, blocking, comparison and classification
(Christen, 2012); Part IV gives the formal statement of the keys and of the precision-estimation

design, and this section reports what was done and what it produced.

8.1. Keys and matching order

All keys are normalised before comparison. DOIs are lower-cased. arXiv identifiers are lower-cased

and stripped of their version suffix (v2, v3, ...), so that all versions of an e-print map to one
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identifier. Titles are reduced to a normalised string by lower-casing and deleting every character
that is not a letter or digit; the normalised title is used only when it has at least 25 characters, is
unique within its source, and is unique within OpenAlex, which is the blocking rule that keeps the
title step from producing spurious links between generic titles.

For DBLP, the order is: (i) DOI equality, (i1) arXiv identifier equality, restricted to records
not yet linked on either side, (iii) normalised title equality with a year difference of at most one,
restricted to records not yet linked on either side and, when a first author is recorded in both sources,
to pairs whose first-author surnames agree. The DOI step linked 3,639,848 records and the title step
141,062; the arXiv step linked none, because the extraction of arXiv URLs from the DBLP ee fields
returned no candidate (0 records with an extracted identifier). The ee fields of this dump evidently
do not carry arxiv.org/abs URLs in the form the extractor expects; whether the CoRR entries
are reached by the DOI step instead depends on DBLP’s current conventions for the ee field, which
the audit did not characterise, and the question is left to the linkage-precision review. The step is
kept in the pipeline because other dumps may differ. The linkage is run on the union of the two
snapshot passes, so that every count in this section is a count after both passes. In total 3,774,184
of the 4,347,365 DBLP records in the window were linked to an OpenAlex work, leaving 573,181
unlinked. The composition of the unlinked set is informative: 367,850 journal articles, 159,308
conference papers, 30,292 doctoral theses, 14,684 data records, 418 chapters and 629 books. A
DBLP record whose DOI exists in the slim table of all OpenAlex works but not among the loaded
records describes a work that is in OpenAlex but was not caught by the computer-science topic
filter; this is the second error of the topic classifier described above and the reason for the second
pass. After that pass, 1,605 unlinked DBLP records are still in this situation; their full records were
not returned by the identifier scan, for a reason the pipeline has not characterised, and the list is kept
for the linkage-precision review.

For arXiv, the order is: (i) arXiv identifier equality against the identifier OpenAlex records
for the work, (ii) DOI equality for e-prints that carry a journal DOI, (iii) normalised title equality
with a year difference of at most two, the wider tolerance reflecting the typical lag between a
preprint and its published version (Lin et al., 2020b). The steps linked 914,406, 783 and 1,768
records respectively, for 864,677 distinct e-prints linked. For the ACL Anthology, the order is:
(1) DOI equality, (ii) equality between the Anthology identifier and the identifier embedded in an
aclanthology.org landing-page URL among the work’s OpenAlex locations, (iii) normalised
title equality with a year difference of at most one. The steps linked 58,174 records by DOI and
15,004 by title; the URL step contributed no link in this snapshot, and is kept for the same reason
as the DBLP arXiv step. The result is 72,949 distinct 2018-2026 entries linked out of 85,625;
the residual is examined in Section 13 as a measure of OpenAlex coverage of conference-heavy
subfields.
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8.2. The second snapshot pass

A DBLP record whose DOI resolves to an OpenAlex work outside the topic filter is, by the scope
rule, a computer-science work that the first pass did not load. The same situation arises for arXiv
e-prints whose journal DOI exists in OpenAlex without a computer-science topic. The linkage script
therefore writes the list of OpenAlex identifiers that are needed but not loaded, from both routes.
A second pass over the works snapshot, restricted to this identifier list, retrieves the full records
of these works (1,102,807 records); they are normalised into the same Parquet tables with a _p2
suffix, the DuckDB views are rebuilt over the union of both passes, and linkage is re-run so that the
DBLP-linked set gains the works that the topic classifier had missed. Rebuilt on the union, the list
of identifiers still needed shrinks to 1,605 from DBLP DOIs and 0 from arXiv DOIs: every e-print
whose journal DOI exists in OpenAlex was reached, and the DBLP residual is the one discussed
above. The second pass is what makes the DBLP membership rule of Section 11 operational:
without it, “DBLP-indexed” would silently mean “DBLP-indexed and labelled computer science
by OpenAlex™, and the DBLP correction would be void precisely where it matters. Because the
second pass loads records by identifier without any restriction on their year, it also admits a small
number of works dated outside the window, which the eligibility stage removes under code E1.
DBLP records with no OpenAlex counterpart after both passes (573,181 records) are kept in a
separate table with their year and type and are reported as such; they enter the volume counts of
Part IX only in the sensitivity analysis that adds DBLP-only records, because they lack the abstracts,
references and affiliations on which every other indicator depends. Most of them are journal articles
and conference papers with a DOI that OpenAlex does not hold at all, together with doctoral theses,

which DBLP indexes from university repositories that OpenAlex covers unevenly.

8.3. Precision of the linkage

Exact-key links are correct whenever the key is correct in both sources; the known failure modes are
DOIs reassigned by publishers between versions, DOIs registered for a proceedings volume rather
than a paper, and e-prints whose OpenAlex record points to a different version. Title-based links
can fail on near-identical titles of distinct works (extended abstracts and full papers, workshop and
conference versions). The protocol pre-specifies the estimation of linkage precision on a sample of
500 DBLP-OpenAlex pairs stratified by method, with automatic agreement checks (normalised-title
similarity, year difference, first-author surname) and a subsample of two pairs in five reserved for
the principal investigator (checkpoint H-1). The sampling script draws 250 DOI links, 200 title
links and 50 arXiv links with a fixed seed; since the arXiv step produced no links in this dump,
the realised sample (data/metadata/linkage_sample.csv) has 450 pairs, of which 180 are
reserved for the principal investigator, and the precision estimate for the arXiv step is undefined
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rather than reported as perfect. The automatic check passes 235 of the 250 DOI pairs (0.94) and
200 of the 200 title—year pairs (1.00). The fifteen DOI pairs that fail the automatic check are not
fifteen wrong links: inspection of the sample shows that most fail on a title that OpenAlex truncated
at the subtitle, on a first-author name written in a different order or without diacritics, or on a one-
or two-year difference between the DBLP year and the OpenAlex year; a few pairs, however, carry
substantively different titles under the same DOI, which is the signature of a retitled version or of a
DOI that resolves to a different item than the one DBLP describes, and these are genuine candidates
for error. The DOI stratum is therefore not error-free, contrary to what an exact-key method would
suggest, and the human verdicts on the reserved pairs are what will settle the stratum precision. At
the time of writing no verdict has been entered and the checkpoint is unsigned; the stratum-weighted
estimate of Part IV will be reported in Part IX and Appendix B once it is, and every conclusion that

depends on the title-based links is labelled as pending human review until H-1 is signed.

9. Deduplication of preprint and published versions

OpenAlex creates distinct work records for an arXiv e-print and for the journal or conference
version of the same paper whenever the two carry different DOIs, which is the normal case since
arXiv registers DataCite DOIs for its e-prints. In a corpus where preprinting is widespread this is
the dominant form of duplication, and it biases every count in the direction of fields that preprint
most: a paper in machine learning that appears on arXiv and then at a conference would be counted
twice, a paper in a theory journal once. OpenAlex itself links some preprint—publication pairs, but
the links are incomplete, and prior work on discovering such links has shown that neither DOIs
nor titles alone suffice (Cabanac et al., 2021). Stage S2 therefore merges preprint and published
versions into one node per work, in the sense required by the mandate (one node per work, with
both dates retained).

9.1. Pairing rule

The rule is conservative by design, favouring a small number of certain merges over a larger number
of probable ones. A preprint-like record is one whose OpenAlex type is preprint or whose DOI is
an arXiv DataCite DOI (prefix 10.48550/arxiv); a published-like record is any other record that
is itself an admissible twin: dated within the window, not an XPAC expansion record, titled, and
of a research document type or DBLP-linked. The twin conditions are imposed so that a preprint
is never merged into a record that the eligibility stage would then remove, which would lose the
work altogether. A preprint-like and a published-like record are paired by either of two routes: (i)
identical normalised titles of at least 25 characters with publication years differing by at most two, or

(i1) a shared arXiv identifier, taken from the arXiv linkage where available and from the OpenAlex
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record otherwise. When a published record matches several preprints, the earliest preprint is kept as
its preprint; when a preprint matches several published records, the earliest published record is kept;
all other pairs are discarded, so that the pairing is one-to-one. The pairing is confined to the loaded
OpenAlex records; preprints that are not computer-science candidates cannot be paired, which is
immaterial since they would not enter the corpus. No fuzzy title similarity is used at this stage, so
that a preprint whose title changed at publication is merged only when the second route identifies it;

the consequence, a residual double count, is discussed below.

9.2. What is kept from each member of a pair

The published record is the surviving node. The preprint record receives the flag duplicate_of
with the identifier of the published work and is excluded with reason code E5 (Section 10). The
published node receives preprint_work_id and, through the arXiv linkage, the first-submission
date of the e-print, so that for every work the first date is defined as the earliest of its OpenAlex
publication date, the publication date of its preprint record and the arXiv created date, with one
exception stated in Section 12: a publication date of the form YYYY-01-01 is treated as a year-only
date and is overridden by the preprint or e-print date when one exists. This first date is the date
variable of all monthly series in Part IX; the publication date of the version of record is kept
alongside it. The distinction matters for structural-change analysis: dating a paper by its journal
issue would displace much of the research activity of 2023 into 2024 and 2025 and would blur any
monthly series around the November 2022 boundary, whereas the first date places the work at the
moment it entered the public record. OpenAlex attributes to the preprint record the citations that
cite the preprint DOI; the impact analyses (bibliometrics/03_citation_impact.py) therefore
take the yearly citation counts of the surviving node as the union of its own counts and those
of its merged preprint record, so that a work whose preprint remained the cited version is not
under-counted. The merge is exact only for pairs the pairing found; for the residual unmatched
preprints discussed below, the citations stay divided between two nodes. Part IV states the resulting
measurement assumption and Part IX reports, for the high-priority set, the share of citations that

accrue to preprint records.

9.3. Outcome and residual duplication

The pairing identified 120,083 preprint records as duplicates of a published work, of which 114,365
remained after the earlier exclusions had been applied. Within the eligible corpus, 84,767 works
carry a preprint merged by the title route and 13,281 by the shared-identifier route (a pair that
satisfies both is counted once, under either route). Set against the 619,110 preprints that remain in

the eligible corpus as works with no published counterpart, the figure shows that most e-prints in
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the candidate set were not matched to a published version within OpenAlex. Three explanations
coexist and cannot be separated without manual review: many e-prints are genuinely unpublished,
consistent with the publication rates reported for computer-science preprints (Lin et al., 2020b);
some published versions carry a modified title; and some published versions are not in OpenAlex or
lack a computer-science topic. The first explanation is benign; the second and third leave a residual
double count whose size is bounded in Part IX by re-running the pairing with a title similarity
threshold rather than exact equality and reporting the difference as a sensitivity, not as a correction.
Because arXiv-linked works carry their e-print identifier, the sensitivity analyses can also remove
every preprint node whose e-print has a journal DOI in the arXiv metadata, whether or not the

pairing found the published record.

10. Eligibility criteria and exclusions

Stage S3 applies the eligibility criteria of the preregistered protocol (protocol/PROTOCOL.md, P2)
to every loaded record and records, for each, a set of Boolean exclusion flags with reason codes. The
flags are computed independently so that each code can be counted on its own and also sequentially,
in the order E1-E7, so that the PRISMA flow (Figure 1) sums correctly. Reporting both views is
deliberate: the independent counts show how large each problem is in the raw data, the sequential

counts show how many records each criterion removed given those before it.

10.1. Reason codes

E1, outside window. The publication date is missing, earlier than 2018-01-01 or later than 2026-
11-02. Because the first-pass filter already restricted the publication year, this code catches, among
first-pass records, only those with a missing date or a date beyond the extraction date; it also removes
the second-pass records, loaded by identifier without a year restriction, whose publication date
lies outside the window. Forward-dated records, that is works whose publication date lies in the
future relative to the snapshot, are a documented feature of OpenAlex, where publishers register
articles for forthcoming issues; the window end removes those dated after the extraction date, and
the remaining 2026 records are discussed in Section 12. 59,453 records are flagged.

E2, non-research document type. The protocol lists the document types that constitute
research output: article, conference paper, preprint, book chapter, book, dissertation, report, review
and software paper. The exclusion operates asymmetrically. A record that is nor DBLP-linked
is excluded when its OpenAlex type is outside the list. A record that is DBLP-linked is kept
whatever its OpenAlex type, unless that type belongs to a hard-exclusion list of types that are
never research outputs (editorial, erratum, retraction notice, peer review, paratext, conference

abstract, reference entry, dataset, software, supplementary material, library guide, letter, grant,
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standard). The asymmetry reflects amendment A-0O1 and is explained below. Independently of
order, 3,995,235 records carry this flag. The largest contributors are records typed as datasets
(2,779,058), followed by the residual type other (538,613), library guides (191,658), software
(177,515), conference abstracts (68,101) and peer reviews (60,180); paratext, reference entries,
editorials, supplementary materials, errata, standards, book reviews, retraction notices, data papers
and letters make up the remainder. The prominence of datasets and software among records carrying
a computer-science topic is itself a finding about the backbone: OpenAlex indexes the DataCite
registry, where repositories mint DOIs for research objects that are not publications, and the topic
classifier labels them by their descriptions.

E3, XPAC expansion records. OpenAlex marks as XPAC the records it added from non-
Crossref sources in its coverage expansion; these carry sparser metadata and a higher share of non-
research objects. The protocol excludes them, and 3,974,822 records carry the flag independently.
Amendment A-001 introduced one exception: an XPAC record that is linked to a DBLP record
is a computer-science publication whatever its provenance in OpenAlex, and it is kept with the
flag xpac_kept_dblp (74,771 records). Sequentially, after the type criterion, 1,430,851 records
are removed under E3, far fewer than the independent count because most XPAC records are also
non-research types.

E4, no title. Records with a missing or empty title cannot be linked, deduplicated or embedded
and are excluded: 16,442 independently, 1,193 sequentially.

ES, duplicate version. The preprint member of a merged pair (Section 9): 120,083 indepen-
dently, 114,365 sequentially.

E6, retracted. Works flagged is_retracted by OpenAlex, which draws on the Retraction
Watch data now distributed through Crossref, are not removed from the mapping corpus: they are
part of the published record and of its volume, and their presence is itself an object of study given the
record numbers of retractions reported for 2023 (Van Noorden, 2023). They are kept with the flag
and excluded from every impact analysis (citation rankings, landmark selection, field-normalised
scores). 28,587 loaded records carry the flag, of which 17,096 are in the eligible corpus.

E7, generic deposit platform. Introduced by amendment A-002, this code excludes records
whose primary source is a generic deposit platform (Zenodo, Figshare, the Japanese Institutional
Repositories DataBase, LA Referencia, Dialnet, the DOAJ-as-source entries and the OSTI OAI
feed) unless the record is DBLP- or arXiv-linked. Independently of order, 1,277,584 records carry
the flag; sequentially, after the five preceding criteria, 473,546 records are removed under this code.

One change of numbering must be recorded. In the frozen protocol, code E7 designated the
penumbra of works with a secondary computer-science topic only; the implementation reuses
the number E7 for the generic-deposit exclusion of amendment A-002 and carries the penumbra

as a separate flag, cs_penumbra. The penumbra is not an exclusion in the same sense as E1-
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E7: it is a scope boundary, reported separately and used in sensitivity analyses, and is treated in
Section 11. Amendment A-005 records the redefinition, so that the code labels of the protocol, of

the implementation and of this manuscript now agree.

10.2. Amendments A-001 and A-002 and their evidence

Two eligibility decisions were taken after the protocol freeze, on the evidence of the first run of the
corpus-definition script, and both are logged in protocol/amendments. csv with their date, their
reason and their status (executing agent, pending confirmation by the principal investigator at check-
point H-0). They are reported here in full because an eligibility rule changed after preregistration is
exactly the kind of decision a reader must be able to audit (Nosek et al., 2018).

A-001, document types. The protocol’s type list was written from the OpenAlex documentation
available at the time; the 2026 snapshot uses the types conference-paper and software-paper,
which the list did not contain. The first run of the eligibility stage excluded under code E2 a very
large number of records typed conference-paper, close to half of them DBLP-linked; the figures
of that superseded run are recorded in the amendment entry and are not repeated here, since the
run was not retained. Conference papers are the principal publication form of several areas of
computer science, and their exclusion would have invalidated the composition analyses of Part IX.
The amendment adds the two types to the list and, more consequentially, makes DBLP linkage
decisive: a DBLP-linked record is a computer-science research output whatever OpenAlex calls it,
unless its type is one that can never be a research output. The same amendment keeps DBLP-linked
XPAC records. The corrected run yields the counts reported above, in which 2,138,975 eligible
works are conference papers.

A-002, generic deposit platforms and date precision. Inspection of the eligible corpus by source
(systematic_review/inspect_sources.py) showed that a single generic repository, Zenodo,
contributed several times more eligible records dated 2026 than dated 2025, that almost none
of them carried a reference list, and that random samples were slide decks, datasets, software
releases and project reports typed as articles because the depositor had chosen that type; the counts
are recorded in the amendment entry. Left in the corpus, such records would have produced a
spurious surge of 2026 output concentrated in a repository that does not publish research articles,
and would have done so in the months where right truncation already makes the series fragile. The
amendment excludes records whose primary source is a generic deposit platform unless DBLP or
arXiv vouch for them, and introduces the date_precision flag discussed in Section 12. The rule
is a source-level rule, not a content judgement: a genuine research report deposited only on Zenodo
is lost, which is accepted because the alternative, keeping every deposit, contaminates the primary
estimand of RQ1. The sensitivity analyses of Part IX report the monthly series with and without the

generic-deposit exclusion.
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The amendments illustrate a general point about preregistered bibliometrics. The protocol can
freeze the rules but not the data model of a database that changes between the time of writing and
the time of extraction; when the data model changes, the honest course is an amendment with its

evidence, not a silent adaptation.

11. The computer-science core, the penumbra and the strict core

The decision of what counts as computer science is the single most consequential modelling choice

in a discipline-level mapping, and the protocol makes it with a three-part membership rule (decision

D4) rather than with any one source. A record that survives the exclusions E1-E7 belongs to the

core if at least one of the following holds:

1. itis linked to a DBLP record (venue-based membership);

2. its OpenAlex primary field is Computer Science (classifier-based membership);

3. it is linked to an arXiv e-print whose primary category is in the cs archive (author-declared
membership).

The third condition is the form given by amendment A-006. As frozen, it required in addition
that the record carry a computer-science topic in OpenAlex, which made the clause unreachable for
exactly the works the second pass recovers (works with no computer-science topic that an arXiv
e-print declares as computer science); the amendment removes the extra requirement and makes
the corpus-definition script assert that every record surviving the exclusions falls into exactly one
of three classes, core, penumbra or the residual class counted below. A record that survives the
exclusions, carries a computer-science topic and satisfies none of the three conditions, which means
it has neither venue nor author support, belongs to the penumbra. The three conditions correspond
to three independent judgements about disciplinary membership: the judgement of DBLP’s editors
about venues, the judgement of OpenAlex’s classifier about content, and the judgement of the
authors who chose a primary arXiv category. Requiring any one of them removes the over-inclusion
that a secondary topic alone would produce, while keeping works that any single source would have

missed.

11.1. Counts

After the sequential exclusions, 10,519,086 loaded records remain. Of these, 7,112,420 satisfy
the membership rule and constitute the eligible mapping corpus, 3,402,474 form the penumbra,
and 4,192 belong to neither: they carry no computer-science topic, having been loaded by the
second pass, and are neither DBLP-linked nor linked to an e-print with a cs primary category. By
construction of the second-pass identifier list, such records can only have been reached through

the journal DOI of an e-print harvested in the cs set but whose primary category lies in another
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archive (a cross-listed e-print), and they are outside the corpus by the same reasoning that excludes
the penumbra; this reading follows from the construction and has not been verified record by
record, which the linkage review will do. The three classes partition the survivors exactly, and the
corpus-definition script stops if they do not. The penumbra is thus a substantial fraction of the
records that a naive “any computer-science topic” filter would have called computer science; its
exclusion from the primary analyses is the main difference between the present corpus and what an
OpenAlex query alone would return, and it is the reason why no count in this manuscript should
be compared directly with the counts that the OpenAlex interface displays for field 17. Within
the eligible corpus, the three membership conditions overlap: 3,608,048 works are DBLP-linked,
5,322,572 have a computer-science primary field, and 804,407 are linked to an arXiv e-print; 70,034
are ACL Anthology papers. The eligible corpus divides by period into 3,405,453 works whose first
date falls in the baseline window, 3,705,041 in the post-boundary window, and a small residue of
1,926 whose first date, taken from a preprint or an e-print, precedes 2018 although the version of
record falls in the window; the residue is kept in the corpus and assigned to the “pre” period, so that
it enters no monthly series. Figure | renders these counts as a PRISMA-style flow, drawn from the

same JSON file that generates the macros of this section (cf. Haddaway et al., 2022).

11.2. The strict core

The membership rule is a disjunction, and a sceptical reader may object that a disjunction of three
imperfect judgements inherits the errors of each. The protocol anticipates the objection with a strict
core, defined as the conjunction of the first two conditions: works that are both DBLP-linked and
labelled computer science by the OpenAlex classifier. The strict core contains 1,832,633 works.
Every headline result of Part IX is re-estimated on the strict core, and the manuscript reports a
result as robust to scope only when the sign and the order of magnitude agree between the eligible
corpus and the strict core. The strict core is not a better corpus; it is a narrower one, biased toward
established venues and against preprints, dissertations and the newer conference series that DBLP

has not yet adopted, and its role is to bound the influence of scope decisions, not to replace them.

11.3. What the design does not do

Three limits deserve statement. First, DBLP membership is venue membership: a paper in a
DBLP-indexed journal of bioinformatics or operations research is in the core even when its content
is not computational, and the taxonomy of Part IV, not the scope rule, is what distinguishes such
works. Second, the rule has no language component; works in any language are eligible, and the
share of non-English records, which is concentrated in dissertations and in regional journals, is

reported among the quality indicators. Third, the rule is applied to the records loaded by the two
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PRISMA-style flow of the WP44 mapping corpus

Identified (OpenAlex works with a CS topic, 2018-2026, snapshot 2026-10-14)
16,592,966

— Outside window (E1)
59,453

— Non-research types (E2)
3,994,472

— XPAC expansion records, not DBLP-linked (E3)
1,430,851

— No title (E4)
1,193

— Preprint duplicates merged into the published version (E5)
114,421

— Generic deposit platforms without DBLP/arXiv support (E7)
473,549

After exclusions
10,519,027

CS core — mapping corpus (DBLP v primary CS v CS topic A arXiv cs.*)
7,110,289

CS penumbra — secondary CS topic only (sensitivity set)
3,402,475

Figure 1. PRISMA-style flow of record identification, exclusion and the final mapping corpus. Identification
counts are per source and overlap; exclusions are sequential in the order E1-E7; the core, the penumbra
and the small residual class of second-pass records with neither venue nor author support (text) partition
the records that survive the exclusions. Source: data/metadata/prisma_counts.json, rendered by
figures/make_figures.py.
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snapshot passes; a computer-science work that OpenAlex does not index at all, or indexes without
any computer-science topic and without a DBLP or arXiv DOI, is not observed. The DBLP-only
table and the unmatched ACL entries bound the size of this blind spot for two sources with complete

venue lists, and Section 13 reports them.

12. Dates, date precision, indexing lag and right truncation

Monthly series are the primary temporal unit of this study, and the November 2022 boundary falls
inside a year. Everything in the structural-change analysis of Part IX therefore depends on the
quality of dates at the month level, which is considerably worse than at the year level in every
bibliographic database. This section documents three distinct problems, their diagnosis in the

corpus, and the rule adopted for each.

12.1. Which date

Each eligible work carries up to three dates: the OpenAlex publication date of the surviving record,
the publication date of its merged preprint record where one exists, and the arXiv first-submission
date where the work is linked to an e-print. The first date of a work is the earliest of the three
(Section 9), except that a publication date of the form YYYY-01-01, which is in most cases a
year-only date, is set aside whenever a preprint or e-print date exists, so that the first date is then
the earlier of those two; the first month is its calendar month. The first date measures the entry
of the work into the public record, which is the quantity relevant to questions about the pace and
composition of research activity; the publication date of the version of record measures the pace
of the publishing system and is kept for the analyses of venues and of preprint-to-publication lags.
The two coincide for works without a preprint, which are the majority outside the machine-learning

areas.

12.2. Date precision and the January artefact

A large share of publication dates in OpenAlex are year-only dates stored as the first of January.
The phenomenon is visible without any model: the raw monthly series of first appearances shows a
spike in every January that no publishing calendar could explain (Figure 2), and inspection of the
eligible corpus by year found that between about a fifth and somewhat over a quarter of records
carry a date of the form YYYY-01-01, with the proportion varying by source and type; dissertations,
book chapters and records from repositories are the most affected, journal articles with publisher-
registered issue dates the least. Amendment A-002 introduced the flag date_precision, equal to

year when the publication date is the first of January and the work has neither a merged preprint
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date nor an arXiv first-submission date, and month otherwise. A work with a 1 January publication
date and an e-print is thus month-precision, because its first date is taken from the e-print rather than
from the publication date (Section 9). The rule is a heuristic with a known cost: a work genuinely
published on 1 January and without a preprint is classed as year-precision. In the eligible corpus,
5,705,832 works are month-precision and 1,406,588 are year-precision.

All monthly series in Part IX use month-precision records only. Year-precision records enter the
annual series, where their date is correct, and the composition analyses that do not depend on the
month. The exclusion of year-precision records from monthly series is not innocuous: if the share
of year-only dates differs between categories or between periods, the monthly composition is biased
relative to the annual one. Part IX therefore reports, for each category, the share of year-precision
records by year, and treats a divergence between the monthly and the annual growth estimates as a

warning rather than as two independent results.

Monthly first appearances of eligible works (January spikes = year-precision dates)

| ChatGPT rel 2022-11-30
—— All eligible works (first appearance month) P release { )

200 -

100 -+

Works per month (thousands)

LLLLL

1
1
I I I ! I
2018 2019 2020 2021 2022 2023 2024 2025 2026 2027

Figure 2. Monthly first appearances in the eligible corpus before the precision filter. The January spikes
reflect year-only publication dates stored as 1 January and motivate the month-precision rule. Source:
results/bibliometrics/volume_monthly.csv.

12.3. Indexing lag and why created_date cannot measure it

A work is observable only once the database has indexed it, and the delay between publication and
indexing determines how incomplete the most recent months are. The research plan proposed to
estimate the delay profile from the OpenAlex created_date field, the date on which the record
was created in OpenAlex, and to use the profile to correct the right tail of the monthly series.
The diagnostic run of this estimator (results/bibliometrics/indexing_lag.csv) refuted the

proposal. For works published in 2018, the median difference between created_date and the
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publication date is close to eight years, and the median falls by almost exactly one month for each
later publication month, which is the signature of a constant creation date: the field records the
date on which the record was created in the current OpenAlex data model, apparently during a
re-ingestion in the second half of 2025, not the date on which the work was first indexed. For the
great majority of works published before that re-ingestion, created_date carries no information
about indexing delay, and for works published after it the field measures the delay only for the
records created since. A lag profile estimated from it would be an artefact of database maintenance.
The field is therefore not used, and the plan’s lag-corrected estimates are replaced by the approach
below. The episode is recorded in detail because a reader who reproduces the estimator on a later
snapshot may find the field meaningful again, and because it shows why the mandate’s requirement
to preserve immutable raw snapshots is not a formality: the only way to measure indexing lag

honestly is to compare two snapshots of the same database.

12.4. Right truncation

The last months of the window are incomplete for three distinct reasons that must not be conflated:
works published but not yet indexed (indexing lag), works indexed but not yet linked to a DBLP
record because DBLP’s own curation lags the publishers, and works whose citation counts have had
little time to accumulate. The first two shrink the counts of the recent months; the third affects only
impact indicators and is treated in Part IV through fixed citation windows, which are the standard
remedy for the age dependence of citation counts (Wang, 2013; Waltman, 2016).

For the counts, the diagnosis uses the sources against one another. The DBLP dump of 2026-11-
02 holds, for 2026, a count well below its 2025 count although ten months of the year have elapsed,
which shows that DBLP’s own coverage of 2026 is incomplete; and the eligible corpus for 2026
is of the same order as that for 2025 (901,651 against 1,065,828), which on its face suggests that
OpenAlex is ahead rather than behind. The two observations are reconciled by the composition of
the 2026 records: a much lower share with a reference list, a much lower mean number of references,
a higher share of preprints and, before amendment A-002, the Zenodo contribution described above.
In other words, the recent months are not simply truncated; they are differently composed, with the
fast channels (preprint servers, repositories) over-represented relative to the slow ones (journals,
curated indexes). A correction factor estimated from totals would be wrong for every category
whose channel mix differs from the average.

The rule adopted is conservative. The “complete” observation window for monthly inference
ends in June 2026; the months from July to November 2026 are reported descriptively, separately,
and never enter a breakpoint test. Within the complete window, the structural-change models include
the last months with their observed values and the robustness section of Part IX re-estimates every
break with the window ending in March 2026 and in August 2026, so that a result that depends
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on the last months of the window, in either direction, is identified as such. The API increment
harvested after the snapshot (Section 6) adds the works registered between the snapshot date and
the extraction date, which narrows but does not close the gap. Finally, forward-dated records, works
carrying a 2026 publication date for an issue not yet released, are retained when their date precedes
the extraction date because they are, by the definition of the first date, in the public record; the
current build does not count them separately, and a count by month of the records whose publication
date lies after the snapshot date is listed among the quality indicators to be added before Part IX is

finalised.

13. Quality indicators and known biases

PRISMA 2020 asks for an assessment of the risk of bias in the included studies; a mapping study
has no studies in that sense, and the protocol replaces the item with indicators of the quality of the
bibliographic record itself, reported per year and per category in Appendix B. This section defines
the indicators, reports the corpus-level values that are available at the time of writing, and sets out
the known biases of the design, each with the direction in which it is expected to push the results of
Part IX.

13.1. Metadata completeness

Four completeness indicators are computed for every work: presence of an abstract, presence of
a non-empty reference list, presence of at least one affiliation with an institution identifier, and
presence of a country for at least one author. In the eligible corpus, 5,387,013 works have an
abstract and 4,616,293 have at least one resolved reference, out of 7,112,420. Both shares are lower
than those reported for the DOI-bearing journal literature in comparisons of OpenAlex with the
commercial indexes (Culbert et al., 2025b; Delgado-Quirds and Ortega, 2024), which is expected
in a corpus that includes dissertations, book chapters and preprints, and both fall sharply for the
most recent year (Figure 3). The consequences are concrete. A work without an abstract cannot
be embedded or classified by its content and is classified from its venue, its arXiv categories and
its OpenAlex topics alone, with a lower confidence score; a work without references does not
contribute out-citations to the knowledge graph, so that the citation flows of Part VIII are estimated
on the subset with references and are weighted accordingly. The ACL Anthology abstracts fill part

of the first gap for one subfield; no source fills the second.

13.2. Coverage overlap between sources

The overlap between sources is the study’s main instrument for measuring its own coverage, because

each source has a complete list of what it holds. Three overlaps are reported. The DBLP-OpenAlex
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Figure 3. Document-type composition and metadata completeness of the eligible corpus by publication year
(2026 incomplete). Source: results/bibliometrics/volume_yearly.csv.

overlap, after both passes, is the share of DBLP records in the window with an OpenAlex counterpart;
its complement, the DBLP-only table, is tabulated by year and type in Appendix B. The arXiv—
OpenAlex overlap is the share of cs e-prints with an OpenAlex counterpart (864,677 of 890,852
e-prints first submitted in the window). The ACL-OpenAlex overlap is the share of Anthology
papers linked (72,949 of 85,625). An unmatched ACL paper is a documented computer-science
publication that the backbone either does not hold or holds under a title or identifier the linkage
could not resolve; the residual is therefore an upper bound on the sum of backbone non-coverage and
linkage failure for one conference-heavy subfield, and a manual review of a sample of unmatched
entries, planned with checkpoint H-1, separates the two.

Figure 4 shows the eligible works by publication year and by source membership. The widening
of the arXiv-linked layer and the relative stability of the DBLP-linked layer are the first descriptive
facts of the study, and they are also a warning about right truncation: in the most recent years, the

fastest source dominates.

13.3. Known biases and their expected direction

DBLP coverage bias. DBLP indexes established venues and adopts new conference series with
a delay; within the core, the DBLP-linked subset over-represents long-standing journals and
conferences and under-represents workshops, regional venues and the newest series. Because the
strict core is defined through DBLP, every strict-core estimate inherits this bias, which runs against
emerging topics and against the most recent years. Results that are stronger in the strict core than in

the eligible corpus are therefore unlikely to be artefacts of over-inclusion; results that appear only in
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Eligible computer-science works per publication year, by membership
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Figure 4. Eligible works per publication year by source membership (DBLP-linked, OpenAlex computer-
science primary field, arXiv-linked, ACL Anthology); memberships overlap. 2026 is incomplete. Source:
results/bibliometrics/volume_yearly.csv.

the eligible corpus may be.

OpenAlex topic noise. The topic classifier mislabels in both directions, and the membership rule
bounds only the over-inclusion, through the penumbra. Under-inclusion is bounded by DBLP and
arXiv for the venues and preprints they cover and is unbounded elsewhere. Within the core, the
topic labels are used as one of several signals in the taxonomy, never alone, and the taxonomy’s
validation on human-reviewed samples (Part IV, checkpoint H-2) is the only direct measure of how
much label noise survives.

XPAC records. The expansion records excluded under E3 are not a random sample of the
literature: they are concentrated in repositories, in non-English regions and in recent years. Their
exclusion removes some genuine research, mostly outside the venue system, and biases the corpus
toward the formal literature; the DBLP exception restores the part that the venue system vouches
for. The sensitivity analysis that reinstates XPAC records of research types reports the difference.

Generic-deposit platforms. The exclusion under E7 removes, besides the deposits that motivated
it, any research output whose only home is a generic repository; the effect is largest in 2025-2026
and in the areas, such as scientific computing and computational biology, where data and software
deposits accompany papers. The direction of the bias is toward under-counting recent output in
those areas, which is the opposite of the bias the rule corrects.

Missing abstracts. Abstract availability depends on publishers’ metadata deposits and on

OpenAlex’s sources; it is lower for conference papers of some societies and for older records, and
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it is strongly correlated with the DOI registrant. Every content-based analysis is conditional on
abstract availability, and the appendix reports the abstract share by category and year so that the
reader can judge where the conditional population departs from the corpus.

Forward-dated and year-dated records. Both displace works along the time axis in a direction
that is not symmetric: year-only dates pull works toward January, forward dates push them toward
the future. The month-precision rule removes the first; the second is bounded by the window end
and will be counted explicitly.

Retractions. Retracted works are in the corpus and out of the impact analyses. The retraction
flag depends on the coverage of the Retraction Watch data through Crossref, which is incomplete for
publishers that do not deposit retraction notices; some retracted works are therefore in the impact
analyses unflagged. The direction of the bias is small but known: retraction is concentrated in a few
venues and in a few years, and the landmark selection of Part V checks each candidate against the
current retraction status at the time of review.

Preprint duplication. The residual double count after the exact-title pairing inflates the areas that
preprint most, which are also the areas expected to show the strongest growth. The sensitivity with
a similarity threshold and the removal of preprints with a journal DOI bound the effect; a growth
result for machine-learning areas that does not survive these two variants is reported as not robust.

None of these biases is corrected by reweighting. The study reports them, bounds them where a
second source permits, and re-estimates its results on alternative corpora (strict core; corpus with
penumbra; corpus with XPAC research types; corpus with DBLP-only records; corpus with generic
deposits) so that the reader can see how far each conclusion depends on each scope decision. This
is the approach that the science-of-science literature recommends for databases whose coverage is
known to be uneven (Fortunato et al., 2018b), and it is the only one compatible with a mandate that

forbids the fabrication of corrections.

14. Research-integrity procedures

The mandate for this working paper lists integrity rules that are unusual for a bibliometric study: no
fabricated reference, identifier, count or result; no paper content invented from metadata; no abstract
treated as a full text; no model-generated summary treated as evidence; no temporal association
read as causation; no preprint described as peer-reviewed; inaccessible data recorded explicitly;
and human review of every scientific conclusion. The rules are a response to the way the study
is conducted, by a principal investigator directing autonomous software agents, and this section
describes the procedures by which they are enforced. The procedures are reported here, in the data

part, because most of them operate on data and artefacts rather than on prose.
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14.1. Preregistration and the amendments log

The protocol (protocol/PROTOCOL.md) was frozen on 2026-11-02 before any analysis of the
corpus. It fixes the research questions, eight directional hypotheses H1-H8 with the sign of the
expected effect stated so that null and opposite results must be reported as such, the eligibility
criteria and their codes, the sources and extraction dates, the data items, the quality indicators, the
synthesis methods, the human-review checkpoints and the data-availability commitments. The
preregistration is internal, in the repository rather than in a registry, which limits its evidential
value relative to a time-stamped public record (Nosek et al., 2018); the repository’s version history
and the dated amendments log are the available substitute, and the release of Phase 9 will include
both. Every departure from the frozen protocol is an entry in protocol/amendments.csv with
an identifier, a date, the phase, the change, the reason and the approver, which until the principal
investigator signs is “executing agent (pending PI)”. At the time of writing the log holds seven
entries: A-000 records that the mandate’s acceptance criteria were completed by the executing agent
after the pasted text was truncated; A-001 and A-002 are the eligibility amendments of Section 10;
A-003 and A-004 fix the budgets and the models of the LLLM-based taxonomy validation and
knowledge-graph extraction; A-005 records the renumbering of code E7 and A-006 the revised
arXiv clause of the membership rule (Sections 10 and 11), both prompted by the writing and critique
passes of the first manuscript draft. Analyses added after the freeze are labelled exploratory in
Part IX.

14.2. Immutable raw snapshots and provenance

Nothing in the corpus can be traced to a result unless the raw data from which it was built can be
re-obtained or re-verified. The OpenAlex release is a public, versioned object; the study keeps its
manifest, the per-file content lengths and SHA-256 hashes, and the filtered subset, rather than a copy
of the full bucket (decision D6), so that a reader with the same release and the same scripts obtains
byte-identical inputs, and a reader with a later release can measure the difference. The DBLP
dump is kept with its MD35, the arXiv harvest as the raw OAI-PMH pages, the ACL export with
its SHA-256, and the API increment as the raw JSON pages with a ledger of calls and cost. Each
ingestion job writes a ledger with attempts, timings, hashes, counts and errors, which is the job-level
provenance the mandate requires. The processing chain from raw snapshot to PRISMA counts is
a sequence of scripts with measured wall times in reproducibility/RUNBOOK.md, executed in
a locked Python environment whose package versions are recorded; the chain was executed on a
single node, deliberately, because it is network-bound and because a single-node execution is easier

to reproduce than a distributed one.

64



14.3. Numbers that cannot be typed

Every count, share and estimate quoted in this manuscript is a LaTeX macro generated by
tables/make_numbers.py from the result files (prisma_counts. json, linkage_report. json,
the bibliometric and econometric result tables). The macros cannot be edited by hand, a macro
whose source file is absent is undefined and stops the compilation, and a number the authors need
but the pipeline has not produced appears in the text as a visible pending marker rather than as a
figure. The procedure is the mechanical form of the mandate’s requirement that every quantitative
claim trace to a script, an input artefact and a result file. It has a cost in prose, since the text cannot
anticipate a number, and a benefit in auditability, since a reader who regenerates the result files

regenerates the manuscript’s numbers.

14.4. Verified references

The bibliography of this manuscript is built under a rule that no reference may be cited unless it has
been resolved to a bibliographic record by a single programmatic lookup against Crossref, OpenAlex
or arXiv, with the returned title compared with the intended one and the comparison recorded in
a verification table (references_verification*.csv: key, identifier, service, returned title,
match). References that fail the lookup are removed from the bibliography and kept in the table with
a failed status, and a second agent re-verifies a sample in the audit phase. The rule exists because the
model-based agents that draft the prose are known to produce plausible but non-existent references
when unconstrained; it is also why preprints are cited as preprints, with their arXiv identifier and
without a venue, and why the bibliography distinguishes a technical report from a peer-reviewed

article in its entry type.

14.5. Agents, artefacts and the register

The study is executed by a research-director agent that spawns specialised agents with writ-
ten briefs; each brief, the artefacts it produced and the agent that verified them are recorded
in agents/REGISTER.md. The rule that governs the register is that no agent approves its own
findings: an artefact enters the manuscript only after a different agent, the scientific critic or the
reproducibility auditor, has checked it, and the register records the checker. Agents exchange
structured artefacts (tables, JSON, Markdown with declared schema) rather than conversational
summaries, so that what one agent passes to another can be inspected after the fact. The writing
agents, including the one that produced this part, work from the source-of-truth files named in their
briefs and are instructed to describe what the code does rather than what the plan intended; where

the two differ, as with the indexing-lag estimator of Section 12, the difference is reported.
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14.6. Human-review checkpoints

Six checkpoints are defined (H-0 to H-5: plan and protocol; linkage sample; taxonomy validation
sample; landmark list and specialist reviews; structural-change results and their interpretation;
manuscript conclusions), each with a named artefact that the principal investigator reviews and signs
(reports/HUMAN_REVIEW_CHECKPOINTS.md). Until a checkpoint is signed, every conclusion that
depends on it is labelled “pending human review” in the text, with the same visible marker as
a missing number. At the time of writing no checkpoint is signed. The reader should take this
literally: the conclusions of this manuscript are, in its present version, the conclusions of a procedure,

reviewed by its own audit agents and awaiting the judgement of its human author.

14.7. What the procedures do not guarantee

The procedures guarantee traceability, not truth. A count traced to a script is still wrong if the script
is wrong; a verified reference is still miscited if the prose misreports what it says; a preregistered
hypothesis can still be tested with an inappropriate model. What the procedures make possible
is detection: every number, reference and decision has a place where an auditor can look. The
remaining risks are the ones this part has tried to state plainly: the coverage and labelling errors of
the sources, the residual duplication, the fragility of the recent months, and the dependence of every

scope decision on the judgement, recorded but not infallible, of the agents that took it.

Part IV

Computational Methodology

15. Notation and the corpus as a measurable object

Every quantity reported in Parts VIII and IX is a function of a finite set of bibliographic records
and of a small number of deterministic transformations applied to them. This part states those
transformations with enough precision that an independent analyst could recompute the results
from the raw snapshots listed in Part III. The exposition follows the order of the pipeline
(reproducibility/RUNBOOK.md): record linkage, deduplication and eligibility (Section 16),
multi-label classification (Section 17), bibliometric indicators (Section 18), network measures
(Section 19), semantic mapping (Section 20), structural change (Section 21), emerging-topic detec-
tion (Section 22), knowledge-graph extraction (Section 23) and the treatment of uncertainty and
reproducibility (Section 24). Throughout, a design choice that departs from the preregistered plan
(RESEARCH_PLAN.md, protocol/PROTOCOL.md) is stated as such, because the code, not the plan,
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is what produced the numbers.

15.1. Works, dates and periods

Let #( denote the set of OpenAlex work records loaded from the snapshot of 14 October 2026
(the records carrying at least one topic of the Computer Science field, plus the second-pass records
recovered through DBLP and arXiv identifiers, Section 16). Each record w € % carries an
OpenAlex identifier, a type 7(w) drawn from the OpenAlex controlled vocabulary, a publication
date dpup(w), a creation date dc(w) (nominally the date at which the record entered OpenAlex; Part
IIT shows that for most records it reflects a re-ingestion in the second half of 2025, so it is not used
as an indexing date), a title, an optional abstract, authorships, a primary source (venue), OpenAlex
topics with their subfield and field, a list of referenced works, and yearly citation counts. Linked
records from DBLP, arXiv and the ACL Anthology attach to w a DBLP key, an arXiv identifier with
its arXiv creation date dyx(w) and primary category, and an ACL identifier.

The temporal position of a work is its first date, computed by systematic_review/define_corpus.py
from three candidate dates: the publication date dp,,(w), the publication date dpuy(m(w)) of
the preprint record 7(w) merged into w by the deduplication rule of Section 16.2 when one
exists, and the arXiv creation date du(w) of the linked arXiv record when one exists. Let
A(w) C {dpup(m(w)), darx(w) } be the set of those two dates that are available for w. Then

minA(w) if dpyp(w) falls on 1 January and A(w) # 0,
d(w) = 3)
min ({dpu, (W)} UA(w)) otherwise.

The second branch is the minimum of the available dates. The first branch is the override that
matters: OpenAlex records a year-only publication date as the first of January of that year, and when
a preprint or arXiv date exists the code drops the 1 January date from the minimum instead of letting
a fictitious date win by construction. The first date can therefore be later than the publication date,
with a consequence for the period assignment below: a record whose publication date is 1 January
2022 and whose linked arXiv version was created in March 2023 is dated March 2023 and belongs
to the post period, although its OpenAlex year is 2022. The first date, not the date of the version of
record, is the quantity that places a work on the time axis, because the research question concerns
when ideas entered the literature rather than when a publisher released them. The publication
year y(w) used for citation normalisation is, in contrast, the OpenAlex publication_year of
the surviving record, because citation windows are defined in calendar years of the OpenAlex
counts_by_year table (Section 18.2). The two conventions are deliberately distinct and both are
stored on every record.

The observation window is [fo,#;] = [2018-01-01,2026-11-02], split at the reference date t* =
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2022-11-30 into a baseline period B = [fo,#*) and a post period P = [t*,1;]:

)
pre ifd(w) < 1o,

B iftg <d(w) <t*,
period(w) = 0 < d(w) 4)
P if 1 <d(w) <1,

| future if d(w) > ty.

The eligibility predicate of Section 16.3 constrains dp,(w), not d(w), to the window, so an eligible
work whose preprint or arXiv date precedes 2018 receives the label pre (1,926 eligible works); such
works are counted in the annual tables, which are keyed by publication year, but belong to neither
period and to no monthly series, since the series start in January 2018. The label future is defined for
completeness and is empty in the current corpus: it could arise only if an arXiv date later than the
window end rescued a year-only record. Monthly series use the month m(w) of the first date. Two
facts about dates constrain everything that follows. First, a substantial share of OpenAlex records
carry a publication date equal to the first of January of their year, which is the database’s convention

for year-only precision rather than a real date. The pipeline therefore attaches to every record a flag

year  if dyup(w) falls on 1 January and A(w) = 0,
prec(w) = (5)
month otherwise,

and every monthly series in this paper is computed on the month-precision subset #™ = {w :
prec(w) = month} only (amendment A-002): 5,705,832 eligible works are at month precision and
1,406,588 at year precision. A record whose 1 January date is overridden in equation (3) counts as
month precision, because the date that places it is a real one. Two consequences follow. A genuine
1 January publication without a linked earlier version is misclassified as year precision and dropped
from the monthly series. More importantly, the exclusion is not period-neutral: whether a year-only
record is rescued depends on whether it has a linked preprint or arXiv version, and that linkage rate
rises over the window with the growth of arXiv deposit, so the fraction of eligible works that enter
the monthly series differs between the baseline and the post period, and Part III reports year-only
shares that vary by source and type. A change in level of a monthly series could in principle be
produced by a change in date precision alone. The manuscript treats this as a maintained caveat
rather than a solved problem: the year-precision share is reported by year, source and type next
to the monthly series (Parts III and IX), and the annual series, which use all eligible records, are
the check that does not depend on precision. A sensitivity run that redistributes year-only records
over the months of their year is not implemented. Second, the right end of the window is censored:

records published in the last months before the snapshot are under-represented because OpenAlex
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indexes them with a lag. The treatment of this right-truncation is specified in Section 21.1.

15.2. Categories, areas and the measurable structure

Let # be the set of the forty leaf categories of the ontology (taxonomy/ontology.yaml, Part I1I
and Appendix A) and .o/ the set of its eight areas, with the surjection a : #  — ./ assigning each
leaf to its area. Seven leaves are additionally declared children of another leaf (for instance /lm
< foundation_models, compilers < programming_languages); this partial order < is used only to
break ties when a primary category is chosen. The classifier of Section 17 assigns to each work
a label set C(w) C ¥, possibly empty, and, when C(w) # 0, a primary category k*(w) € C(w).
Multi-label counting and primary counting give different answers to “how many works are in

category k”, and both are reported: for a set of works S,
NP (©S)=|{weS:kecw)}, N'(S)=[{weS:k*(w)=k}| (6)

so that Y, N{'(S) < |S| with equality when every work is classified, whereas ¥, N™(S) exceeds |S|
by the number of secondary labels. Flows between categories (Section 19) and the emerging-topic
panel (Section 22) use the primary label; co-classification statistics use the full label set.

The eligible corpus # C # is the set of records passing the predicate E(w) of Section 16.3.

For a month 7 and a category k, the elementary counts are

N, =[{we W™ m(w) =1}, Nig=[{we#™ m(w) =1, *(w) =k}|, Skt = Nict /Ny

(7)
Every estimand of Parts VIII and IX is a functional of these counts, of the citation matrix of
Section 18.2, of the authorship lists, or of the embedding vectors of Section 20. The corpus is finite
and fully enumerated, so the descriptive quantities are population quantities rather than sample
estimates; the inferential devices of Sections 21 and 22 address a different kind of uncertainty,
namely whether an observed temporal pattern is distinguishable from the ordinary fluctuations of

the series, and whether a predictor would have worked out of time.

15.3. Storage and computation

The pipeline keeps the raw snapshots immutable (per-file SHA-256 ledgers, Section 24) and
materialises all derived tables as Parquet files queried through DuckDB (Raasveldt and Miihleisen,
2019); the linkage, deduplication, eligibility, counting and citation-window steps are SQL statements
executed inside one database file, which makes every table in this part a deterministic function of
the raw inputs and of the script that produced it. Python is used where SQL is inconvenient: the

regular-expression classifier, the structural-change toolkit, the embedding and clustering steps, and
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the detector. The slim table of all OpenAlex works (464,765,485 rows: identifier, DOI, year, type,
primary topic hierarchy, citation count) is kept so that the field of a cited work outside computer

science can be resolved (Section 19.1); this is decision D2 of the plan.

16. Record linkage, deduplication and eligibility

The four sources describe overlapping but differently delimited populations: OpenAlex is the
backbone, DBLP defines what counts as a computer-science venue, arXiv contributes preprints
and their categories, and the ACL Anthology serves as a coverage check for natural-language
processing. Combining them is a record linkage problem in the classical sense of Fellegi and Sunter
(1969): two records from different files must be declared the same work or not, on the basis of
comparison vectors computed from their fields. The pipeline uses a deterministic cascade rather
than a probabilistic model, because the dominant comparison fields (DOI and arXiv identifier)
are persistent identifiers whose agreement is near-conclusive, and because a probabilistic model
would require labelled training pairs that the project does not possess before the human checkpoint
H-1. The cost of this choice is that the precision of the residual title-based step must be estimated
from a reviewed sample rather than derived from the model; the design of that estimate is given in
Section 16.4.

16.1. Normalised keys and the linkage cascade

For each source the script ingestion/link_sources.py builds a key table. A DOI is lower-cased.
An arXiv identifier is lower-cased and stripped of its version suffix (v [0-9]+8$); for DBLP records,
which do not carry an arXiv field, the identifier is extracted from the electronic-edition URLSs by the

pattern arxiv.org/abs/ ([~ ]1+). A title is normalised by the map
n(title) = delete [, oo (lower(title)), (8)

which lower-cases and deletes every character outside [a—z0-9], so that punctuation, whitespace,
case and diacritics (which do not survive the ASCII filter) no longer separate otherwise identical
titles. The normalised title is used only for records whose original title has at least 25 characters,
a threshold that removes the many short generic titles (“Introduction”, “Editorial”, “Preface”) for
which equality of 1 carries no evidence.

DBLP records are restricted to the years 2018-2026 and to the record types article, inproceed-
ings, incollection, book, phdthesis and data. The DBLP-OpenAlex cascade is then
1. DOI: join on equal lower-cased DOI; every matching pair is kept (a DBLP key may match

several OpenAlex records sharing a DOI, and conversely; the many-to-many structure is resolved
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at the deduplication stage, not here);

2. arXiv: among records unmatched on both sides, join on equal normalised arXiv identifier;

3. title-year: among records still unmatched on both sides, restrict each side to normalised titles
that are unique within that side, join on equal 1, and keep the pair if the years differ by at
most one and the first-author surnames agree whenever both are available (the last whitespace-
delimited token of the first author’s name, lower-cased, taken from the DBLP author list and
from the OpenAlex authorship at position zero).

The uniqueness restriction in step 3 is the blocking device: it turns the join into a one-to-one map

and prevents a frequent title from generating a clique of spurious pairs. The price is recall, since a

genuine pair whose title appears twice on either side (a journal version and a workshop version with

the same title, for instance) cannot be linked at this step; such pairs are usually caught by the DOI
step or by the preprint merge of Section 16.2. The arXiv—OpenAlex cascade is analogous (arXiv
identifier, then DOI, then unique normalised title with a year tolerance of two, because the arXiv
creation year and the OpenAlex publication year of the version of record can legitimately differ
by more than one). The ACL-OpenAlex cascade uses DOI, then the ACL identifier parsed from

OpenAlex landing-page URLS of the form aclanthology.org/<id>, then unique normalised title

with a year tolerance of one. Each link carries its method label, which is the stratification variable

of the precision sample.

The counts of the first run are stored in data/metadata/linkage_report.json and repro-
duced in Part III; here it suffices to note the shape of the result. Of the 4,347,365 DBLP records
in window, 4,052,326 carry a DOI, 3,639,848 are linked by DOI and 141,062 by title and year,
for 3,774,184 distinct DBLP keys linked and 573,181 unlinked. No DBLP record was linked
through the arXiv step (0 DBLP keys with a parsable arXiv identifier), a result consistent with
DBLP recording arXiv e-prints through their DataCite DOIs (prefix 10.48550), which the DOI
step captures, rather than through arxiv.org/abs URLSs; the cause is to be confirmed in the audit
of Part III. The arXiv—OpenAlex cascade links 864,677 of the 890,852 arXiv cs records created
in window, almost all of them (914,406) by identifier. The 1,605 unlinked DBLP records whose
DOI does exist in the slim table of all OpenAlex works are precisely the records that OpenAlex
does not label with any Computer Science topic; they motivate the second snapshot pass, in which
these identifiers (1,605 from DBLP and 0 from arXiv) are fetched in full and the linkage is rerun
with the union of both passes. The corpus is therefore not the set of works that OpenAlex calls
computer science: by the membership rule of Section 16.3, as amended by A-006, it is the union
of the works whose primary OpenAlex topic lies in computer science with the works that DBLP
indexes and the works whose authors filed them under an arXiv cs. * primary category, which is
the sense in which the mandate’s requirement to “cover the complete breadth of computer science”

rather than only the OpenAlex topic model is operationalised. The first version of the rule required
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an OpenAlex computer-science topic in addition to the arXiv category, which made the arXiv clause
unreachable for exactly the second-pass works it was meant to admit; amendment A-006 removed

that requirement after the critic’s audit found the records falling between core and penumbra.

16.2. Preprint—publication deduplication

A work that exists as an arXiv preprint and as a published version is two OpenAlex records whenever

OpenAlex has not merged them. Counting both would double-count exactly the kind of work (Al

preprints) whose growth is at issue (CLAUDE.md §6.2). The script systematic_review/define_corpus.py
identifies such pairs within % by two routes. Let & = {w: T(w) = preprint or DOI(w) starts with 10.48550/arxiv}
be the preprint-like set and 2 the set of admissible published twins,

B = {b¢ P: dyp(b) € [to,11], ~is_xpac(b), title(b) # 0, T(b) € Tieep Vin_dblp(b)}, (9)

that is, records that would themselves pass the window, XPAC, title and type exclusions of Sec-
tion 16.3 (otherwise the preprint stays as the canonical record). With |1(-)| > 25 required of both

normalised titles,

(p,b), pe P, be B, is acandidate pair <= [1(p) =n(b)Aly(p) —y(b)| <2] Vv [arx(p) =arx(b) # 0],
(10)
where arx(-) is the arXiv identifier of the record (the linked one when the cascade of Section 16.1
supplied it, otherwise the identifier OpenAlex itself carries). The first route is labelled title_year
and the second arxiv_id; among eligible works they account for 84,767 and 13,281 merged pairs
respectively (Part III). A preprint may match several published records and conversely; the rule
keeps, for each published record, the earliest-dated preprint and, for each preprint, the earliest-
dated published record, and discards any pair that is not the first in both orderings (a pair found
by both routes is counted once, and which of the two labels it retains is not fixed by the rule).
The surviving pairs define the map 7 of equation (3): the published record b receives n(b) = p,
preprint_date(b) = dpup(p) and the first date of equation (3); the preprint p receives the flag
e5_duplicate and leaves the eligible corpus. The version relationship is therefore kept on the
surviving node, as the plan requires, but a title match is exact. Two limitations follow. A preprint
whose title changed between versions is merged only if the two records share an arXiv identifier, and
otherwise survives as a second work; a preprint and an unrelated published paper with an identical
normalised title within two years are wrongly merged. The second error is rare for titles of at least
25 characters; the first is the more consequential one and biases the preprint share upward, which is
the conservative direction for hypothesis H7. Deduplication across the OpenAlex—DBLP boundary

is not needed because DBLP records are never counted as works: a DBLP record either links to
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an OpenAlex record, in which case the OpenAlex record carries the flag in_dblp, or it does not, in

which case it is counted in the separate DBLP-only table used for coverage assessment.

16.3. Eligibility predicate

Each record receives seven exclusion flags and two membership flags, computed once and stored,
so that every PRISMA count is a filter on the same table. With Ty, = {article, conference-
paper, preprint, book-chapter, book, dissertation, report, review, software-paper}, Thaq = {editorial,
erratum, retraction, peer-review, paratext, conference-abstract, reference-entry, dataset, software,
supplementary-materials, libguides, letter, grant, standard}, and ¢ the list of generic deposit
platforms (Zenodo, Figshare, IRDB, LA Referencia, Dialnet, DOAJ-as-source, OSTI), the flags are

e1(w) : dpup (W) missing or outside [fg,11]; (11)
e2(w) 1 T(W) & Tieep A —(in_dblp(w) A T(w) & Thara); (12)
e3(w) @ is_xpac(w) A —in_dblp(w); (13)
eq(w) : title empty; (14)
es(w) : wis the preprint member of a pair of (10); (15)
ee(w) : is_retracted(w); (16)
e7(w) : source(w) € ¢ A —in_dblp(w) A no linked arXiv record. (17)

The membership flags encode the computer-science rule of the protocol:

core(w) = in_dblp(w) V cs_primary(w) V arxiv_cs_primary(w), (18)

penumbra(w) = cs_any(w) A —core(w), (19)

where cs_primary means that the primary OpenAlex topic belongs to field 17, cs_any that some
topic does, and arxiv_cs_primary that the linked arXiv record’s primary category starts with cs.
(amendment A-006; the earlier form of the third clause, cs_any A arxiv_cs_primary, is discussed
in Section 16.1). A record that survives the exclusions but is neither core nor penumbra—no
computer-science topic at all, not DBLP-indexed, and no cs. arXiv primary category, typically
a second-pass work reached through an arXiv DOI whose arXiv primary category lies outside
computer science—forms a third class of 4,192 records, reported in the PRISMA flow of Part III;

the script asserts that the three classes partition the surviving records. The eligibility predicate is

E(w) = —ej A—ey A—e3 A\ —eq A —es A —e7 Acore(w). (20)
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Three features of this predicate deserve comment. Retraction (eg) is not part of E: retracted works
stay in the mapping corpus with their flag and are excluded only from impact-based selections
(Section 23), as the protocol specifies (E6). The type rule e, is asymmetric by amendment A-001: a
DBLP-indexed record is kept whatever its OpenAlex type unless that type is in the hard-exclusion
list, because the first run showed that OpenAlex typed more than a million DBLP conference papers
in ways the original list rejected; XPAC records (OpenAlex’s expansion of coverage from secondary
sources) are likewise kept when DBLP-indexed and flagged xpac_kept_dblp. The deposit-platform
rule e7 was added by amendment A-002 after Zenodo alone was found to contribute a six-figure
number of 2026 records typed as articles with almost no references; the protocol’s original E7
(penumbra) is now the membership flag rather than an exclusion, so the reason code E7 in the
protocol and the flag e7 in the code denote different things. This is a documentation discrepancy,
not an analytical one, but readers comparing the protocol and the PRISMA table should be aware
of it. The penumbra set—works with a secondary computer-science topic but neither DBLP nor
arXiv support—is counted separately and enters only sensitivity analyses; the strict core used for
the sensitivity analyses in the other direction is {w : E(w) Ain_dblp(w) A cs_primary(w)}.

The PRISMA counts are computed both marginally (how many records carry each flag) and
sequentially (how many are removed by each flag after the previous ones have been applied, in the
order ey, es,e3,e4,e5,e7), because the flags overlap heavily and only the sequential version sums to

the final count. The order is a reporting convention; the final eligible set does not depend on it.

16.4. Design of the linkage-precision estimate

Precision of the deterministic cascade is estimated on a stratified sample of 500 DBLP-OpenAlex
pairs drawn by systematic_review/linkage_sample.py: 250 pairs linked by DOI, 200 by title—
year and 50 by arXiv identifier (the last stratum is empty in the current run, for the reason given in
Section 16.1), selected by ordering each stratum on a hash of the DBLP key salted with the seed 44
and taking the first records, which is a reproducible simple random sample within stratum. For each
pair the script computes an automatic agreement vector: a string similarity between the two titles
after a normalisation close to 11 (NFKD decomposition with non-ASCII characters dropped, lower-
casing, runs of non-alphanumeric characters collapsed to one space), namely Python’s diff1ib
ratio (twice the number of matched characters in the longest-matching-block alignment divided by
the total length), the absolute year difference, and whether the last tokens of the two first-author
names coincide (lower-cased, diacritics stripped, DBLP’s four-digit disambiguation suffix removed);
a pair is auto_ok if the similarity is at least 0.9, the years differ by at most one and the surnames
agree whenever both are present. Two of every five pairs are reserved for the principal investigator
(pi_review), whose verdicts constitute the human checkpoint H-1. Let ng be the stratum sizes and py

the share of pairs judged correct in stratum s; the overall precision of the link table is the weighted
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estimate

R Ls . —~ L\2ps(1—p
p= prs, Var(p) :Z(f) M, 21)
s s s

where L; is the number of links of method s in the full table and L their sum, so that each stratum
is weighted by its share of the links; since the DOI step produces the great majority of them, p
is dominated by the DOI stratum. This matters because the DOI stratum is not the error-free one.
The automatic check (data/metadata/linkage_sample_summary.json) passes every title—year
pair of the sample but fails a small number of DOI pairs, of two kinds: a DOI that covers an entire
edited volume, so that a chapter is linked to the record of the book or of another chapter, and a
version of record whose title differs from the DBLP title under the same DOI. Only the first kind
is a linkage error; the second is a correct link that the title test rejects. An identifier match is thus
near-conclusive for the existence of a relation between the two records but not for the identity of
the work, and the principal investigator’s verdicts (H-1), not the automatic rate, settle the precision
of each stratum. The estimate [pending human review: linkage precision from the H-1 sample,
data/metadata/linkage_sample_summary.json] is reported in Part III once the checkpoint is signed;
until then the automatic agreement rate is the only available figure and is labelled as such. Recall
is not estimated by this design: a DBLP record without an OpenAlex counterpart may be a true
absence from OpenAlex or a missed link, and distinguishing the two would require searching
OpenAlex by title for a sample of unlinked DBLP records, which is left to the robustness appendix.

17. Multi-label classification into the ontology

The ontology assigns works to forty categories by rules over four kinds of metadata signals and
one textual signal. A rule-based classifier was preferred to a trained one for three reasons that are
worth stating because they are also its limitations. The rules are inspectable: every assignment can
be traced to the signals that produced it, and the mapping from OpenAlex topics, arXiv categories
and DBLP venues to categories is a document (taxonomy/ontology.yaml, with provenance notes
per category) that a reader can contest line by line. The rules need no labelled training set, which
the project did not have before checkpoint H-2, and so cannot inherit the biases of one. And the
rules are cheap enough to run on every eligible work, whereas an LLM rater at the quality used for
validation would cost orders of magnitude more. The corresponding limitations are that rules do
not generalise beyond the vocabulary they encode, that the weights are expert judgements rather
than estimates, and that validation against independent raters is therefore the only evidence of their

accuracy.
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17.1. Signals and the score

For a work w, let T'(w) be its set of OpenAlex topic identifiers (up to three per work), F(w) its
set of subfield identifiers, X (w) the set of arXiv categories of its linked arXiv record (primary and
cross-lists), D(w) the set of DBLP venue streams of its linked DBLP records, and title(w), abs(w)
its title and abstract. Each category k specifies weight maps a)kT : T —[0,1], a)kF, a),§, a),? over the
respective vocabularies (zero outside the listed entries), a list of keyword rules (r, @, ¢) consisting
of a regular expression r, a weight @ and a field ¢ € {title,abstract,both}, and a list of exclusion

regular expressions Z;. The score of w for k is

sw) = ¥ min{l, y w,?(x)}+min{1, y m-1[rmatches¢(w)]}, (22)

oe{T,FX,D} xeo(w) (rw,0)ERy

where @ (w) is the title, the abstract, or their concatenation according to the field of the rule. Each of
the five signal types is thus capped at one before the types are summed, so sx(w) € [0,5], and the

assignment rule is
ke C(w) < si(w) >0 A ~3Jz € Z; : zmatches title(w)||abs(w), 0=1. (23)

The cap is what gives the weights their meaning. A single signal with weight one (a topic that is the
category, a venue that publishes nothing else, a keyword that names the object of study) suffices on
its own; a signal with weight below one is a partial indication that must be corroborated by a signal
of another type, because repetitions of the same type cannot push the capped sum above one. The
ontology uses this device deliberately: the six Al categories that the OpenAlex topic model does
not separate (large language models, foundation models, multimodal Al, generative Al, agents, Al
safety) rely on keyword rules of weight one that fire on the name of the object, while their topic and
venue signals are fractional. The exclusion list is a veto applied after the threshold: a category that
would otherwise be assigned is removed if any exclusion pattern matches the title or abstract (for
instance a cryptocurrency pattern vetoing applied cryptography). The veto is not a negative weight;
it cannot be outvoted.

One discrepancy between the ontology document and the implementation must be recorded. The
notes of the assignment_rule block state that the classifier takes the maximum over matched topics
before capping, whereas taxonomy/classify.py takes the sum and then caps, as equation (22)
states. The two agree whenever at most one listed topic matches or the matched weights already sum
to at least one; they differ when two fractional topics of the same category co-occur, in which case
the implemented rule is the more permissive. The unit tests in tests/test_classify_rules.py
fix the implemented behaviour (a topic listed three times contributes its weight once, because

the topic set is deduplicated, and a 0.6 topic plus a 0.4 arXiv category reach exactly 1.0). The
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manuscript describes the implemented rule.

17.2. Primary category

When C(w) # 0 the primary category is

K*(w) = argmax (sg(w), —1[k is a parent of some k' € C(w)], —number(k)) (24)
keC(w)

in lexicographic order: the highest score wins; among equal scores a category that is the declared
parent of another assigned category loses to its child (so that a work scoring equally on //m and
foundation_models is primarily an LLM paper); among remaining ties the lower ontology number
wins. The last rule is arbitrary and is stated so that the reader can see that it is. The number of
assigned categories |C(w)| and the primary score are stored with every work; works with C(w) =0
(eligible works none of whose signals reach the threshold) are counted and characterised in Part
IX, and their share is one of the quality indicators of the classification. The classifier is run on the
eligible corpus and on the penumbra, so that sensitivity analyses on the wider set do not require a

second run.

17.3. Validation design and metrics

The rules are validated against two independent LLM raters on a stratified sample (taxonomy/VALIDATION . md,
taxonomy/validate_sample.py): fifty eligible works with an abstract per rule-assigned primary
category (forty strata) plus two hundred works with no category, drawn by ordering each stratum
on a salted hash with seed 44; two hundred of the resulting works are reserved for the principal
investigator (checkpoint H-2). Each rater receives the forty category definitions, and for each work
the title, abstract, venue and year, and returns under a JSON schema a label set of at most five
categories, a primary category or null, a confidence and a short rationale. The raters never see the
rule-based assignment, so there is no leakage from the rules to the reference labels, and the rule
revision policy (a category with consensus F| < 0.60 triggers a mapping revision, logged as an
amendment, and a re-run) can be applied without re-rating. The two raters are different models of
the same family (claude-haiku-5-5, claude-sonnet-5-5); their agreement therefore does not
measure the agreement that two human experts would reach, and the 200-work human subsample is
the only anchor for that.

With C(w) the rule label set, C"(w) the label set of rater r and C"(w) = C*(w) NCB(w) the
consensus set, the per-category confusion counts against a reference C™! are TP; = |[{w : k €
C(w) ANk e Cf(w)}|, FP = [{w: k € C(w) Nk ¢ Cf(w)}, FNg = [{w: k ¢ C(w) Ak e Cf(w)}],
with precision B, = TP /(TP; + FPy), recall Ry = TP;/(TP; +FNy) and F y = 2PRi/ (P + Ri).
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the standard label-wise decomposition of multi-label evaluation (Zhang and Zhou, 2014). Micro-
averages pool the counts over categories before forming the ratios; the macro-Fj is the unweighted
mean of Fy ; over categories with at least one positive or predicted label. Because the sample is
stratified by rule-assigned primary category, the per-category precision is estimated on roughly
equal support for every category, whereas recall is estimated only among works that the rules placed
somewhere; a category that the rules systematically miss (true members scattered among other
strata or among the unassigned) will show inflated recall in this design. The 200 unassigned works
partly address this, but a proper recall estimate would require sampling from the whole corpus with
weights, and the per-category recall figures should be read with that caveat.

Agreement on the primary category is measured by Cohen’s k (Cohen, 1960),

o~ Pe 1 A B
e= B0 p= DI W= = ¥ OOL S 09)

ket U{o}

where “no category” is treated as a forty-first label and ;. counts the works to which rater r assigned
primary k; K is computed between the two raters and between the rules and each rater. Agreement on
the label sets is measured by the mean Jaccard index J =n~1Y,, |CA(w)NCE(w)|/|CH (W) UCE (w)|
(with the convention 0/0 = 0), and by Krippendorff’s a with the MASI distance of Passonneau
(2006) between the two raters’ label sets, in its interval form (a = 1 — D, /D, with squared MASI
distances, D, the mean observed distance over works and D, the mean distance over all pairs of
label sets); the derivation is in Appendix C. A work is exported as a disagreement for human review
when the rules, rater A and rater B have no category in common although at least one of them

assigned one.

17.4. Known failure modes

The design makes some errors predictable, and they are listed here so that the results of the validation
can be read against expectations rather than as surprises. Keyword rules on abstracts fire on mentions
as well as on contributions: a systems paper that evaluates its scheduler on a large language model
workload matches the LLLM keyword and, since that keyword alone reaches the threshold, acquires
the /lm label; the exclusion lists remove the most frequent such cases but cannot enumerate them.
Venue signals are coarse: general machine-learning venues carry fractional weights for several Al
categories at once, so a work with no abstract and a generic title can be assigned to a parent-level
category on venue evidence alone, or to none. OpenAlex topics are themselves the output of a
classifier with documented error, and a work whose topics are wrong inherits that error with weight;
the protocol lists this among the limitations declared before analysis. Multi-label assignment with

a cap of one per type and a threshold of one tends to over-assign categories to long abstracts
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that mention many objects, which inflates |C(w)| in the post period, when abstracts increasingly
cite models and benchmarks by name; the co-classification statistics of Section 19 are affected
by this in a direction that would mimic convergence (hypothesis H4) and must be read together
with the primary-label flow statistics, which are not. Finally, works without an abstract (a known
share of the corpus) are classified from the title and the metadata only and have lower recall for
the keyword-dependent categories; the share of such works is reported by year because it is not

constant.

18. Bibliometric indicators

The indicators of this section are the estimands of research questions RQ1, RQ3 and RQ6. They are
standard in the scientometric literature, and the definitions follow the review of Waltman (2016)
where a choice had to be made; what is specific to this study is the citation-window discipline
imposed by the eight-year span of the corpus and the explicit treatment of the two counting
conventions. The scripts are bibliometrics/01_volume_series.py, 02_collaboration.py,

03_citation_impact.py and 04_diversity_cagr.py.

18.1. Volume, composition and growth

The monthly count N; and the category counts Nj; of equation (7) are tabulated by first month,
period, date precision, type and source membership (DBLP-indexed, OpenAlex-primary, arXiv-
linked), with the numbers of works having an abstract, having at least one resolvable reference, and
being open access; the annual table adds the mean number of authors, references and countries per
work. Composition is the share sy ;; its annual counterpart uses the primary label on all eligible
works. Growth between two dates separated by A years is summarised by the compound annual

growth rate

N\ 1/A
i) —1, A = (t, —1,) in years, (26)

CAGR(ta,1) = (
ta

applied to annual totals and to annual category totals; it is a descriptive summary of two end points

and says nothing about the path between them, which is why the structural-change analysis of Sec-

tion 21 works on the full monthly series instead. The CAGR is computed by bibliometrics/04_diversity_cag:
on the annual primary-label counts of each category (results/graph/category_counts_yearly.csv)

over two spans of complete years, 2018 to 2022 (A = 4) within the baseline and 2023 to 2025

(A = 2) within the post period, together with the category’s share of the year’s classified works in

2018, 2022 and 2025; it is undefined when the count of the start year is zero. The plan lists it among

the Phase-4 indicators; 2026 is excluded because it is right-censored (Section 21.1). The two spans

split the window at the calendar year, so the whole of 2022 is counted in the baseline span, unlike
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the periods of Section 15.

18.2. Fixed citation windows

OpenAlex provides, for each work, the number of citations received in each calendar year (counts_by_year).
Let ¢,,(u) be the citations received by w in calendar year u and y(w) its publication year. The fixed-

window counts are

A= Y . &= ¥ aw, &Y= ¥ aw, @)

u<y(w)+1 uy(w)+2 uZy(w)+3

36) in the

so that ¢(12) counts citations in the publication year and the following calendar year, a
publication year and the two following years, and so on. The superscripts are the names used in
the code and in the tables and must be read as calendar-year windows rather than as exact month
counts: a work published in January and one published in December of the same year receive
windows that differ by eleven months in effective length. This granularity is imposed by the data
(OpenAlex does not provide citation dates below the year) and is the same for the baseline and the
post period, so it blurs comparisons within a year but does not bias comparisons between years.
Two further conventions of 03_citation_impact.py govern every impact statistic. The citations
of a canonical node include those of its merged preprint: the yearly counts of (w) are appended to
those of w before the windows are summed (the CY union in the script), so a work that circulated as
a preprint and was then published is credited with the citations of both records. This is deliberate,
since the two records are one work, but it means that cSVh ) can exceed what the OpenAlex record
of the version of record shows on its own; the union applies only to pairs found by the rule of
Section 16.2, a preprint that OpenAlex has already merged with its publication being a single record.
And the population is the set of eligible, non-retracted works: retracted works stay in the mapping
corpus (Section 16.3) but are excluded from the window sums, from the reference classes below
and from the inequality statistics, so the yearly n of the citation tables falls short of the volume
tables by the number of retracted works. The window is the device that neutralises citation-age bias:
comparing the total citation count of a 2019 work with that of a 2025 work compares seven years of

(36)

exposure with one, whereas comparing ¢\’ compares equal exposures. The cost is that the last

window-length of the corpus cannot be evaluated; ¢(3¢)

(12)

is complete for publication years up to 2023
given a snapshot taken late in 2026, and c¢'\'“/ up to 2024. Tables flag the years for which a window
is incomplete, and the choice of window length follows the evidence in Wang (2013) that short
windows rank works materially differently from long ones in slow-moving fields, which is why two

lengths are reported rather than one.

80



18.3. Field normalisation

Raw citation counts differ across subfields and document types by factors that have nothing to do
with influence. The normalised citation score of a work is its window count divided by the mean

window count of its reference class (Waltman, 2016; Waltman and van Eck, 2019):

() 1

Cw _(h) T —
(v, 7, f) Fins
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where f(w) is the primary OpenAlex subfield of w and % ; ; the set of eligible, non-retracted
works sharing year, type and subfield. The reference class is computed on the eligible corpus, not
on all of OpenAlex, so the normalisation is relative to computer science as delimited here: an NCS
of 2 means twice the mean of comparable computer-science works, not twice the world mean. The
score is undefined when the class mean is zero (very small classes in the most recent years) and is
then left missing rather than set to zero. Normalisation by the mean of a heavy-tailed distribution
is sensitive to a few very highly cited works in the class; the median-based alternatives discussed

by Waltman (2016) are not used because the median of c(30)

is zero in many classes of this corpus,
which would make them uninformative.

OpenAlex’s own field-weighted citation impact (FWCI) is kept as a secondary indicator. Its
documentation defines it as “citations received divided by citations expected for works of the
same type, year, and subfield”, with a world average of one (OpenAlex, 2026). It differs from
equation (28) in three respects: the expected count is computed over all of OpenAlex rather than over
this corpus; the citation count is the total to date rather than a fixed window, so that FWCI values
of recent works are based on a short and unequal exposure; and the computation is OpenAlex’s,
recomputed nightly, so that the value depends on the snapshot date. For these reasons FWCI is

reported for comparison and never used to select works.

18.4. Inequality and concentration

Citation inequality within a publication year is measured by the Gini coefficient of ¢3%) (and, as a
secondary figure, of ¢(!2)) among the n eligible, non-retracted works of that year. With the works

sorted so that iy <cp) < <) the estimator implemented in SQL is the rank form

_ 2Xiicy) n+l

G =
ny;iica n

3 (29)

which equals one minus twice the area under the Lorenz curve and lies in [0, 1 — 1/n]; the coefficient

is named after Ceriani and Verme (2012)’s account of its origin. Uncited works (a large share

81



within a three-year window) contribute zero to the numerator and pull G upward, so the share of
uncited works is reported next to it. The protocol (H5) refers to the Gini of 24-month citations;

the implemented statistic uses the three-calendar-year window c¢(3¢)

, which is complete for one
more publication year than the longer alternatives and less dominated by zeros than ¢(12)_ This is a
deviation from the protocol wording and is recorded as such.

Venue concentration within a year is the Herfindahl-Hirschman index of the distribution of
works over sources,

N,
HHL, = Y 62, Opy= —2 (30)
y ; V7y V7y ZV, NV/ 7y

where N, is the number of eligible works of year y whose primary source is v (Hirschman, 1964);
works without a source are excluded from the denominator, and the number of distinct sources and
the largest single share are reported with the index. Because arXiv is a single OpenAlex source,
growth in preprints mechanically raises HHI, even when the journal and conference landscape
becomes more dispersed; this is the reason the protocol’s HS predicts a stable or falling HHI only
“because of preprint growth” with the preprint source treated separately. The implemented table
(venue_hhi_yearly.csv, written by 02_collaboration.py) computes the index over all types
in a single pass; a variant that excludes the preprint type is not computed, so the preprint contribution
has to be judged from the largest single share reported next to the index, which in the years when

arXiv is the largest source is arXiv’s share.

18.5. Collaboration, countries and institutions

Team size is summarised by the mean and median number of authors per work and by the shares
of single-author works and of works with at least five or ten authors. Two counting conventions
are used for countries and institutions, because they answer different questions (Waltman, 2016).
Under full counting a work contributes one unit to every country among its authors’ affiliations;
under fractional counting it contributes 1/|K(w)| to each of its |K(w)| distinct countries, so that the
fractional totals sum to the number of works with at least one country. The same pair of conventions
is applied to institutions, with the fraction taken over the distinct institutions of the work. The
international collaboration share of year y is

s, — w200 = K| =2} an

{w:y(w) =y, [Kw)| = 1}

that is, among works with at least one resolved country, the share with authors from two or more
countries; works without affiliation data are excluded from the denominator and their share is
reported, because affiliation completeness in OpenAlex varies by source and year and a change in

completeness would otherwise masquerade as a change in collaboration. The industry share is the
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share of works with at least one affiliation of OpenAlex institution type company among works
with at least one typed affiliation. Country-pair and institution-level tables apply minimum-support
thresholds (fifty joint works for a country pair, two hundred works for an institution within a period)
that keep the released tables to the robustly estimated part of the distribution; these thresholds are

reporting choices and are stated in the table notes.

18.6. Diversity indices

Interdisciplinarity is measured on a distribution over the categories of the ontology; the protocol
speaks of the distribution of a work’s references or of a category’s citations, whereas the implemented
pipeline applies the indices to the category mix of each year, the distribution of the year’s classified
eligible works over their primary categories (the reference-based variant is not computed). Let
p = (p1,...,pk) be such a distribution and §;; € [0, 1] a dissimilarity between categories i and ;.
The Rao-Stirling index (Rao, 1982; Stirling, 2007)

Ars(p) = ). pip;dij (32)
i#]

is the expected dissimilarity between two categories drawn at random from p; it is zero when all
mass sits on one category and increases with variety (the number of categories present), balance (the
evenness of p) and disparity (the dissimilarity of the categories involved), the three components that
Stirling argues any diversity measure should respond to. Its use in scientometrics follows Rafols
and Meyer (2010). Its known weakness is that it saturates: for very even distributions over many
categories it approaches the mean dissimilarity and no longer discriminates (Zhang et al., 2016).
The Leinster—Cobbold family (Leinster and Cobbold, 2012) repairs this by defining, for a similarity

matrix Z = (z;j) with z;; = 1 — §;; and an order g > 0,
qDZ(p) _ ( Z i (Zp)iq_l> 1/(1-q)

. (@p)i=Y wip), (33)
i:pi>0 J

with the limit ' D?(p) =[1;(Zp); "' at ¢ = 1. The quantity (Zp); is the “ordinariness” of category i
under p: how much of the distribution is similar to i. The index is an effective number of categories—
it equals K for the uniform distribution over K mutually dissimilar categories—and the order g
sets the weight given to rare categories (large g counts only the dominant ones). Following Zhang
et al. (2016) the manuscript reports g = 2, which has the closed form 2D? (p)=1/%; jPiTijPj =
1/(1—Ars(p)) when z;; = 1, so that the two families are monotone transforms of each other at
this order and differ only in scale and in their behaviour at the saturation end. Both indices are

computed for every year up to 2025 by bibliometrics/04_diversity_cagr.py and reported in
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Part IX. The dissimilarity is 0;; = 1 — z;;, where z;; is the cosine similarity of the category centroids
of Section 20.4 when the centroid matrix exists (the script takes the post-period matrix first and the
baseline matrix as a fallback) and, when no centroid matrix is available, the co-classification Jaccard
similarity n;;/(n; +nj —n;;) computed from the yearly co-occurrence counts of the full label sets
(Section 19), with n; the multi-label total of category i; the diagonal is set to one in both cases and
the similarity source actually used is written into the output table, because values computed from
the two sources are not on the same scale and must not be compared across them. The disparity
component is thus estimated from the corpus rather than imposed. The Rao—Stirling index carries
a percentile interval from B = 500 multinomial resamples of the year’s works over the categories
(seed 44), the same resamples that give the yearly category-share intervals; the Leinster—Cobbold
index of order two is reported without an interval. The multinomial bootstrap treats the category
assignments of a year as independent draws from the observed mix, so its interval reflects only that
sampling variability and not the classification error of Section 17.3, which is the larger source of

uncertainty for these indices.

19. Citation and collaboration networks

19.1. The citation graph and its boundary

Citation edges come from the OpenAlex referenced_works lists, which are verified by construc-
tion in the sense that each edge is an assertion of the source database rather than an inference of
this study. The script knowledge_graph/01_citation_graph.py splits the references of eligible
works into two edge sets:

Em={(wv):weW ,veW, verefs(w)}, (34)
Sext ={(wyv):we W vg W, verefs(w), v € slim table}, (35)

the internal edges forming the citation graph of computer science proper and the external edges
recording what the corpus cites outside itself, with the cited work’s publication year, type and
primary OpenAlex field resolved from the slim table of all works. References that resolve to no
OpenAlex record are counted (the declared reference count of each work is stored) but cannot be
typed. The yearly tables derived from these sets are the inflows by cited field (how much of each
citing year’s references go to mathematics, medicine, the social sciences, and so on), the distribution
of citation age y(w) — y(v) by citing year, and the reference coverage (declared, internal, external) by
year. Coverage matters for every network statistic that follows: if the share of resolvable references
rises over time, as it does in OpenAlex because recent works are better matched, then internal edge

counts rise for reasons unrelated to citation behaviour, and all flow statistics are therefore expressed
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as shares of resolved edges within the citing year.

19.2. Category flow matrices

For each citing year ¢ the script knowledge_graph/02_category_flows.py forms the K x K

matrix
Fli,j] = ‘{(w,v) €E&n:yw)=t, k' (w)=1i, K*(v) = j}‘, (36)

the number of citations made in year ¢ by works whose primary category is i to works whose
primary category is j, together with the row-normalised shares F[i, j]/ Y. 7 F;[i, j']. Works without a
primary category contribute no edges to F;; their references are retained in &j, but fall outside the
matrix. Aggregating rows and columns by area through a(-) gives the 8 x 8 area flow matrix, and

the cross-area share of citing area « in year ¢ is

v Yia()y—a Lja(j)+a i ]
ar — . )
Zi:a(i):oc Zth[l?.]]

(37)

the fraction of an area’s internal references that leave the area. This is the statistic behind hypothesis
H4. It is not a measure of interdisciplinarity in the sense of Section 18.6, because it treats all other
areas as equally distant; it is a boundary-crossing rate, and its interpretation depends on the stability
of the boundaries, which the classifier fixes once for all years. A co-classification matrix counts, for
each year, the works carrying both category i and category j in their full label set C(w); it is reported
alongside the flows but, as noted in Section 17, it is sensitive to abstract length and vocabulary in a

way the primary-label flows are not.

19.3. Modularity of the yearly flow network

The degree to which citations stay within categories, or within areas, is summarised by the modularity
of the weighted directed graph with adjacency W = F;, evaluated at the fixed partition given by the
categories themselves (each category its own community) and at the coarser partition given by the

areas. The implemented statistic is

1 kqutkip
OW,g) = EZ(WU— ]

Jgi=gl.  m=Y Wy, K"=Y Wy K=YW 8
i,j i,j J i

which is the directed generalisation by Leicht and Newman (2008) of the Newman—Girvan mod-
ularity (Newman and Girvan, 2004): the observed weight within communities minus the weight
expected if each citation were rewired at random while preserving every node’s out-strength and

in-strength. Because the partition is given rather than optimised, Q is used here as a descriptive
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index of assortativity by category, not as the objective of a community detection algorithm; the
resolution limit that affects optimised modularity (Fortunato and Barthélemy, 2007; Fortunato,
2010) therefore does not arise, but the index inherits the dependence of the flow matrix on the
classifier. Two values are reported per year, Q¢ With g; = i and Qqrea With g; = a(i), together
with the self-share tr(F;)/m, which is the uncorrected fraction of citations staying within the citing
category. Hypothesis H4 predicts a decrease in Qqe, in the post period. A fall in Q can also arise
if the composition of citing works shifts toward categories that were always boundary-crossing
(large language models citing natural-language processing and machine-learning theory), so Part
IX reports Q together with the composition-adjusted cross-area shares obtained by fixing the row

weights at their baseline values.

19.4. Co-authorship, institution and country networks

The plan lists author, institution and country collaboration networks built with igraph. The
implemented collaboration layer is tabular rather than graph-analytic: country pairs with at least
fifty joint works per period (edges of the country network, with their weights), institution counts by
period under full and fractional counting, and institution-type shares. The country network is thus
available as an edge list from which the figures of Part VIII are drawn, and degree, strength and
density can be computed from it; author-level co-authorship networks are not constructed in the
current pipeline, because author disambiguation in OpenAlex is of uneven quality over the period
and an author graph of this size would be dominated by that noise. This is a narrowing of the plan,

recorded here; the country and institution tables are the collaboration estimands actually reported.

20. Semantic mapping

20.1. Document embeddings

Each eligible work with an abstract is represented by a dense vector computed by a scientific
sentence-embedding model from the string “title. abstract[1:2000]” (the abstract truncated to 2,000
characters), tokenised to at most 256 word pieces, and L2-normalised, so that the inner product
of two vectors is their cosine similarity (embeddings/embed_corpus.py). The primary model is
SPECTER?2 base (Singh et al., 2023), the successor of SPECTER (Cohan et al., 2020), a transformer
trained with a citation-informed triplet objective so that papers that cite one another are close in the
embedding space; this inductive bias is the appropriate one for mapping a literature by its intellectual
proximity rather than by lexical overlap. The protocol requires a second embedding family for
comparison; the benchmark script evaluates SciNCL (Ostendorff et al., 2022), a general-purpose
BGE model and a MiniLM sentence-transformer (Reimers and Gurevych, 2019) for throughput and
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dimensionality on the same hardware, and the atlas script accepts any of them through its model
argument, so the comparison is a re-run with a different tag. The embeddings are stored as float16
shards with their work identifiers and a per-host manifest (model name, maximum sequence length,
device, timings), computed on several nodes of the cluster in parallel; float16 storage changes cosine
similarities by less than 10~3, which is below any threshold used downstream.

Three assumptions underlie everything built on these vectors. The abstract is assumed to be a
faithful summary of the work’s content, which it is for most research articles and is not for extended
abstracts and some proceedings papers. The embedding geometry is assumed stable across the
period: a model trained on literature up to its release date represents 2026 work in a space shaped
by earlier work, so genuinely new vocabulary is embedded by analogy to what the model knows,
and the novelty statistic below measures distance in that space, not in some ideal space of ideas.
And cosine similarity is assumed to be a sufficient proxy for topical proximity; this is the standard
assumption of the field and is supported by the retrieval benchmarks on which these models are

evaluated, with the caveat that all such benchmarks are dominated by pre-2023 literature.

20.2. Atlas: projection and clustering

The two-dimensional atlas and the cluster structure are computed on a uniform random sample of
200,000 eligible works with embeddings (seed 44), because density-based clustering of the full
corpus in the native space is neither computationally practical nor, given the noise level of abstracts,
more informative. UMAP (Mclnnes et al., 2018) with the cosine metric, 30 nearest neighbours and a
minimum distance of zero projects the sample to 50 dimensions; HDBSCAN (Campello et al., 2013;
Mclnnes et al., 2017) with a minimum cluster size of 200 and a minimum sample count of 20 is run
on the 50-dimensional projection; a second UMAP to two dimensions (minimum distance 0.1) is
used for display only. The 50-dimensional intermediate step is what makes density-based clustering
workable on 768-dimensional normalised vectors, whose pairwise distances concentrate; it is also
a source of distortion, since UMAP preserves local neighbourhoods and not global distances, so
cluster membership is meaningful and the distances between clusters on the two-dimensional map
are not. HDBSCAN labels points in low-density regions as noise (—1), and the noise share is
reported with the cluster count. Each cluster is described by the twelve title terms with the highest
mean TF-IDF weight (unigrams and bigrams, English stop words removed, minimum document
frequency five), by its modal primary category and that category’s share, and by the share of its
members in the post period; these descriptors are how clusters are related to the ontology, and the
comparison of the two partitions (bottom-up clusters against top-down categories) is one of the

checks on the ontology reported in Part IX.
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20.3. Stability

Cluster stability is measured by a split-half design. Five times, the sample is randomly permuted and
divided into two halves; HDBSCAN (minimum cluster size 100, since each half has half the points)
is run separately on the two halves of the same 50-dimensional projection; a S-nearest-neighbour
classifier trained on the first half’s labels predicts labels for the second half; and the adjusted Rand
index (Hubert and Arabie, 1985)

Al - Zi(D)-E G ()]/G)
2[5 +E, (D] - [ @)L (D] G)

between the transferred labels and the second half’s own labels is recorded (here n;; is the con-

(39)

tingency table of the two labellings and a;, b; its margins). The mean of the five values is the
reported stability. Two caveats bound what this measures. The projection is fitted once on the full
sample, so the design tests the stability of the clustering conditional on the projection and not the
stability of UMAP itself, whose stochastic optimisation is fixed by the seed; the protocol’s phrase
“bootstrap ARI” describes this split-half procedure, which resamples without replacement. And the
nearest-neighbour transfer is itself a smoothing step: it maps noise points of the first half to the
majority label of their neighbours, which raises the index relative to a direct comparison of two

independent clusterings of the same points.

20.4. Category centroids, drift and novelty

In the native embedding space, the centroid of category k in year y is the normalised mean vector

Zw:K‘*(w):k, y(w)=y €w

M.y (40)

[ —
computed only for cells with at least 100 works, and the year-over-year drift of a category is the
cosine distance 1 — ,u,;r yMy—1- Period centroids average the yearly centroids over calendar years
2018-2022 (baseline) and 2023-2026 (post), and the inter-category cosine similarity matrices of
the two periods are the semantic counterpart of hypotheses H4 and HS: convergence between two
categories appears as an increase in the cosine similarity of their centroids. The period boundary
used here is the calendar year, not the 30 November 2022 date of Section 15; the eleven months of
2022 that belong to the baseline are kept in the baseline and December 2022 is attached to it rather
than to the post period, a deliberate simplification at the level of yearly centroids that moves a single

month across the boundary.
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The novelty of a work is its distance to the recent past of its own category:

— _ Zb:aZv: *(v)=k, m(v)=t €v
V(W) =1 —el Hics(w), m(w)—24:m(w)—15 M, a:p = d - }(} ) H L=t ) 41)

the cosine distance between the work’s vector and the normalised sum of the vectors of all works
of the same primary category whose first month lies in the 24 months strictly before the work’s
own month. A work in the first months of a category, with no trailing window, has no novelty
value. The definition uses only information dated before the work, which is what allows it to serve
as a signal in the out-of-time detector of Section 22; but the centroid is computed with the final
primary categories of the earlier works, assigned by rules fixed in 2026, so the category boundaries
themselves are not out-of-time. This is a limitation shared by every category-conditional statistic in
the paper and is discussed in Section 22. Novelty defined as distance to a category centroid rewards
works that sit between categories as much as works that are new; the interpretation of high novelty
as “new’” rather than “interdisciplinary” requires the clusters and the flow statistics as corroboration,
and the literature on novelty indicators warns that citation-based and text-based novelty measures
do not agree well (Uzzi et al., 2013; Wang et al., 2017).

21. Structural change in monthly series

The question behind RQ2 and hypotheses H1 and H3 is whether the monthly series of computer-
science output, in total and by category, changed level or slope around the reference date, and
whether any such change stands out against the ordinary variability of the series. Four methods are
applied to every series by econometrics/run_structural_change.py, using the pure functions
of econometrics/structural_change.py (unit-tested on a simulated series with a known break).
None of them identifies a cause. An interrupted time series with a single pre-specified date answers
“did the series change at that date, net of trend and season?’’; the placebo distribution answers “is
that date special?”’; the multiple-break and changepoint methods answer “where does the series
change, if one does not specify a date?”’; and the Bayesian online detector answers “when would an
observer following the series month by month have concluded that it had changed?”. The reference
date is a historical marker, and the manuscript uses no causal vocabulary about it (CLAUDE.md
§6.5).

21.1. Series construction and truncation

Each series is a vector of monthly counts N; on the month-precision subset, from February 2018 (the
driver’s default -first; the script documents no reason for omitting January 2018, the omission

shortens every series by one baseline month, to 101 months for the default end, and the manuscript
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makes no claim about its effect beyond noting that the omitted month is the first of the baseline and
enters only the pre-trend) to the last complete month 7, by default June 2026, with sensitivity runs at
March and August 2026. Category series Ny ; use the multi-label count restricted to month-precision
works, and a series is analysed only if it has at least 48 non-zero months and at least 500 works
in total; smaller series yield unstable fits and are reported descriptively. All methods operate on
y: = log(N; + 1), the shift making the transform defined for empty months and immaterial for counts
in the hundreds or thousands.

Right-truncation is handled by truncation, not by correction. The plan proposed to correct
recent months by the indexing-delay profile estimated from the creation dates; the implemented
pipeline estimates that profile (indexing_lag.csv: for each publication month, the median and
90th percentile of der(w) — dpup(w) and the shares indexed within 90 and after 180 days) and reports
it, but the structural-change runs simply stop the series at #; and vary #;.. The reason is that an
inflation correction based on the lag profile of earlier years assumes that the profile is stationary,
and the profile is itself affected by the events under study (OpenAlex’s own ingestion changed over
the period); a correction would import that assumption into every test. Truncating to the last month
at which the lag profile indicates near-complete indexing loses a few months of data but introduces
no model. A donut specification is also run (-donut, default three): the ITS of Section 21.2 is
re-estimated for the reference date after removing the event month and the three months on each
side of it (every month whose first day lies within 3 x 31 days of the first day of the event month,
seven months in all, leaving 94 observations for the total series), so that the level and slope changes
are identified from months at least a quarter away from the marker and not from the transition
months themselves. For the total series the donut estimate of the level change is 0.049 in log points
with HAC p-value 0.056, to be read against the full-sample estimate of Part IX. The alternative
event dates of Section 21.7 serve the related purpose of showing whether the estimated change is

tied to a particular month.

21.2. Interrupted time series with seasonality and HAC errors

With r =0,1,...,n— 1 indexing the months and 7, the index of the event month, the segmented

regression is

12

v = BotPit+Bollt 2 1]+ Bs(r—te) 1 = 1]+ ) yjl[month(r) = jl+&,  (42)
=2

the standard interrupted-time-series specification (Lopez Bernal et al., 2016b) with eleven month-
of-year dummies (January as reference). The coefficient 3, is the change in log level at the event,

B3 the change in monthly log slope, and 31 the pre-event slope; since y is a log count, ePr —1is the
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proportional level shift and 8| and 3 are monthly growth rates. The event month is coded as the
first full month after the reference date, December 2022 for the 30 November 2022 marker, and
likewise for the alternative dates. Ordinary least squares estimates the coefficients; the covariance
matrix is the heteroskedasticity- and autocorrelation-consistent estimator of Newey and West (1987)

with a Bartlett kernel and bandwidth six months,
V=(X"X)" (ro + Z JvERY )) x'x)"Y, Te=Ye&ag xxl, 43
t

which makes the reported standard errors robust to serial correlation of the residuals up to half a
year. The bandwidth is fixed rather than chosen by the data-dependent rule of Andrews (1991);
with roughly one hundred observations the difference is immaterial and a fixed choice is easier to
preregister. The fitted values are back-transformed as e’ — 1 for the figures. The specification’s
known weaknesses are those of any single-break segmented regression: it assumes the change is
immediate and permanent, it attributes to 3, any curvature of the pre-trend that a linear ;¢ cannot
absorb, and with a reference date placed near the centre of the sample it is well identified only

because the post period is long. The placebo analysis is the main guard against the second weakness.

21.3. Placebo distribution

The ITS of equation (42) is re-estimated with the event placed at every month ¢ from the 25th
month of the series to the 12th month before its end, yielding the z-statistics {t } and {t } of the
level and slope changes as a function of the hypothetical event date. The placebo p-value of the true

event is its rank among these:

e ] @) 5 1,2
Ph = g & = 7] (44)
and likewise for 33. The set .7 contains the true event, so the smallest attainable value is 1/|.7|.
A second rank, restricted to the candidate dates before the true event (the plan’s original wording),
is computed alongside it; because that restriction removes the true event from the candidate set, the
baseline-only rank can be exactly zero when no baseline date produces a larger ¢-statistic, and Part
IX states this convention next to the two values. This statistic is the “placebo in time” diagnostic
recommended for interrupted time series (Lopez Bernal et al., 2018): if a level shift of comparable
t-statistic is found at a quarter of all candidate dates, a conventional p-value from the HAC standard
error of 3, overstates the evidence, because the series has enough curvature and persistence that any
date looks like a break. The value is not a p-value under a null hypothesis in the usual sense (the

candidate dates are not exchangeable draws from a null distribution, and the regressions share the
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same data), and the manuscript calls it a placebo rank. Two implementation details depart from the
plan’s wording. The plan speaks of placebo breaks “at every month of the baseline”’; the primary
implementation ranges over the baseline and the post period, so that a change in 2023 or 2024
that is larger than the one at the reference date lowers the rank of the reference date, which is the
conservative direction for hypothesis H1 and is why the wider range was kept. And the minimum of
24 pre-months and 12 post-months means that candidate dates near the ends of the series, where the

level-change coefficient is poorly identified, are excluded from the comparison.

21.4. Multiple breaks: dynamic programming with information criteria

The Bai—Perron framework (Bai and Perron, 1998, 2003b) estimates m unknown break dates
T1 < --- < T, as the global minimiser of the sum of squared residuals of a segment-wise regression.
The implementation is the pure dynamic programme of Bai and Perron (2003b) on the log series
with a segment-wise linear trend: for a segment [i, j) of at least 4 observations,

j—1
SGi,j) = min Y. (v —a—bt)’, (45)

ab 15

and the optimal partition of the first j observations into m + 1 segments is obtained recursively,

Cn(j) = i {Cnar()+SG )}, Colh) =5(0,)), (46)
with the break positions recovered by back-tracking. The minimum segment length is & =
max{8,|0.15n]|} months, a trimming of 15 per cent that is the usual choice in this literature;
it forbids breaks in the first and last 2 months, which for the default window of 101 months (h = 15)
means that no break can be placed after April 2025, and it also forbids two breaks closer than A

months. The number of breaks, up to three, is selected by two criteria computed on the global

minima SSR,,, = Cy,(n),
BIC(m) = nlog(SSRy/n) + pmlogn, 47)
LWZ(m) = nlog(SSRu/ (1 — pm)) + pmeo (logn)*!, co = 0.299, (48)

with p,, = 2(m+ 1) + m parameters (an intercept and a slope per segment plus the m break dates).
The BIC is Schwarz’s criterion (Schwarz, 1978); the LWZ criterion of Liu et al. (1997), in the form
used by Bai and Perron (2003b), penalises additional breaks more heavily and is known to select
fewer spurious breaks when the errors are serially correlated, which they are in these series (the
monthly residual autocorrelation is what the HAC errors of the ITS correct for). Both selections are

reported. The sequential sup-F' tests of Bai and Perron are not implemented; in their absence the
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break dates carry no p-value, and their stability is assessed instead through the agreement of the
two criteria, the sensitivity to 1, and the agreement with the two methods below. The regression
in each segment contains no seasonal terms; instead the driver seasonally adjusts the log series
before the search, subtracting from each month the mean deviation of its calendar month from the
overall mean, both means computed on the baseline months only (before December 2022) so that
the adjustment uses no post-period information. The same adjusted series is the input of the PELT

and BOCPD methods below; only the ITS models seasonality inside the regression.

21.5. PELT

The pruned exact linear time algorithm (Killick et al., 2012) finds the changepoint set 4" minimising

a penalised cost,

min Y Y 0i=3i)* + A%), A =2Var(y) logn, (49)
€ - —
segments [i,j) induced by € =i

with the ¢, cost (piecewise constant mean) and a minimum segment length of six months, as
implemented in the ruptures library (Truong et al., 2020). The penalty is of the Schwarz type
studied by Yao (1988) for the piecewise-constant Gaussian model, scaled by the sample variance
of the series; it is a conservative choice in a trending series, because a piecewise-constant mean
must spend changepoints to follow a trend, so the reported PELT dates should be read as the points
where the level moves most, not as the Bai—Perron break dates of a trend model. The two methods
are complementary for that reason: a date flagged by both is a change in level that is not explained

by a change in slope, and a date flagged only by the trend model is a kink.

21.6. Bayesian online changepoint detection

The online detector of Adams and MacKay (2007) maintains, after each observation, a posterior
distribution over the run length r;, the number of months since the last changepoint. Let H be the
constant hazard (the prior probability that a change occurs at any month, here 1/60, a prior mean
run length of five years), and let the observations within a run be modelled as y ~ .4/ (u, 62) with
the conjugate Normal-Inverse-Gamma prior i | 6% ~ A4 (1o, 62 /Kp), 62 ~ IG(a, Bo). After r

observations yp,...,y, of the current run the hyperparameters update as
KoMo + i<, Vi r Lo, Kor(F— Ho)?
Kr=Ko+r M= a = l’ o =0+ 3, ﬁr=ﬁ0+%Z(Yi—y)2+ (y “) ’
K, 2 = 2K,

(50)
which the code computes recursively, one observation at a time, as ' = (ku +y)/(k+1), K’ = K+
Lo/ =a+3, B =B+xk(y—p)?/(2(k+1)). The predictive distribution of the next observation
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given a run of length r is the Student-7

(K1
ot | ri=r ~ g, (s, DY, (51
and the run-length recursion is
P(rep1 =r+1, yiur1) = P(re =1, Y1) pOis1 | e =7) (1 -H), (52)
P(ris1=0, yius1) = Y P =1, y11) pOis1 | i =r) H, (53)

normalised at each step to give the posterior R, (r) = P(ri+1 =r | Y1:4+1). The hyperparameters are
initialised from the first six months of the series (L their mean, f their variance, kp = 1, op = 1),
an empirical-Bayes choice that uses the start of the series twice and whose effect vanishes after a
few dozen observations. Two detection statistics are derived. Because a constant hazard places mass
H on r =0 at every step by construction, the probability of a change “at #”” is uninformative on its
own; the code reports instead P(r, <3 |y, ), the posterior probability that a change occurred within
the last four months, and the maximum of this quantity over December 2022 to March 2023 is the
statistic reported for the reference date. The second statistic is the sequence of maximum-a-posteriori
run lengths 7 = argmax, R, (r); a reset is declared at month ¢ when 7, < 2 after 7,_; > 12, that is,
when the most probable explanation of the data switches from a run of more than a year to a run that
has just begun, and the list of reset months is the online detector’s set of changepoints. The exact
offline analogue (Fearnhead, 2006) would give the smoothed rather than the filtered posterior; the
filtered version is used because the question it answers—when would a contemporaneous observer

have detected the change—is the one relevant to the lead-time evaluation of Section 22.

21.7. Alternative event dates

The ITS is re-estimated for four alternative markers (June 2020 for GPT-3, May 2022 for DALL-E 2,
April 2023 for GPT-4, October 2024 for ol), each coded as the first full month after the public
release, and an event is skipped when fewer than twelve months precede or follow it in the series.
The exercise is not a horse race among causes. Its purpose is to show whether the estimated level
and slope changes are specific to the November 2022 marker or whether the series exhibits similar
changes at other dates associated with the same technological sequence, in which case the honest
description is of a multi-year acceleration rather than a single break; the Bai—Perron dates are
the data-driven complement to this pre-specified list. For the total series the sensitivity of the

reference-date ITS and of the Bai—Perron dates to the truncation month # is also tabulated.
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22. Emerging-topic detection

The framework of RQ10 asks whether signals observable at a month T predict which topics
will have grown unusually by T + h. Its scientific content lies less in the models, which are
deliberately simple, than in the discipline of the evaluation: features are computed from data
dated at or before T, labels from data strictly after 7', training cutoffs end before test cutoffs
begin, and the test labels are observed in a period the training never saw. The implementation is

experiments/emerging_detection.py.

22.1. Units and panel

The units are OpenAlex topics (the rank O topic of each work) with at least fifty eligible works
over the whole window. Topics are used rather than the forty ontology categories because the
categories are too few and too broad to emerge, and rather than the semantic clusters of Section 20
because a cluster defined on the full corpus is not an out-of-time object: it would be known to
exist only because of works after 7. The plan lists semantic clusters re-estimated at each cutoff
and keyword n-grams as additional unit types; neither is implemented in the current pipeline,
and the manuscript reports topic-level results only. Topics have their own limitation in this role:
the OpenAlex topic model is itself fixed in 2026 and assigns 2019 works to topics defined with
knowledge of 2019-2026 literature, so a topic that “exists” in 2019 with a handful of works may be
a 2024 construct projected backward. The label definition below partly neutralises this, because it
conditions on the topic having at least twenty works in the year before 7', but the caveat applies
to any retrospective evaluation with a fixed vocabulary and is stated as the first limitation of the
framework.

The panel consists of two K x M matrices over topics k and months ¢ from January 2018 to
the last month (June 2026 by default, the driver’s -1last-month, which must be the last complete
month of the panel): the volume ny ;, the number of month-precision eligible works of topic k with
first month ¢, and the citation inflow ¢ ;, the number of internal citation edges whose cited work
belongs to topic k and whose citing work has first month ¢. Citation inflow is dated by the citing
work’s first month, not by the OpenAlex calendar-year counts, which is what makes it usable at

monthly resolution and out of time.
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22.2. Features at a cutoff

Write Vi (a,b] = Zf’: a+1 7, for the volume of topic k in the months a < ¢ < b (and likewise Cy for

citations). At cutoff T the feature vector of topic & is

gior =log(1+Vi(T—12,T]) —log(1+ Vi(T—24,T—12]), (54)
acck.T = 8k ~ 8kT- 12 (55)

1 —
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city 7 =log (1 +Ce(T—12,T]) —log(1+4 Cr(T—24,T—12]), (57)
sharey. 7 = Vi(T—12, T]/ZVk/(T—IZ,T], (58)

k/
agek,T =T- min{t : Zugt nk,u Z 5}; (59)

where 77 and s are the mean and standard deviation of the monthly volumes over the 25 months
from T — 27 to T — 3. The first is twelve-month log growth, the second its change over a year
(acceleration), the third a z-score of the last quarter’s monthly volume against the trailing two
years (the “abnormal growth” signal, which also serves as the baseline detector), the fourth citation
acceleration, the fifth a size control, the sixth the topic’s age in months since it reached five works.
Every window ends at 7', and the quarter that the z-score evaluates (7 — 2 to T') does not overlap the
trailing window (7" — 27 to T — 3) against which it is standardised. The log-ratio form of growth
with the +1 shift keeps the features finite for topics that were empty in the earlier window. Of
the seven candidate signals of the mandate, the implemented set covers abnormal growth, citation
acceleration and (through the panel of Section 20.4, which the script can merge but does not by
default) semantic novelty; interdisciplinary connectivity is described in the script’s documentation
as a cross-area share but is not computed, and methodological adoption, benchmark proliferation
and open-source activity are not implemented. These absences are recorded as scope limits of the

current framework; the evaluation design does not depend on which features are present.

22.3. Label at horizon /

For a horizon h € {12,24} months, the future growth of topic k after cutoff T is

g1y =log(1+ Vi(T,T-+h]) —log(1+ Vi(T—h,T]), (60)
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and the topic is eligible at T if V;,(T—12,T] > 20. The label is

b =1 [ 8t > qo.o({gp'r K eligible at T}) A Vi(T, T+h] > 2max{Vi(T —h,T], 1} A k eligible |,
| (61)

the topic is in the top decile of future growth among eligible topics at that cutoff and at least doubles

its volume. The decile is defined within cutoff, so that the positive rate is roughly ten per cent at

every T regardless of the overall growth of the corpus; the doubling condition removes topics that

reach the top decile by growing from a small base in a quiet period. The protocol phrases the label as

“top-decile growth and citation share”’; the implemented label uses volume growth only, and citation

share is a feature rather than part of the outcome. This is a deliberate simplification—a citation-

based outcome at a twelve-month horizon is dominated by the right-truncation of citations—and is

recorded as a deviation. The label uses only r ;, so a topic can be “emerging” in this sense while its

citation impact is unremarkable; Part IX reports the citation profile of the positives separately.

22.4. Cutoffs, models and metrics

Cutoffs are the months whose index from January 2018 is a multiple of three, that is, January,
April, July and October of each year. Training cutoffs are those from December 2019 up to a
horizon-dependent last month, December 2021 for & = 12 and December 2020 for & = 24, so that
the realised training cutoffs run from January 2020 to October 2021 (eight cutoffs) at 7 = 12 and
from January 2020 to October 2020 (four cutoffs) at # = 24; in both cases the last training label
window closes in October 2022, before the reference date and before the first test cutoff. Test cutoffs
are those from January 2023 to October 2024 whose label window T + A lies within the panel: with
the default last month of June 2026, January 2023 to October 2024 at 7 = 12 and January 2023
to April 2024 at h = 24. No cutoff of either set falls in 2022, and the interval between the close
of the last training label (October 2022) and the first test cutoff (January 2023) is the temporal
separation of training from test in the sense of Bergmeir and Benitez (2012). The plan proposed
training cutoffs through 2022; the implementation stops earlier so that no training label is observed
after the reference date, a stricter separation than the plan, bought at the price of few training cutoffs
at h = 24. The realised cutoff lists are written to the metrics file of each horizon (train_cutoffs,
test_cutoffs). Rows are the eligible (topic, cutoff) pairs; features are the six quantities above
with non-finite values replaced by zero.

Three predictors are compared: the z-score baseline, which ranks topics by z; 7 alone and
involves no fitting; an />-regularised logistic regression (regularisation strength C = 1, on features
standardised with a scaler fitted on the training cutoffs only, so that the penalty is scale-invariant
and no test-period statistic enters the fit); and a gradient boosting classifier (Friedman, 2001) with

300 trees of depth three and learning rate 0.05, seed 44, as implemented in scikit-learn (Pedregosa
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et al., 2011). The metrics on the pooled test rows are the area under the ROC curve (Hanley and
McNeil, 1982), which is the probability that a randomly chosen positive is ranked above a randomly
chosen negative, and precision at k € {20,50}, computed within each test cutoff as the share of
positives among the k highest-ranked topics and averaged over cutoffs; the AUC is also reported
per cutoff to show its stability. Hypothesis H8 sets the bar at an AUC above 0.70 and precision
at 50 above 0.40 against the baseline. Because the positives are defined by a within-cutoff decile,
precision at 50 has a chance level of about ten per cent, and a precision at 50 of 0.40 means that

twenty of the fifty flagged topics were among the positives of that cutoff.

22.5. Lead time and the preregistered known-emergence set

The protocol fixes before estimation a list of twelve developments that anyone familiar with the
period would call emergent (large language models, diffusion models, neural radiance fields, LLM
agents, retrieval-augmented generation, state-space sequence models, vision—language models,
mechanistic interpretability, speculative decoding, mixture of experts at scale, test-time compute
and reasoning models, Al for code generation) and predicts that the detector flags each at least
six months before its peak growth month. Under HS the lead time of a development mapped to
a topic k would be the number of months between the first test cutoff at which k ranks in the top
50 and the month of maximum g,l(zt over the window. That definition requires a mapping from
each development to one or more OpenAlex topics, and the mapping cannot be made: the twelve
developments have no topic of their own in the OpenAlex model (there is no topic for LLM agents,
vision—language models, speculative decoding or mixture of experts), so a topic-level detector cannot
be scored on them whatever its merits. The check actually run (experiments/known_set.py,
results/emerging/known_set_lead_times.csv) is therefore a separate lead-time check on
the preregistered concepts, and it departs from the H8 definition in three respects that are stated
wherever its results appear. First, the units are keyword series: each development is defined
by a hand-written regular expression over title and abstract, listed in the script, and its monthly
series counts the month-precision eligible works it matches. Second, the detector applied is the
z-score baseline rule, not the trained models: a development is detected in the first month ¢ at
which the mean of months # — 2 to ¢ exceeds the mean of months # — 26 to t — 3 by more than
three of their standard deviations, the trailing twelve-month volume is at least thirty works, and
that volume is at least twice the volume of the twelve months before. Third, the peak growth
month is the month of maximum twelve-month log growth over the whole series, chosen with
full-sample knowledge, so the lead time (peak month minus detection month) is an ex-post quantity:
a detection may precede a peak that no contemporaneous observer could have identified, and a
negative lead time means that the series’ fastest growth preceded the rule’s firing. The regular

expressions are themselves 2026 knowledge, since they name each development as it came to be
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called. The check thus measures whether a simple abnormal-growth rule on a named concept fires
early relative to that concept’s peak growth; it is not the HS test of the trained detector, and Part IX
reports it under that description ([pending human review: known-set lead times: no macro yet for

results/emerging/known_set_lead_times.csv]).

22.6. Look-ahead safeguards and what they do not cover

The safeguards are structural: features are functions of panel columns up to 7' (enforced by index
arithmetic, not by convention), labels of columns after 7', cutoffs are separated by a gap, and the
panel is built once from the corpus so that the same data serve all cutoffs. What they do not cover
is information that entered the panel through steps performed in 2026 with full knowledge of the
period: the topic vocabulary, the eligibility rules, the linkage, and the month-precision filter. A
detector evaluated this way answers “given the 2026 topic model, would these signals have ranked
the eventual winners early?”, which is a legitimate question about the signals and a weaker one
about the deployability of the system. The semantic-cluster extension that the plan describes, with
clusters re-estimated at each cutoff from embeddings of works dated before it, is the design that

would address this, and it is left as the stated next step of the framework.

23. Knowledge-graph extraction

23.1. Structural and extracted layers

The knowledge graph has two layers of very different epistemic status. The structural layer—works,
authors, institutions, countries, sources, OpenAlex topics, arXiv categories, taxonomy categories,
and the citation and classification edges among them—is derived from the source databases by the
deterministic rules of Sections 16—19; its errors are the errors of the sources and of the classifier,
which are quantified. The extracted layer—methods, models, datasets, benchmarks, problems,
metrics and claims, with typed edges to the works that introduce, use, evaluate on, extend, compare
against or address them—is produced by a language model from abstracts, for the high-priority set
only, and its errors are of a different kind: omissions, hallucinated entities, wrong roles, and claims
paraphrased beyond what the abstract states. The mandate requires that every inferred relationship
carry provenance, confidence and a verification status, and the extraction is designed so that these

three fields are not decorative.

23.2. High-priority and landmark sets

The high-priority set is selected by 1iterature_synthesis/select_landmarks.py from eligi-

ble, non-retracted works with a primary category: within each (primary category, publication year)
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cell the works are ranked by NCS©39) (for 2025 and 2026, for which the window is empty, by cl12)
divided by its year mean), and the top max{25, round(10,000n./n)} are taken, so that cells are
represented in proportion to their size with a floor that keeps small categories and recent years
present. The landmark set takes the top max{15,[1000/40]} = 25 works of each category by the

same score, adds the 200 works with the highest c(30)

overall, and removes duplicates; it is flagged
for human review (checkpoint H-3) in its entirety. Both selections are citation-based and inherit
the biases of citation counts: they favour the categories and years whose works are cited early, and
they cannot contain a work whose influence has not yet appeared in citations, which for 2025-2026
means that the “high-priority” recent works are the early-cited ones, not necessarily the important

ones.

23.3. Schema, provenance and machine verification

For each work in the high-priority set with an abstract, the extractor (knowledge_graph/03_extract_entities.]
submits the title, year and abstract (truncated to 3,000 characters), in batches of five works, to
claude-sonnet-5-5 with a JSON schema enforced by the API’s structured output mode. The
schema requires, per work, a contribution type from {theory, method, empirical, benchmark, engi-
neering, survey, other}; a list of entities each with a name, a kind in {method, model, dataset, bench-
mark, problem, metric}, a role in {introduced, used, evaluated_on, extended, compared_against,
addressed}, a supporting span and a confidence; and a list of claims each with a text, a kind in
{result, improvement, negative_result, reproduction, contradiction}, a span and a confidence. The
system prompt instructs the model to quote a verbatim span of at most 25 words from the abstract
for every entity and claim, to use canonical names, and never to infer anything not stated. The role
vocabulary maps onto the edge types of the mandate (introduces method, uses dataset, evaluates,
extends, addresses research problem); contradicts and reproduces are claim kinds rather than entity
roles, because a contradiction or a reproduction is a relation between a work and a prior finding that
an abstract rarely names as an entity.

Provenance is the pair (work identifier, span). Machine verification is the check that the span

occurs verbatim, after lower-casing and trimming, in the abstract the model was given:

machine-verified if lower(span(e)) C lower(abs(w)),
status(e) = (62)
unverified otherwise,

with human-verified reserved for edges the principal investigator has reviewed. The check is weak
in a precise sense: it establishes that the evidence quoted for an edge exists, not that it supports
the edge. A model that quotes a genuine sentence and attaches the wrong role to it produces a

machine-verified wrong edge. The confidence field is the model’s own stated probability that the

100



extraction is correct and is not calibrated by this studys; it is stored so that downstream users can
threshold it and so that its calibration can be estimated on the human-verified subsample. Every
record carries evidence_type = abstract, and the manuscript treats abstract-derived edges as
what they are: evidence that an abstract asserts a relation, which is not a full-text review and is
never cited as establishing a scientific finding (CLAUDE.md §1). Extractions are appended to a
resumable file, requests that the model refuses are skipped and counted, and the cost is tracked
against the budget of amendment A-004. What is and is not evidence can therefore be stated plainly:
citation edges are evidence of citation; classification edges are evidence of rule firing with measured
agreement; extracted edges are evidence that a language model, reading an abstract, asserted a

relation and quoted a sentence that exists.

24. Uncertainty, provenance and reproducibility

24.1. What is uncertain and how it is quantified

The descriptive quantities of Sections 18 and 19 are computed on the whole eligible corpus and
carry no sampling error; their uncertainty is measurement error, which enters through linkage
(Section 16.4), classification (Section 17.3), reference resolution and the completeness of affiliations
and abstracts, each of which is estimated and reported as a rate rather than propagated into intervals.
Propagating a classification precision of, say, 0.85 into an interval for a category share would require
a model of how errors are distributed over time, and the honest statement is that a category’s share
is known up to the classifier’s error, which is reported by category and, where the validation sample
permits, by period.

Three families of quantities do carry explicit intervals. The ITS coefficients carry HAC standard
errors and the placebo rank of Section 21.3; the Bai—Perron break dates carry no interval in the
current implementation and are reported with the agreement of the two criteria and the sensitivity
to truncation. The detector metrics carry per-cutoff values, whose dispersion across cutoffs is the
relevant measure of stability, since the rows within a cutoff are not independent. And the cluster
count and the category similarity matrices carry the split-half ARI. The only bootstrap in the pipeline
is that of bibliometrics/04_diversity_cagr.py (Section 18.6): percentile intervals (Efron,
1979) for the yearly Rao—Stirling index and the yearly category shares, from B = 500 multinomial
resamples of each year’s works over the categories with seed 44. No other corpus statistic—the
Gini coefficients, the cross-area shares, the modularity values—carries a resampling interval, and
the manuscript reports none for them; the protocol’s commitment to “bootstrap or HAC intervals™ is
met by the diversity bootstrap and by the HAC errors of the ITS, and a reported figure without an
interval is a population count for which none has been computed. The indicators of Section 18 that

depend on OpenAlex’s nightly recomputation (FWCI, total citation counts) are snapshot quantities

101



and are dated.

24.2. Seeds and determinism

Every stochastic step is seeded with the constant 44: the validation and linkage samples (hash
ordering salted with the seed), the atlas sample and the two UMAP fits, the split-half permutations,
the gradient boosting classifier, and the diversity bootstrap. The regular-expression classifier, the
SQL stages and the structural-change toolkit are deterministic. Two steps are deterministic only
up to the platform: embedding on Apple-silicon GPUs with float16 storage produces vectors that
differ at the fourth decimal from a CPU run, and UMAP’s parallel optimisation is reproducible
only with a fixed seed and a fixed thread count, which the runbook records. The LLLM-based steps
(two taxonomy raters, one extractor) are not deterministic even at zero temperature across model
versions; their outputs are archived in full (the JSONL rating and extraction files, with the model
identifier and the usage of every call) so that every downstream number can be recomputed from
the archived outputs without re-querying the model, and a re-run with a later model version is a new

experiment, not a replication.

24.3. Ledgers, hashes and the chain of custody

The raw inputs are pinned as follows. Each OpenAlex snapshot file downloaded from the public
bucket is hashed with SHA-256 on arrival and the hash, record count, computer-science record count
and malformed-record count are written to a SQLite ledger keyed by the file’s URL and manifest en-
try; a file whose hash or count does not match the manifest is re-downloaded. The DBLP XML dump
is identified by the MDS5 published with it (verified before parsing) and its size; the ACL Anthology
export by the SHA-256 of the file; the arXiv OAI-PMH harvest by the raw XML pages, kept verba-
tim, from which the Parquet table is rebuilt. Every derived table is written by a script whose invoca-
tion, inputs, outputs and measured wall time are listed in reproducibility/RUNBOOK.md, and the
Python environment is locked (reproducibility/environment_M3U96b.txt). Numbers enter
the manuscript only through manuscript/tables/numbers.tex, generated by tables/make_numbers.py
from the result files, so that a number in the text can be traced to a macro, the macro to a result
file, the result file to a script and the script to a ledger entry. The chain has one weak link, stated
here: the result files on the compute node are not themselves hashed into the repository, so a reader
verifying the chain must either re-run the pipeline or trust the node’s copy; the release archive of
Phase 9 will add their hashes.
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24.4. Human checkpoints and the status of conclusions

Six checkpoints (H-0 to H-5, reports/HUMAN_REVIEW_CHECKPOINTS.md) require the principal
investigator’s review of the plan, protocol and amendments (H-0), the linkage sample, the taxonomy
validation sample, the landmark list, the structural-change results and the conclusions. Until a
checkpoint is signed, the manuscript marks the conclusions that depend on it as pending human
review, and the numbers that depend on it are rendered by the \pending macro rather than typed.
This is the mechanism by which the mandate’s requirement that no agent approve its own findings
is made visible in the text rather than asserted in a preface; it also means that a version of this
manuscript compiled before the checkpoints are signed contains visibly incomplete statements,

which is the intended behaviour.

Part V

The Artificial Intelligence Transformation

Part VI

Systems and Computing Infrastructure

Part VII

Theory, Algorithms, and Security

Part VIII

Scientific Knowledge Networks

25. Scope and reading rules

This part reports what the eligible corpus shows about the people, organisations, countries and
venues that produce computer-science research, about the distribution of attention over the works
they produce, and about the sources on which that research draws. It is the empirical counterpart

of research questions RQ4 and RQ6 and of the networks section of the methodology (Section 19),
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and it tests the parts of hypotheses H4, HS and H6 that the current result files make testable. The
citation-flow statistics between taxonomy categories, which carry the main weight of H4, depend
on the classification of Part IX and are not yet available; Section 32.3 is a placeholder for them.
The reader should therefore expect a part that is complete on collaboration, geography, institutions,
venues and aggregate citation structure, and provisional on knowledge flows.

Three reading rules apply throughout. First, every indicator is computed on the eligible corpus
defined in Part III (Section 10), so that “computer science” means the union of DBLP-indexed,
OpenAlex-primary-field and arXiv cs works after the exclusions of the PRISMA flow, and the
indicators inherit the boundary decisions and the affiliation completeness of that corpus. Second,
the two periods of the protocol are unequal in length and in completeness: the baseline runs from
January 2018 to the end of November 2022, the post period from December 2022 to the snapshot of
October 2026 completed by the API increment, and the last year of the post period is partial for the
reasons set out in Section 12. Tables by year therefore carry 2026 as an incomplete row, and the
fixed-window citation statistics of Section 31 are complete only up to the publication years flagged
in Table 17. Third, the comparison of periods is descriptive. The protocol states the hypotheses
with a direction so that null and opposite results can be reported as such, and several of the results
below are of that kind; none of them is evidence of an effect of any single event, and the language
of this part is deliberately that of association and composition.

The part is organised from the smallest unit of production outward. Section 26 describes
authorship and team structure; Section 27 the international co-authorship network; Section 28
the geography of output; Section 29 institutions and sectors, including the industry share that H6
concerns; Section 30 publication channels and venue concentration; Section 31 the distribution of
citations and its inequality; Section 32 the inflows of knowledge from other fields and the age of the
works cited; Section 33 the boundary of the database itself, through the DBLP-only records and the

created_date diagnostic; and Section 34 collects the verdicts on H4-H6.

26. Authorship and team structure

The long-run growth of team size in science is one of the most replicated findings of scientometrics:
Wuchty et al. (2007) documented the shift from solo to team production across fields over five
decades, Lariviere et al. (2015) extended the series back to 1900 and showed that the citation
advantage of teams has grown with it, and Milojevi¢ (2014) proposed a generative account in which
a core of small, “Poisson-like” teams coexists with an expanding tail of large ones. Computer
science has long been a field of small teams by the standards of the laboratory sciences, which is
why the question for this corpus is not whether teams grow but whether the rate of growth or the

shape of the distribution changes across the 2022 boundary. The hypothesis set of the protocol does
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not take a position on team size, and the evidence is reported for its own sake and as a control for
the collaboration indicators that follow.

Table 4 gives the annual series, and Figure 5 plots the mean and the tail shares. The mean
number of authors per eligible work rises from 3.020 in 2018 to 3.590 in 2022 and 3.760 in 2025, a
monotone increase at a pace that does not visibly change at the boundary; the median stays at three
authors in every year, so the growth of the mean is a growth of the upper tail. The tail shares in
the table make the same point: the share of works with five or more authors rises steadily, and the
share with ten or more, although small, roughly triples over the window. The single-author share
falls through 2022 and then rises again, sharply in 2025 and 2026. That reversal is not a change in
research practice. The column of works without any resolved country shows the same U-shape, and
the single-author and unaffiliated shares move together because the records that enter the corpus
fastest after publication (preprints, repository deposits, records not yet enriched with affiliations) are
also those whose authorship metadata is least complete; as those records are enriched and matched
to their published versions in later snapshots, both shares fall. The 2025 and 2026 rows of Table 4
must therefore be read as a snapshot of the indexing process as much as of authorship, and the

pre-2024 trend is the only part of the series on which a substantive statement rests.
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Figure 5. Team size, international co-authorship and industry participation by year. Mean authors per work
and tail shares from team_size_yearly.csv; the international share is the ICS of Part IV (works with two
or more countries among works with at least one); the company share is over works with at least one typed
affiliation (industry_share_yearly.csv). 2026 is incomplete.

The multi-institution share, the fraction of works whose authors list more than one distinct
institution, follows the mean team size through 2022 and then declines, with the same affiliation-
completeness explanation as the single-author reversal: an unaffiliated record cannot be multi-

institutional. Here the substantive literature gives a reason to expect genuine growth. Jones et al.
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Table 4. Team size and collaboration indicators by publication year (all eligible works; periods of the source file
summed).

Year Works Mean authors Single (%) 5+ (%) 10+ (%) Multi-inst. (%) No country (%) Intl. (%)

2018 642,661 3.023 23.2 17.9 1.0 31.8 325 21.5
2019 695,209 3.141 21.7 20.0 1.2 33.1 30.9 21.7
2020 708,854 3.229 20.9 21.3 1.4 35.1 28.5 225
2021 710,953 3.413 17.2 24.0 1.6 38.6 21.5 21.8
2022 699,308 3.587 14.8 26.9 1.9 41.3 16.8 21.2
2023 784,990 3.642 15.1 28.4 2.0 40.7 17.1 20.7
2024 901,406 3.744 15.4 30.2 23 38.9 19.2 20.1
2025 1,065,569 3.760 17.6 30.6 2.7 35.1 26.2 20.0
2026 901,339 3.702 20.8 29.7 3.1 329 30.1 20.3

Columns: works with one author, five or more, ten or more authors, and more than one institution. Shares are over
all eligible works of the year, including works without affiliation data (column ‘No country’); the international
share is over works with at least one resolved country (ICS, Part IV). 2026 is incomplete.

(2008) showed that multi-university collaboration had become the fastest-growing form of team
production in the United States, with a citation premium concentrated in the top-tier institutions,
and Adams (2013) argued that a “fourth age” of research organised around international networks
of elite institutions was displacing the national systems of the previous one. The corpus is consistent
with continued growth of multi-institution work up to the point where the affiliation data become
unreliable and is silent beyond it.

Two cautions apply to all of these shares, and they are not specific to this corpus. The first
is that OpenAlex author counts are taken from the authorship lists of the surviving record after
deduplication (Section 16.2); where a preprint and its published version differ in author list, the
published version wins, which is the appropriate choice but one that makes the count depend on
the linkage. The second is that very large author lists in computer science come disproportionately
from a few genres, namely consortium reports, shared-task overviews and large model “technical
reports”, so that the ten-plus share measures the prevalence of those genres as much as the size of
ordinary research teams. The disruption literature attaches a substantive interpretation to team size,
with Wu et al. (2019) reporting that small teams produce more disruptive work and large teams more
developmental work; that interpretation is not tested here, because the disruption index requires a

citation graph with a long post-publication horizon that the post period does not yet provide.

27. International co-authorship

International collaboration has grown in every field and every country for which long series exist
(Wagner et al., 2015, 2017), and the growth has been described as the emergence of a self-organising
global network with a core group of countries that is stable over time (Leydesdorff and Wagner,
2008). The protocol’s H6 predicts, against this background, that the international co-authorship
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share of computer science does not rise in the post period. The prediction was motivated by
two considerations stated in the protocol discussion: the geopolitical restriction of some bilateral
channels after 2020, and the shift of a growing share of the field’s output into preprint channels and
into countries whose output is predominantly domestic.

The international collaboration share (ICS, Section 18) is computed among works with at least
one resolved country, so that the affiliation-completeness problem of the previous section does not
enter the denominator. Its yearly values are in the last column of Table 4 and are macro-reported
here for the end points: 0.215 in 2018, 0.225 in 2020, 0.212 in 2022, 0.201 in 2024 and 0.200 in
2025. The series is flat to slightly declining: it peaks in 2020, is lower in every subsequent year, and
the post-period values are below every baseline value. The null part of H6 is therefore supported in
the direction stated, and the result is in fact stronger than the hypothesis, which only predicted the
absence of a rise. Two qualifications prevent a stronger reading. The denominator grows faster than
the numerator over the window (433,475 works with a country in 2018 against 786,380 in 2025),
and the composition of that growth, examined in the next section, is dominated by countries with
low international shares; a constant propensity to collaborate within every country would produce
exactly this aggregate decline. And the share is a share of works, not of authors or of citations, so
that the increasing size of international teams noted by Wagner et al. (2017) would not register in it.

The structure of the network behind the share is summarised in Tables 5 and 6, which are built
from the edge list of country pairs with at least fifty joint works in a period. The threshold is a
reporting choice (Section 18); it keeps the network to the pairs whose weight is robust to small
linkage errors, at the cost of excluding the long tail of weak ties through which, in the account of
Leydesdorff and Wagner (2008), peripheral countries enter the core. On this restricted network, the
number of edges and the number of countries both increase from the baseline to the post period
even though the post period is about ten months shorter, so the network densifies at the threshold.
The ordering of countries by strength, the sum of a country’s edge weights, changes at the top:
the United States has the largest strength in the baseline and China in the post period, with the
United Kingdom third in both. The twenty strongest pairs (Table 6) show where the change comes
from. The China—United States pair is the heaviest edge in both periods, but its weight is lower in
the post period than in the baseline in absolute terms, while the pairs of China with Hong Kong,
Singapore, the United Kingdom and Australia rise in weight, and Hong Kong and Singapore rise
in rank; the China—Hong Kong pair moves from fourth to second. The share of the China—United
States edge in the total weight of the network falls accordingly (Table 5). A decline in the absolute
volume of joint work between the two largest producers, in a period in which the output of both
grew, is the most distinctive structural feature of the collaboration data, and it is consistent with
the bilateral-restriction channel that motivated H6; it is not, on its own, evidence about the cause,

and the reader should note that Hong Kong and Macau carry their own country codes in OpenAlex,
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so that part of the apparent reorientation of China’s collaboration is a reorientation toward its own
special administrative regions.

Most of the rest of the pair table is continuity. The United Kingdom—United States, Germany—
United States and Germany—United Kingdom pairs keep approximately their weights; the India—
United States pair rises; the Canada—China and Canada—United States pairs fall slightly; and the
France-United States and Australia—United States pairs fall more and drop in rank, two movements
that the table records and this part does not explain. The picture is that of a core group whose
composition is stable, as Leydesdorff and Wagner (2008) and Glidnzel (2001) found for science as a
whole, with one edge weakening and a cluster of East-Asian edges strengthening. Degree-based
statistics of the network (density, clustering, assortativity) are not reported, because at a fixed weight
threshold they measure the growth of the corpus as much as the structure of collaboration; the

strength ordering and the pair weights, which are counts, are the statistics that survive that objection.

Table 5. The country co-authorship network by period: edges with at least fifty joint works.

Period Edges Countries @ Weight CN-US CN-US (%) Top strength

baseline 1,603 122 960,955 55,438 5.77 US,CN, GB
post 1,774 132 1,042,695 46,875 450 CN,US, GB

Edges: country pairs with at least fifty joint works; Weight: total joint works
over these edges; CN-US: weight of the China—United States edge and its share
of the total; Top strength: the three countries with the largest strength (sum
of edge weights). Baseline: 2018-01-01 to 2022-11-29; post: 2022-11-30 to
2026-11-02 (incomplete).

28. The geography of production

The country-level composition of output is the part of this study where the counting convention
matters most, and the methodology (Section 18) reports both. Under full counting a work with
authors in three countries is counted once for each; under fractional counting it is divided among
them. The two conventions give different levels, and the difference is itself informative, because
a country whose full-count share is much larger than its fractional share is one whose output is
predominantly collaborative (Gauffriau et al., 2008; Waltman and van Eck, 2015). Table 7 gives the
fractional counts of the fifteen largest countries by year, Table 8 the corresponding shares, Table 9
the concentration of the distribution and the full-count shares of the two largest producers, and
Figure 6 the shares of the eight largest.

The dominant movement is the rise of China’s share, which is already the largest in 2018 and
grows in every complete year of the window, under both counting conventions. The second is the

decline of the United States’ share, which is monotone through 2025 under both conventions and
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Table 6. The twenty strongest country pairs by period (number of joint works).

Rank Pair (baseline) Joint works (baseline) Pair (post) Joint works (post)

1 CN-US 55,438 CN-US 46,875
2 CN-GB 22,078 CN-HK 34,365
3 GB-US 19,217 CN-GB 26,828
4 CN-HK 18,609 CN-SG 20,205
5 AU-CN 17,679 GB-US 18,829
6 CA-US 14,091 AU-CN 18,768
7 DE-US 13,715 CA-US 13,603
8 CA-CN 13,018 DE-US 13,013
9 CN-SG 10,749 IN-US 12,144
10 FR-US 9,074 CA-CN 11,588
11 IN-US 9,025 CN-JP 8,669
12 DE-GB 9,009 DE-GB 8,648
13 AU-US 7,990 KR-US 8,452
14 KR-US 7,680 CN-MO 8,242
15 CN-JP 7,554 HK-US 7,643
16 IT-US 7,385 AU-US 6,918
17 GB-IT 6,141 FR-US 6,822
18 FR-GB 6,010 IN-SA 6,673
19 CH-US 5,961 IT-US 6,652
20 FR-IT 5,675 CN-KR 6,252

Pairs are unordered; HK and MO are OpenAlex country codes for Hong Kong and Macau and
are distinct from CN in the affiliation data. The post period is incomplete.
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Country shares of eligible CS output (fractional counting, top 8)
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Figure 6. Country shares of eligible output under fractional counting, eight largest countries by cumulative
output. Each work is divided equally among its distinct author countries; works without a resolved country
are excluded. Source: results/bibliometrics/countries_yearly.csv. 2026 is incomplete.

recovers only in the incomplete 2026 row, where the fast channels in which American output is
over-represented (preprint servers) weigh more than they will once the year is fully indexed. The
third is the growth of India and, more sharply in relative terms, Indonesia, which enters the top five
by the end of the window; the fourth is the slow relative decline of the large European producers,
Japan and Korea, whose absolute output is flat or rising (Table 7) while the total grows. The Russian
series falls after 2021 and does not recover. These movements are gradual and are visible in the
baseline as well as in the post period; nothing in the country shares changes direction at the 2022
boundary, and the growth of China’s share is if anything slower in 2024 and 2025 than in 2021 and
2022.

The China part of H6 asks whether the share of works with China-affiliated authors rises in
the post period in the Al categories. The aggregate rise is established by Table 9, whose column
of works with a China-affiliated author is the quantity the hypothesis names; the category-specific
version requires the classification and is [pending human review: China share by category after
classification]. The aggregate result is, however, weaker evidence than it looks, because the rise is a
continuation of a trend that predates the window and is documented in every recent comparison of
national output (Bornmann et al., 2021); a test of H6 that would be informative must compare the
post-period growth of China’s share in Al categories with its growth in the rest of computer science,
which is what the pending analysis will do.

Concentration across countries, measured by the Herfindahl-Hirschman index of fractional
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shares and by the shares of the five and ten largest countries, rises through 2025 (Table 9). The index
is dominated by the largest share, so the rise is mostly China’s rise; the top-ten share moves less
than the top-five share, which means that the countries ranked six to ten lose share to those ranked
one to five rather than to the tail. The number of countries with any output is stable. The widely
discussed concern that the geography of Al research is narrowing (Klinger et al., 2020; Ahmed
and Wahed, 2020) is a concern about institutions and compute rather than about countries, and the
country-level concentration measured here speaks to it only indirectly; the institutional evidence is
in the next section.

The ratio of a country’s full count to its fractional count, in the last two columns of Table 9,
exceeds one by the extent to which its works are co-authored with other countries, and it is
informative about collaboration intensity. China’s ratio is lower than the United States’ in every
year, which is the signature of a more domestic output: a larger fraction of Chinese-affiliated works
has only Chinese affiliations. Since China’s share grows and the United States’ falls, the aggregate
international share of Section 27 is pulled down by composition even if no country’s propensity
to collaborate changes. This is the mechanical channel behind the null result on international
collaboration, and it is the reason that result is reported with the composition caveat rather than as a

change in behaviour.

Table 7. Fractional output of the fifteen largest countries by year.

country 2018 2019 2020 2021 2022 2023 2024 2025 2026
CN 77,284 94,263 101,355 123,520 140,691 162,133 189,587 207,495 156,209

[N 66,342 72,127 74,597 75,227 71,423 76,638 85,137 86,526 81,720
IN 28,656 28,776 34,093 39,169 45,394 54,351 63,566 71,101 52,404
ID 11,980 15,857 19,389 24,636 28,7712 38,840 46,349 53,376 40,702
DE 19,445 21,030 21,163 22,412 22,423 24,128 25,243 25,458 21,194
GB 16,612 17,651 18,017 18,532 18,021 19,575 21,486 21,589 18,594
JP 15,760 16,536 15,263 15,636 15,723 16,560 17,690 17,534 13,302
FR 16,642 16,336 14,796 15,962 16,430 16,787 16,770 16,307 12,513
IT 10,685 11,741 11912 12,7716 13,301 14,459 15,508 16,503 12,312
KR 9,768 10,481 11,318 12,119 12,669 13,498 14,780 16,400 13,794
CA 9,861 10,969 11,409 11,980 11,908 12,638 13,267 12,998 10,894
BR 10,920 11,429 11,063 10,848 9,724 10,563 11,495 12,861 9,558
RU 8,529 10,036 11,709 12416 10,159 9,150 9,049 9422 8,501
ES 8970 9434 9,638 9,612 9335 9956 10,330 10,391 8,159
AU 7,828 8,492 8844 9,261 8,767 9,044 10,018 10,093  8&727
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Table 8. Share of fractional output of the fifteen largest countries by year (per cent).

Country 2018 2019 2020 2021 2022 2023 2024 2025 2026

CN 17.83 19.64 19.99 22.12 24.19 2491 26.05 26.39 24.79
US 15.30 15.02 14.71 13.47 12.28 11.78 11.70 11.00 12.97
IN 6.61 599 672 701 7.81 835 873 9.04 832
ID 276 330 3.82 441 494 597 637 679 646
DE 449 438 4.17 401 386 371 347 324 3.36
GB 3.83 3.68 355 332 310 3.01 295 275 295
JP 3.64 344 3.01 280 270 254 243 223 2.11
FR 384 340 292 286 283 258 230 207 199
IT 247 245 235 228 229 222 213 210 195
KR 225 218 223 217 218 207 203 209 219
CA 227 228 225 215 205 194 182 1.65 1.73
BR 252 238 218 194 167 1.62 158 1.64 1.52
RU 1.97 209 231 222 175 141 124 120 135
ES 207 197 19 172 161 153 142 132 1.29
AU 1.81 1.77 174 166 151 139 138 128 1.38

Fractional counting: each work is divided equally among its distinct author
countries, so the shares of all countries sum to 100 within a year. ISO
3166-1 alpha-2 codes. 2026 is incomplete.

Table 9. Concentration of output across countries by year, and the two largest producers under full counting.

Year Works Countries HHI Top-5(%) Top-10 (%) CN works (%) US works (%) CN full/frac US full/frac

2018 433,475 196 0.0717 48.1 63.3 21.21 19.24 1.190 1.257
2019 480,052 195 0.0763 48.7 63.7 23.28 18.92 1.186 1.259
2020 506,990 203 0.0772 49.4 63.6 23.85 18.67 1.193 1.269
2021 558,396 202 0.0827 51.0 64.5 25.80 17.17 1.166 1.274
2022 581,511 204 0.0900 53.1 66.2 27.88 15.64 1.152 1.273
2023 650,807 204 0.0936 54.7 67.1 28.55 15.00 1.146 1.274
2024 727,907 206 0.0997 56.3 68.2 29.75 14.83 1.142 1.268
2025 786,380 210 0.1005 56.5 67.7 30.24 14.13 1.146 1.284
2026 630,222 207 0.0955 559 67.1 28.72 16.23 1.159 1.252

Works: fractional total of works with at least one country; Countries: number of countries with any
output; HHI: Herfindahl-Hirschman index of fractional country shares; Top-5/Top-10: fractional
share of the five and ten largest countries. CN/US works: share of works with at least one author in
the country among works with a country (full counting); CN/US full/frac: ratio of the country’s full
count to its fractional count, which exceeds one by the extent to which its works are co-authored with
other countries.
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29. Institutions and sectors

29.1. The sectoral mix of affiliations

OpenAlex types every institution as education, facility, company, government, healthcare, nonprofit,
funder, archive or other. Table 11 gives the distribution of typed affiliations over these classes
by year, and Table 10 the share of works with at least one company affiliation, which is the
statistic named by H6. The hypothesis predicts that the industry share rises in the post period in
Al categories. The prediction follows a line of work that has documented the growing weight of
industry in machine-learning research: Frank et al. (2019) traced the shift of the Al citation graph
toward industry-authored and computer-science-internal sources, Ahmed et al. (2023) reported that
industry’s share of the largest models, of the most cited papers and of the field’s PhD graduates had
risen sharply in the decade to 2022, and Klinger et al. (2020) argued, in a preprint, that the thematic
diversity of Al research had narrowed as the private sector’s share rose.

The aggregate corpus does not show a rising industry share. The company share of works
with a typed affiliation is 0.062 in 2018, rises to a maximum of 0.070 in 2021, and then falls in
every subsequent year to 0.058 in 2025, which is below the 2018 value; the incomplete 2026 row
is at 0.062. The absolute number of works with a company affiliation keeps growing (26,883 in
2018 against 46,192 in 2025), so the falling share is a matter of the denominator growing faster:
the growth of the post-period corpus comes disproportionately from education-sector output, and
within that from the countries of Section 28 whose output is almost entirely academic. Table 11
shows the same thing from the other side, with the education share of affiliations rising through the
window and the facility, government and company shares all giving way. The aggregate part of H6
is therefore not supported; the sign is opposite to the one predicted. Whether the category-specific
version holds, that is, whether the company share rises within the Al categories while falling in
the aggregate, is exactly the kind of composition question that the aggregate cannot settle, and it is
[pending human review: industry share by category after classification].

The result is less at odds with the cited literature than it seems, for three reasons that matter
for its interpretation. Ahmed et al. (2023) measure industry’s presence at the frontier—the largest
models, the most cited papers, the leading conferences—and not its share of all output; a sector
can dominate the frontier of a field while its share of the field’s total publications falls, and the two
facts are compatible with a frontier that is increasingly expensive to reach (Ahmed and Wahed,
2020). Second, the OpenAlex institution type is assigned to the institution, not to the author’s
role, so a work by a corporate research laboratory published with an academic co-author counts
as both, and the share reported here is the share of works with any company affiliation, which is
the most inclusive definition. Third, the affiliation completeness problem of Section 26 affects the

typed denominator: records without affiliation data are excluded, and if industry-authored preprints
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are less often enriched with affiliations than journal articles, the company share of recent years is
understated. None of these reasons reverses the aggregate finding, but together they confine it to

what it measures.

Table 10. Works with a company affiliation by year.

year n_with_inst n_company share_company

2,018 434,384 26,883 0.062
2,019 481,202 31,468 0.065
2,020 508,498 34,152 0.067
2,021 560,230 38,989 0.070
2,022 583,723 39,544 0.068
2,023 653,586 44,065 0.067
2,024 731,403 45,268 0.062
2,025 792,112 46,192 0.058
2,026 635,537 39,161 0.062

Table 11. Share of typed affiliations by OpenAlex institution type and year (per cent of affiliation-work pairs).

Institution type 2018 2019 2020 2021 2022 2023 2024 2025 2026

education 74.33 74.03 74.14 73.80 74.09 74.85 76.24 77.85 78.16
facility 11.20 11.11 10.79 10.73 10.66 10.22 9.50 8.60 8.13
company 488 5.13 525 541 527 529 494 474 503
government 529 523 520 526 521 5.00 474 428 4.07
healthcare 1.55 177 195 212 218 213 219 232 237
nonprofit 1.58 156 155 1.54 147 136 1.32 122 1.21
other 0.65 0.67 065 0.67 0.66 0.66 062 058 0.61
funder 0.32 031 029 031 031 033 031 029 0.28
archive 0.19 0.19 0.18 0.17 0.16 0.15 0.14 0.12 0.14

A work with affiliations of several types counts once under each type; shares
therefore describe the mix of affiliation types, not of works. Types follow the Ope-
nAlex institution ontology (education, facility, company, government, healthcare,
nonprofit, funder, archive, other).

29.2. Institutional concentration and stability

The institution tables (Tables 12 and 13) list institutions with at least two hundred works in a period,
identified by their OpenAlex identifiers only; the result files do not carry institution names, and this
part refrains from resolving the identifiers by hand so that every statement remains reproducible
from the released artefacts. The number of institutions above the threshold rises from the baseline
to the post period, as does the number of works they account for, in both counting conventions.
The ratio of full to fractional counts among the largest institutions is close to two, meaning that the
average work of a large institution carries about one other institution, which is the multi-institution

pattern of Section 26 seen from the institution’s side.
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Concentration among the listed institutions is low and stable: the ten largest account for a few
per cent of the listed fractional output and the hundred largest for less than a quarter, with both
shares slightly higher in the post period. This is a different picture from the one that the concern over
the “de-democratisation” of Al research conveys (Ahmed and Wahed, 2020), and the difference is
again one of object: the distribution of all computer-science output over institutions is wide, whereas
the distribution of the frontier of one sub-area may be narrow, and only the latter has been claimed
to be narrowing. The rank stability of institutions across periods is high: of the institutions listed in
the baseline, the great majority are also listed in the post period, and the Spearman correlation of
their fractional counts across the two periods, given in the note to Table 12, is close to nine tenths.
Among the institutions listed in both periods, the twenty-five largest of the post period (Table 13)
have post-to-baseline ratios that cluster around or somewhat above the ratio of the two periods’
listed totals, with a few institutions growing considerably faster and two of the largest full-count
producers growing slower than the corpus. The institutional hierarchy of computer science, in other

words, was not reshuffled in the post period; it grew in place.

Table 12. Institutions with at least two hundred works per period: coverage and concentration (fractional counting).

Period Institutions Fractional works Full-count works Top-10 (%) Top-50 (%) Top-100 (%)
baseline 3,774 2,106,169 4,041,943 421 14.16 22.10
post 4,302 2,381,805 4,584,088 4.53 14.55 22.31
both periods 3,385 2,057,448 3,933,963

Institutions: number with at least two hundred works in the period; Top-10/50/100: fractional share of the
largest listed institutions relative to the listed institutions, not to all works. The row ‘both periods’ counts the
institutions present in both lists (its work columns are their baseline totals); the Spearman rank correlation of
their fractional counts across periods is 0.893.

30. Publication channels and venue concentration

The venue is the unit at which the publishing system intersects the research system, and the two
have been changing in opposite directions in computer science for two decades: the publishing side
has consolidated into a small number of commercial and society publishers (Lariviere et al., 2015),
while the research side has moved a growing share of its first dissemination to arXiv (Sutton and
Gong, 2017; Lin et al., 2020b; Lariviere et al., 2014). The OpenAlex notion of source, on which the
tables of this section are built, follows the venue (a journal, a conference series, a book series, a
repository, an ebook platform) rather than the publisher, so what is measured here is concentration
over venues, and arXiv counts as one venue. The protocol’s HS anticipated this when it predicted
that venue concentration would be “stable or lower because of preprint growth” once the preprint
source is treated separately; the methodology (Section 18) notes that the index with arXiv included

rises mechanically with preprint growth.
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Table 13. The twenty-five institutions with the largest fractional output in the post period, with their baseline output.

OpenAlex id Full, base Frac., base Full, post Frac., post Ratio

199065089 22,538 11,029 31,113 13,895 1.26
176130692 15,313 7,602 25,969 12,544  1.65
1183067930 16,978 9,536 24,692 12,218 1.28
119820366 38,352 10,567 42,050 11,779  1.11
1150229711 16,047 9,158 18,433 10,376  1.13
1204983213 14,253 8,281 18,650 10,317 1.25
182880672 13,870 7,918 17,887 9,770 1.23
176569877 12,412 6,441 18,377 9,479 147
1125839683 11,397 6,820 15,546 8,943 131
1149594827 13,182 7,577 15,300 8,675 1.14
1139759216 14,042 8,257 16,158 8,604 1.04
1170215575 11,019 7,936 12,517 8,589 1.08
120231570 12,392 6,346 17,984 8,509 1.34
1126520041 11,204 5,945 15,955 8,437 142
117145004 10,813 6,570 13,170 7,533 1.15
1157773358 9,630 4,894 14,118 7,065 1.44
1172675005 12,130 5,790 16,869 6,985 1.21
147720641 10,577 5,454 12,918 6,979 1.28
1876193797 6,565 4,684 9,448 6,842 1.46
174973139 13,757 8,054 12,960 6,766  0.84
124943067 7,191 3,567 13,299 6,656 1.87
187445476 9,354 5,397 12,007 6,540 1.21
137461747 11,153 5,687 13,095 6,497 1.14
11294671590 37,021 7,872 30,409 6,388 0.81
1145286018 3,558 2,604 9,510 6,324 2.43

Full and fractional counts in the baseline and post periods; Ra-
tio is the post-to-baseline ratio of fractional counts. Institution
names are not stored in the result file; the identifiers resolve at
https://openalex.org/I<id>. The post period is about ten months shorter
than the baseline, so a ratio below the corpus-wide ratio does not indi-
cate decline.
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Table 14 and Figure 7 give the yearly number of distinct sources, the Herfindahl-Hirschman
index over sources and the share of the largest source. The number of distinct sources rises every
complete year, from 26,485 in 2018 to 44,706 in 2025, so the venue landscape is widening in the
sense of variety. The index, however, rises as well: from 0.004 in 2018 to 0.009 in 2025 and 0.036
in the incomplete 2026 row, and the share of the largest source, which is arXiv in every year, goes
from 0.039 to 0.087 and then to 0.183 in 2026. The index is small in absolute terms (its upper bound
is one, reached when a single venue carries all works), and the squared share of arXiv accounts
for most of it in the later years; the 2026 value is an artefact of right truncation, since preprints
are indexed within days and journal and conference records months later (Section 12), and will
fall as the year completes. The concentration result is therefore the one the protocol expected
in mechanism and the opposite of the one it expected in sign: concentration over venues, with
arXiv counted as a venue, rises because of preprint growth, and the version of the index without
the preprint type, which HS names, is [pending human review: venue HHI excluding preprints].
The qualitative conclusion that does not depend on it is that the rest of the venue landscape is not
concentrating: the number of venues grows, and the second-ranked sources in Table 16 hold shares

that are an order of magnitude below arXiv’s.

Distinct sources (venues) per year Venue concentration
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Figure 7. Number of distinct sources per year (left) and venue concentration (right): Herfindahl-Hirschman
index over sources, scaled by 10*, and share of the largest source, which is arXiv in every year. Source:
results/bibliometrics/venue_hhi_yearly.csv. 2026 is incomplete and inflated by the faster indexing
of preprints.

Tables 15 and 16 describe the channels themselves. By source type, journals carry about half
of the listed works in both periods, conferences between a fifth and a quarter, and repositories rise
from about an eighth to about a fifth between the baseline and the post period, at the expense of

conferences, book series and ebook platforms. The twenty largest sources make the composition
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concrete. arXiv is first in both periods and more than doubles its count; Lecture Notes in Computer
Science is second in both; SSRN, which is not a computer-science venue but hosts a growing number
of works that OpenAlex classifies in the field, moves from the lower part of the baseline list to third;
Research Square and NeurIPS enter the post-period list and the AAAI conference proceedings rise
within it; the large open-access journals (IEEE Access, Sensors, Remote Sensing) remain in the list
but with lower counts in the post period than in the baseline, a decline whose cause (editorial policy,
reclassification by OpenAlex, or the shorter period) the corpus does not identify. The appearance of
generalist repositories (SSRN, Research Square, OSF) among the largest computer-science sources
is a boundary effect of the OpenAlex topic classification rather than a change in where computer

scientists publish, and it is one of the reasons the strict-core sensitivity set of Part III exists.

Table 14. Venue concentration by year.

year n n_sources hhi topl_share
2,018 26,485 26,485 0.004 0.039
2,019 28,645 28,645 0.005 0.042
2,020 31,163 31,163 0.006 0.050
2,021 32,830 32,830 0.005 0.052
2,022 32,698 32,698 0.004 0.047
2,023 36,173 36,173 0.005 0.054
2,024 40,351 40,351 0.006 0.064
2,025 44,706 44,706 0.009 0.087
2,026 37,470 37,470 0.036 0.183

Table 15. Distribution of works over source types among the listed sources, by period (per cent).

Period Sources Works journal (%) conference (%) repository (%) series (%) ebook (%)

baseline 4,151 2,482,218 49.4 23.6 13.4 9.3 4.3
post 4,330 2,754,321 47.6 20.3 20.9 1.7 3.6

Source types are OpenAlex’s (series = book series; ebook = ebook platform). The listed sources are those
retained by the bibliometric script for each period; works whose primary source is not listed are excluded
from the denominators.

Table 16. The twenty largest sources (venues) by period, with OpenAlex source type.

Rank Source (baseline) Type Works Source (post) Type Works
1 arXiv (Cornell University) repos. 140,278 arXiv (Cornell University) repos. 333,020
2 Lecture notes in computer s...  series 103,497 Lecture notes in computer s...  series 95,018
3 IEEE Access journal 61,511 SSRN Electronic Journal — repos. 46,714
4 Sensors journal 35,050 IEEE Access journal 46,436
5 Advances in intelligent sys...  series 28,956 Lecture notes in networks a...  series 29,711
6 Communications in computer...  series 23,599  Communications in computer...  series 25,012
7 Springer eBooks ebook 22,660 Sensors journal 21,109
8 Remote Sensing journal 20,294 Springer eBooks  ebook 18,470
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Rank Source (baseline) Type Works Source (post) Type Works

9 HAL (Le Centre pour la Comm... repos. 19,978 CRC Press eBooks  ebook 17,187
10 Journal of Physics Conferen... journal 16,076 HAL (Le Centre pour la Comm... repos. 14,376
11 Apress eBooks ebook 16,005 Research Square  repos. 14,088
12 Lecture notes in networks a...  series 14,913  Expert Systems with Applica... journal 13,159
13 CRC Press eBooks ebook 11,465 Proceedings of the AAAI Con... conf. 12,982
14 SSRN Electronic Journal repos. 10,887 neural information processi. . . conf. 12,520
15 Lecture notes in electrical...  series 10,301 IEEE Internet of Things Jou... journal 11,927
16 IEEE International Geoscien. .. conf. 10,197 IEEE International Conferen. .. conf. 11,826
17 Routledge eBooks ebook 10,161 Remote Sensing journal 11,695
18 Symmetry journal 9,334 Scientific Reports journal 11,680
19 IEEE International Conferen. .. conf. 8,847 Lecture notes in electrical...  series 10,207
20 Proceedings of the AAAI Con...  conf. 8,407 AIP conference proceedings journal 9,506

Source names are OpenAlex display names, truncated; types abbreviated (repos. = repository, conf. = conference,

series = book series, ebook = ebook platform).

31. The distribution of citations

31.1. Levels, zeros and inequality within fixed windows

Citation distributions are heavy-tailed in every field, and the degree of skewness is remarkably
similar across fields once counts are normalised by the field mean (Seglen, 1992; Radicchi et al.,
2008; Albarran et al., 2011). The mechanisms proposed for the tail are cumulative advantage, the
“Matthew effect” by which recognised work attracts recognition (Merton, 1968; Price, 1976), and
its network formalisation as preferential attachment (Barabasi and Albert, 1999); the mechanism
proposed for the mass of the distribution is a combination of a work’s intrinsic fitness and an ageing
function (Wang et al., 2013). What a cross-period comparison can measure is not these mechanisms
but the shape of the distribution at a fixed exposure, and the fixed windows of Section 18.2 are the

(36)

device that makes the shape comparable: ¢'°®’ counts the citations received in the publication year

and the two following calendar years, and is complete for publication years up to 2023.

Table 17 and Figure 8 give the yearly statistics. The mean of 39 rises from 4.702 for works
published in 2018 to 6.368 for 2022 and 6.426 for 2023, the last complete year; the median is one
citation in most years and two in 2022, so the mean is carried by the tail. The share of works uncited
at three years falls from 0.461 for 2018 to 0.337 for 2022 and rises again to 0.365 for 2023. Both
movements are what a growing citing population produces: each publication year is cited by the
following two years’ output, and that output grows, so later cohorts receive more citations at equal
exposure (Bornmann and Mutz, 2015). The reversal in 2023 is the first sign of right truncation in
the window, since the third calendar year of the 2023 cohort is 2025, for which the increment of
Part III is complete but the slower channels of indexing are not; it is flagged in the table and is the

reason the 2024 row, whose window is formally incomplete, is not used.
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The Gini coefficient of ¢(3%) is the inequality statistic named, with a deviation in window length
recorded in Section 18, by HS5. It falls from 0.814 for 2018 to 0.764 for 2022, then rises to 0.787 for
2023; the 12-month Gini follows the same path at a slightly higher level, as expected from the larger
share of zeros in the shorter window. Since the share of uncited works moves with the Gini, and
uncited works are the main contributor to inequality in a short window (Section 18), the fall through
2022 is to a large extent a fall in the share of zeros rather than a change in the shape of the tail, and
the 2023 uptick is the truncation effect just described. H5 predicts that citation inequality is higher
in the post period than in the baseline for Al categories. The aggregate series can test only the
aggregate statement, and for the one post-period publication year with a complete window (2023)
the aggregate Gini is above the 2022 value and below every baseline value before 2021, so the
aggregate evidence is mixed and dominated by truncation; the category version of the test, which is
the one the hypothesis states, is [pending human review: Gini by category after classification|. The
reader should also weigh the finding of Nielsen and Andersen (2021) that global citation inequality
has risen over several decades when measured on long windows across all fields; the three-year
windows used here measure a different quantity, early attention, whose inequality is driven by zeros,

and the two results are not in contradiction.

Fixed-window citations (36 months) Citation inequality
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Figure 8. Fixed-window citation levels and inequality by publication year, for years with a complete 36-month
window. Left: mean ¢(3%) and the 99th percentile divided by ten. Right: Gini coefficient of ¢(3%) and share of
works uncited at 36 months. Source: results/bibliometrics/citation_windows_yearly.csv.

The field-weighted citation impact supplied by OpenAlex, reported for comparison in Table 17,
has a mean above one in every year, which says that the eligible corpus is cited above the OpenAlex
world average for works of the same type, year and subfield; its median is below one in every
year, which says that the typical computer-science work is not. The two statements together

are the skewness result once more. The mean FWCI declines slowly, though not monotonically,
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across cohorts and the median rises through 2022 and collapses for 2025 and 2026, where the
exposure is too short for the indicator to mean anything; the methodology’s reservations about

FWCI (Section 18) are borne out and the indicator is not used further.

Table 17. Fixed-window citation statistics by publication year (c12: publication year + 1; ¢36: + 2 calendar years).

year n mean_cl2 mean_c36 med_c36 share_uncited_36 p99 c36 gini_c36 gini_cl12 mean_fwci
2,018 641917 2.276 4.702 1.000 0.461  56.000 0.814 0.825 1.736
2,019 694,412 2.543 5.329 1.000 0432  62.000 0.805 0.816 1.713
2,020 707,129 3.164 6.032 1.000 0.401  68.000 0.794 0.807 1.619
2,021 708,026 3.126 6.187 1.000 0.362  65.000 0.776 0.791 1.616
2,022 695,138 3.198 6.368 2.000 0.337  66.000 0.764 0.776 1.661
2,023 780,478 3.330 6.426 1.000 0.365  68.000 0.787 0.802 1.654
2,024 899,518 3.241 5.173 1.000 0415 57.000 0.796 0.806 1.635
2,025 1,065,277 1.854 1.854 0.000 0.622  23.000 0.848 0.848 1.594
2,026 901,300 0.262 0.262 0.000 0.907 4.000 0.960 0.960 1.497

31.2. The most cited works and what they reveal about the database

Table 18 lists the ten works with the largest ¢30)

in each publication year from 2018 to 2025, with
their total citations to date. The list is reported because research question RQ3 asks for the most
influential contributions and because the mandate requires that the manuscript identify them; it
is reported with its errors visible because the errors are instructive. Three kinds of entry appear.
The first is the expected one: the foundational works of the deep-learning decade are present with
the citation counts one would expect, among them Deep Contextualized Word Representations,
MobileNetV2 and Squeeze-and-Excitation Networks tor 2018, BERT for 2019, Momentum Contrast
and A Simple Framework for Contrastive Learning for 2020, the Vision Transformer and the Swin
Transformer for 2021, High-Resolution Image Synthesis with Latent Diffusion Models and Masked
Autoencoders Are Scalable Vision Learners for 2022, Segment Anything and YOLOv7 for 2023, and
DeepSeek-R1 for 2025, together with the scientific-software and bioinformatics-resource papers
(SciPy, NumPy, STRING, SWISS-MODEL, iTOL, AlphaFold Protein Structure Database, UniProt,
KEGG) that the OpenAlex topic classification places in computer science and that are among the
most cited works of any field.

The second kind of entry is a duplicate or misdated record of a canonical work: Bitcoin: A
Peer-to-Peer Electronic Cash System appears as an SSRN record dated 2019 and again dated 2022,
Generative Adversarial Nets as a 2023 book chapter, Batch Normalization as a 2024 preprint,
Learning Multiple Layers of Features from Tiny Images as a 2024 article, and Attention Is All You
Need as a 2025 preprint. These are not errors of this study’s deduplication, which merges a preprint
with its published version within the window (Section 16.2); they are distinct OpenAlex works,
with their own identifiers and their own citation counts, created when a reference string resolved

to a new record rather than to the existing one, and dated by the record rather than by the work.
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Their ¢(39) is large because the citations of a canonical work accrue to whichever record the citing
works’ reference strings resolve to. The third kind is the inconsistent record: entries whose window
count exceeds their total count, or whose total count is zero while their window count is in the
thousands, including several records of the Dagstuhl DROPS series and of regional journals whose
titles bear no relation to the citation volume attached to them. These are, to the best of the author’s
understanding, artefacts of OpenAlex’s reference matching, where a frequently cited string has
been mapped to a wrong target; they are recognisable precisely because the two counts disagree,
and Alperin et al. (2024) and Culbert et al. (2025b) document related inconsistencies in OpenAlex
citation data at the aggregate level.

The consequences for this part are limited but must be stated. The aggregate citation statistics of
the previous subsection are insensitive to a small number of misattributed records among hundreds
of thousands per year, except through the maximum and the 99th percentile, which Table 17 reports
and which should not be interpreted. The identification of the most influential works for RQ3, by
contrast, cannot rely on a ranked list from the database without a record-level audit, and the audit
must check the consistency of window and total counts, the uniqueness of the work across records,
and the agreement of the record’s date with the work’s first appearance. That audit is part of the
human-review checkpoint on RQ3 and is [pending human review: record-level audit of the top-cited
lists]; until it is done, the titles above are quoted as what the database returns, not as a ranking
endorsed by this study. The lesson for the field-normalised scores of Section 18.2 is the same as the
one Waltman (2016) draw for all mean-based indicators: a reference class containing one record
with tens of thousands of misattributed citations has a mean that is wrong for every work in the
class, and the normalised scores of Part IX should be computed after the exclusion of records failing
the consistency check; whether the current pipeline applies that exclusion is [pending human review:

NCS computed after exclusion of inconsistent records].

Table 18. The ten most cited works of each publication year by 36-month window citations (c36), with total
citations to date.

Year Rk Title (truncated) c36 Total
2018 1 Al-Assisted Pipeline for Dynamic Generati... 5,855 44,705
2018 2 Deep Contextualized Word Representations 4,791 11,541
2018 3 MobileNetV2: Inverted Residuals and Linea... 3,514 27,247
2018 4 YOLOV3: An Incremental Improvement 3,187 5,512
2018 5 Squeeze-and-Excitation Networks 3,107 30,519
2018 6 STRING vl11: protein-protein associationn... 2,624 17,675
2018 7  SWISS-MODEL: homology modelling of protei... 2,454 13,067
2018 8 Encoder-Decoder with Atrous Separable Con... 2,432 18,734
2018 9 MapReduce: Simplified Data Processing on... 2,186 2,948
2018 10 UniProt: a worldwide hub of protein knowl... 2,078 7,679
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Year Rk Title (truncated) c36 Total
2019 1 BERT: Pre-training of Deep Bidirectional... 19,296 31,944
2019 2 Bitcoin: A Peer-to-Peer Electronic Cash S... 7,534 13,922
2019 3 Squeeze-and-Excitation Networks 5,976 12,104
2019 4 The REDCap consortium: Building an intern... 3,835 23,807
2019 5 Particle Swarm Optimization 3,767 6,270
2019 6 Welcome to the Tidyverse 2,788 21,504
2019 7 Interactive Tree Of Life iTOL) v4: recen... 2,754 5,925
2019 8 A Style-Based Generator Architecture for... 2,727 11,051
2019 9 The EMBL-EBI search and sequence analysis... 2,262 4,162
2019 10 Quantum supremacy using a programmable su... 2,260 7,695
2020 1 SciPy 1.0: fundamental algorithms for sci... 10,506 37,925
2020 2 Array programming with NumPy 5,512 17,096
2020 3 Array programming with NumPy 5,137 23,207
2020 4 A Mathematical Theory of Evidence 5,066 11,711
2020 5 Evaluation: from precision, recall and F-... 3,906 4,311
2020 6 Momentum Contrast for Unsupervised Visual... 3,802 12,652
2020 7 A Simple Framework for Contrastive Learni... 3,360 6,894
2020 8 BART: Denoising Sequence-to-Sequence Pre-... 2,915 8,244
2020 9 End-to-End Object Detection with Transfor... 2,877 16,417
2020 10 UniProt: the universal protein knowledgeb... 2,641 6,342
2021 1 HISTORIAE, History of Socio-Cultural Tran... 12,201 0
2021 2 An Image is Worth 16x16 Words: Transforme... 9,465 449
2021 3 Swin Transformer: Hierarchical Vision Tra... 9,391 33,262
2021 4 Numerical optimization 9,351 13,724
2021 5 Comparative Analysis of Defect Detection... 6,845 8
2021 6 Interactive Tree Of Life GTOL) v5: anon... 4,291 11,124
2021 7 AlphaFold Protein Structure Database: mas... 3,084 7,770
2021 8 LAMMPS - a flexible simulation tool for p... 2,697 12,382
2021 9 Review of deep learning: concepts, CNN ar... 2,452 7,842
2021 10 seaborn: statistical data visualization 2,401 7,190
2022 1 Bitcoin: A Peer-to-Peer Electronic Cash S... 10,307 11,148
2022 2 High-Resolution Image Synthesis with Late... 6,719 16,051
2022 3 Masked Autoencoders Are Scalable Vision L... 4,278 7,977
2022 4 A ConvNet for the 2020s 3,671 8,300
2022 5 KEGG for taxonomy-based analysis of pathw... 3,498 5,752
2022 6 UniProt: the Universal Protein Knowledgeb... 3,250 6,940
2022 7 DAVID: a web server for functional enrich... 3,170 6,142
2022 8 Discernment and Social Learning as a Comp... 3,077 4,202
2022 9 The STRING database in 2023: protein-prot... 2,781 9,363
2022 10 BNAI, NO-TOKEN, and MIND-UNITY: Pillars o0... 2,465 4,203
2023 1 Exploiting Generative Al to Scale up Inte... 72,130 76,658
2023 2 Generative Adversarial Nets 19,230 19,272
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Year Rk Title (truncated) c36 Total

2023 3 Aion Framework: Dimensional Emergence of... 13,333 13,690
2023 4  Suspending OpenMP Tasks on Asynchronous E... 12,891 12,935
2023 5 YOLOV7: Trainable Bag-of-Freebies Sets Ne... 10,586 12,390
2023 6 Segment Anything 7,864 10,910
2023 7 ChatGPT for good? On opportunities and ch... 4,227 7,222
2023 8 Swin-Unet: Unet-Like Pure Transformer for... 3,841 4,853
2023 9 3D Gaussian Splatting for Real-Time Radia... 3,644 5,862
2023 10 LLaMA: Open and Efficient Foundation Lang... 3,629 3,837
2024 1 Learning Multiple Layers of Features from... 23,341 23,395
2024 2 The effects of back-projection variantsi... 14,915 0
2024 3 Batch Normalization: Accelerating Deep Ne... 14,214 14,214
2024 4 A Multi-Modal Distributed Real-Time IoT S... 14,039 14,040
2024 5 On a Method to Measure Supervised Multicl... 12,586 12,586
2024 6 Targeted Branching for the Maximum Indepe... 5,183 5,183
2024 7 DETRs Beat YOLOs on Real-time Object Dete... 4,773 4,548
2024 8 Kaldi Speech Recognition Toolkit 4,599 4,609
2024 9 YOLOV9: Learning What You Want to Learn U... 4,486 4,486
2024 10 Reading digits in natural images with uns... 4,149 4,149
2025 1 Attention Is All You Need 24,486 24,487
2025 2 Detecting Functionality-Specific Vulnerab... 15,245 15,246
2025 3 On Assessing ML Model Robustness: A Metho... 4,701 4,702
2025 4 Fast Kd-Trees for the Kullback-Leibler Di... 2,355 2,354
2025 5 Identifying Resilient Communities in Road. .. 1,542 1,543
2025 6 DeepSeek-R1 incentivizes reasoning in LLM... 1,099 1,099
2025 7 A Comprehensive Overview of Large Languag... 1,097 1,097
2025 8 U-Prithvi: Integrating a Foundation Model. .. 977 977
2025 9 Accurate predictions on small data with a. .. 974 974
2025 10 The rise and potential of large language. . . 914 914

As recorded in OpenAlex (snapshot 2026-10-14 plus increment). Several entries are duplicate or misdated records
of canonical works, or records whose citation counts are inconsistent with their total (c36 larger than the total, or

a total of zero); they are kept because the table documents what the database returns, and are discussed in the text.

32. Knowledge inflows and the age of cited work

32.1. Where the references of computer science point

Research question RQ4 asks how citation networks and interdisciplinary knowledge flows have
evolved, and H4 predicts that the share of citations crossing area boundaries rises in the post period.
The methodology defines two levels at which flows are measured: between the taxonomy categories

of this study, through the flow matrices of equation (36), and between the corpus and the rest of
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the literature, through the external edge set of Section 19.1, whose cited works are typed by their
OpenAlex field. Only the second level is available at the time of writing, and only from the first
version of the corpus: the graph tables of results/graph/ are being regenerated for corpus v2,
and the field-flow file was not present when this part was written. Figure 9, generated from the v1
file, is described here qualitatively, and every quantitative statement about it is [pending human

review: v2 graph].

Where the references of the CS corpus point, by citing year

=@ Inside the corpus (CS, 2018-2026) Medicine

—@— CS outside the corpus (mostly pre-2018) Mathematics

~@— Engineering —8— Psychology
Social sciences —@— Decision sciences
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Figure 9. Share of the resolved references of eligible works, by citing year, that point to works inside the
corpus and to works outside it by cited OpenAlex field (seven largest external fields). Generated from the
corpus vl file results/graph/field_flows_yearly.csv; to be regenerated for v2.

The figure separates the references of each citing year into those that point inside the corpus,
that is, to computer-science works published from 2018 onward, and those that point outside it,
by the cited work’s field. Its dominant feature is mechanical and must be read first: the share of
references pointing inside the corpus rises steeply with the citing year, and the share pointing to
computer science outside the corpus falls by the same amount, because the corpus starts in 2018
and a work published in 2018 cannot cite inside it except at age zero, whereas a work published in
2026 has eight years of corpus to cite. The two computer-science curves together are approximately
flat, and their sum is the share of references that stay within the field. The curves of the other fields
are what the flow question is about, and they are nearly flat over the window: engineering is the
largest external field and declines slowly, the social sciences, mathematics, medicine, psychology
and decision sciences each hold a few per cent of references with no visible change of direction in
the post period, and medicine is the only external field whose share rises slightly at the end of the
window. On the v1 evidence the field-level version of H4 is not supported: the boundary-crossing
share of computer-science references toward other OpenAlex fields does not rise after 2022, and the

slow decline of the engineering share continues a trend visible in the baseline.
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This is a weaker statement than the one H4 makes, and the difference should be kept in view.
The hypothesis concerns boundaries within computer science (systems toward Al, security toward
Al, human—computer interaction toward Al), and a field whose sub-areas converge on a common set
of methods may well cite less outside the field, not more, as its internal frontier absorbs the attention
that used to go to mathematics or engineering. The flat external shares are therefore compatible
with H4 and with its negation, and only the category flow matrices can decide between them. What
the field-level curves do establish is a boundary condition for the interdisciplinarity literature: the
diversity indices of Section 18.6, whether Rao—Stirling or Leinster—Cobbold, will be computed
over a reference distribution whose external component is small and stable, so that any change
they detect will come from the internal component. Porter and Rafols (2009) found, for six fields
over three decades, that interdisciplinarity measured on references rose slowly and mostly through
neighbouring fields; the computer-science curves are consistent with that pattern and do not show

the acceleration that the foundation-model narrative would predict.

32.2. The age of cited work

The age of the works a field cites is the simplest measure of how fast its knowledge turns over, and
the literature disagrees on its direction. Evans (2008) reported that online availability narrowed
citation toward fewer and more recent works; Verstak et al. (2014), in a preprint based on Google
Scholar, reported the opposite, a growing share of citations to older articles; Parolo et al. (2015)
measured an accelerating decay of attention to individual papers as the volume of publication grew;
and Chu and Evans (2021) argued that in very large fields the growth of publication itself ossifies
the canon, because new work cannot be read widely enough to displace it. Computer science is
the field in which the turnover is expected to be fastest, and Frank et al. (2019) found that the Al
citation graph had become more self-referential and more recent-leaning over the 2010s.

Figure 10 and Table 19 give the distribution of the age of cited works, the citing year minus the
cited work’s publication year, for the resolved references of eligible works. The cited-age file is
the one graph table available at the time of writing, and it is a v1 file; the table will be regenerated
from the v2 file by the same script and its values are [pending human review: v2 graph]. On the vl
distribution, the mode of citation age is two years in every citing year, the mean falls monotonically
from 2018 to 2025, the median falls from six to five years, the share of references to works at most
five years old rises by more than ten points over the window, and the share to works more than ten
years old falls by about the same amount. The shift is steady and does not accelerate at the 2022
boundary; the post-period curves in the figure continue the movement of the baseline curves. A
small share of references point to works dated after the citing work, which arises from preprints
cited before their published version carries a later date and from year-only dates; this share falls

over the window as the corpus’s own dates become first-appearance dates, and is excluded from the
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age statistics.

Reference age distribution by citing year
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Figure 10. Distribution of the age of cited works (citing year minus cited year, O to 30 years) for five citing
years. Generated from the corpus vl file results/graph/cited_age_yearly.csv; to be regenerated for
v2.

The evidence therefore sides with Evans (2008) and Parolo et al. (2015) rather than with Verstak
et al. (2014) for this field and this window, with one reservation that the reference coverage of
OpenAlex imposes. If the probability that a reference string resolves to an OpenAlex record is
higher for recent, DOI-bearing works than for older ones, as Culbert et al. (2025b) report in their
comparison with Web of Science and Scopus, then the resolved references are biased toward youth,
and a constant true age distribution would appear to become younger as the resolvable share rises.
The reference coverage table of the methodology (declared, internal and external references by year)
is the control for this and is part of the pending v2 graph; the age shift is reported here as observed,

not as corrected.

32.3. Knowledge flows between categories

The flow matrices F; between the categories of the ontology, the cross-area shares X ; of equa-
tion (37) and the yearly modularities Qc, and Qqreq Of equation (38) are the statistics on which H4
turns and the ones that would show whether systems, security and human—computer interaction cite
the Al categories more after 2022 than before. They require the primary category of every work and
are produced by knowledge_graph/02_category_flows.py once the classification of Part IX

is complete. The result files category_flows_yearly.csv, cross_area_share_yearly.csv
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Table 19. Age of cited works by citing year (resolved references of eligible works; corpus version of the result file at
generation time).

Citing year References Negative (%) Mean age Median 0-2y (%) 0-5y (%) over 10y (%)

2018 10,630,207 0.77 9.91 7 20.5 43.7 325
2019 12,488,485 0.74 9.67 6 22.1 46.1 31.3
2020 14,249,738 0.72 9.36 6 233 48.3 29.9
2021 16,350,078 0.64 9.05 5 244 50.7 28.3
2022 15,695,189 0.42 8.70 5 24.7 523 26.5
2023 17,119,024 0.28 8.44 5 244 53.7 24.8
2024 17,868,501 0.13 8.22 5 24.8 54.6 234
2025 17,530,965 0.04 8.03 5 26.7 55.6 223
2026 9,790,636 0.00 7.99 5 26.4 554 21.8

References: resolved references of eligible works of the citing year. Age is the citing year minus the
cited work’s publication year. Negative ages (cited work dated after the citing work: preprints cited
before their published version, or year-only dates) are excluded from the age statistics and reported as a
share. The 2026 row is incomplete.

and modularity_yearly.csv do not exist at the time of writing, and this subsection is [pending
human review: category flows after classification]. When it is filled, it should report, for each citing
area, the cross-area share by year with the composition-adjusted variant of Section 19, the two
modularities with the self-share, and a comparison of the baseline and post means with the caveat

that the post-period citing years have shorter reference lists in the incomplete 2026 row.

33. The boundary of the database

33.1. What DBLP sees that the corpus does not

The corpus is the union of several sources resolved to OpenAlex records (Section 8), and a DBLP
record without an OpenAlex counterpart cannot enter it, because the citation, affiliation and topic
data on which every indicator of this part depends are OpenAlex’s. Table 20 counts these records by
DBLP type and year. They are a small fraction of DBLP’s annual output, and their composition
is specific: journal articles with a DOI that OpenAlex has not indexed or has indexed under a
different identifier, conference papers mostly without a DOI, which are the hardest to link by title,
and doctoral theses, which DBLP indexes from a few national repositories and OpenAlex largely
does not. The “data” type, DBLP’s record of datasets and software, grows across the window and is
almost entirely unmatched, which is a reminder that the research outputs of computer science that
are not papers are outside the corpus altogether. For 2026 the conference share of the unmatched
records rises sharply, which is the DBLP-side manifestation of the right truncation discussed in
Section 12: DBLP indexes a proceedings volume as a whole when it appears, OpenAlex matches

it paper by paper over the following months, and the gap is largest in the most recent year. The
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missing records bias the indicators of this part toward the parts of computer science that publish
with DOIs in journals and large conference series, that is, away from theses, workshop papers and

national venues; the direction of the bias is known and its magnitude is bounded by the table.

Table 20. DBLP records of 2018-2026 without an OpenAlex counterpart, by DBLP record type and year.

Year article book data incollection inproceedings phdthesis total with DOI (%)

2018 22,769 89 246 171 11,322 4,430 39,027 52.6
2019 29,350 115 471 30 11,656 4,162 45,784 59.9
2020 37,639 62 816 52 13,639 3,857 56,065 64.8
2021 39,300 80 972 47 15,423 4,222 60,044 63.1
2022 46,967 70 1,335 33 19,180 4,133 71,718 62.9
2023 56,159 88 1,773 21 18,807 3,648 80,496 67.7
2024 66,262 60 2,471 23 24,391 3,343 96,550 66.8
2025 53,124 44 3,835 41 26,050 2,099 85,193 61.3
2026 16,280 21 2,765 0 18,840 398 38,304 47.3

These records are in DBLP but were not linked to any OpenAlex work by DOI, arXiv identifier
or normalised title (Part IV). They are not in the eligible corpus; the table bounds what DBLP-
based studies would see that this corpus does not.

33.2. Why the creation date does not measure indexing lag

The research plan proposed to estimate the indexing delay of OpenAlex from the created_date of
each record and to correct the recent months of the publication series for it. Part III (Section 12)
records why the proposal was abandoned; Table 21 gives the evidence in annual form. For every
publication year up to 2024, the median lag between publication and record creation is of the order
of years, it is larger for January than for June publications by almost exactly five months, and
more than nine tenths of the year’s records were “created” more than 180 days after publication. A
genuine indexing delay cannot have that shape: it would be measured in weeks or months, would
not depend on the month of publication within the year, and would not place nearly all records
beyond the 180-day mark. The shape is that of a single creation date for the bulk of the database,
with the lag equal to the time between each work’s publication and that date, which places the date
in the second half of 2025. For works published in 2025 and 2026 the field behaves differently: a
large share of records is created within 90 days of publication, and the median lag collapses to days
by mid-2026. The field therefore measures the delay only for records created after the re-ingestion,
and only for them would a lag profile be meaningful; a profile estimated from the whole table,
or from the years that the structural-change analysis needs for its pre-trend diagnostics, would be
an artefact of database maintenance. This is the reason the structural-change analysis truncates
the series rather than correcting it (Section 21.1), and it is the reason the only honest estimator
of indexing lag is the comparison of two snapshots of the same database, which the released raw

snapshots make possible for a future study.
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Table 21. The OpenAlex created_date relative to the publication date, by publication year.

Year Works Lag, Jan. (d) Lag, June (d) Within 90 d (%) After 180 d (%)

2018 642,849 2839 2678 4.2 95.2
2019 695,369 2474 2313 4.6 94.6
2020 709,083 2109 1946 53 94.0
2021 711,244 1743 1577 6.2 93.0
2022 699,548 1378 1212 7.1 92.1
2023 785,194 1013 847 6.7 92.7
2024 901,654 648 480 6.0 93.4
2025 1,065,828 282 121 36.4 41.0
2026 901,651 112 2 80.5 9.0

Lag is created_date minus publication date; the two lag columns give the median lag
in days for works published in January and in June of the year; the last two columns
give the shares of the year’s works whose record was created within 90 days and after
180 days of publication. The near-constant decline of the median by one month per
publication month in 2018-2024 identifies a single creation date for most records (a
re-ingestion), not an indexing delay; see Part III.

34. Hypotheses H4-H6 at this stage

The protocol states its hypotheses with a direction so that null and opposite results are reported as
such. On the evidence of this part, the verdicts are the following, each limited to the component of
the hypothesis that the available tables test.

H4 (convergence) is not testable in its stated form, which concerns citation flows between areas
of the ontology and the modularity of the area network; those statistics await the classification. Its
field-level counterpart, the share of computer-science references that cross into other OpenAlex
fields, is flat over the window on the v1 graph (Section 32.1), which neither supports nor contradicts
the within-field convergence the hypothesis describes.

HS5 (concentration) has two components. The citation-inequality component is stated for Al
categories and is pending; its aggregate counterpart gives a Gini of three-year citations that falls
through the baseline and rises for the one complete post-period cohort, a movement dominated by
the share of uncited works and by right truncation, and therefore not interpretable as a change in
concentration. The venue-concentration component predicted a stable or lower index once preprints
are treated separately; the index with arXiv included rises, for the mechanical reason the protocol
anticipated, and the index without the preprint type is pending. The non-arXiv venue landscape
widens.

H6 (geography and collaboration) has three components. The international co-authorship share
does not rise, as predicted, and in fact declines slightly, with a composition explanation that the
country shares support. The China share rises in the aggregate under both counting conventions, as

predicted, but as the continuation of a baseline trend, and the category-specific version is pending.
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The industry share does not rise in the aggregate: it peaks in 2021 and declines in every post-period
year, which is the opposite of the predicted direction, with the category-specific version pending
and with the frontier-level measures of the literature it was drawn from measuring a different object.

What the part adds beyond the hypotheses is a set of structural observations that were not
predicted and that the pending analyses will have to accommodate: the fall in absolute joint output
between China and the United States during a period in which both grew; the stability of the
institutional hierarchy; the rise of generalist repositories among the largest sources of computer-
science records; the steady shift of references toward younger work without acceleration at the
boundary; and the record-level artefacts in the most-cited lists, which make any ranking of influential

works conditional on an audit that this part has specified but not performed.

Part IX

Empirical Results

Part X

The Next Research Frontiers

Part XI

Discussion and Conclusion
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Appendices

A. The Ontology of Computer-Science Research

This appendix documents the classification scheme that assigns every eligible work of the cor-
pus to one or more of the forty research categories listed in the mandate (Section 17 describes
the scoring rule and its validation design). The scheme is an extensible hierarchical ontology
rather than a flat keyword list: forty leaf categories are grouped into eight areas, a small set of
parent—child edges records where a leaf specialises another leaf, and a denser set of “related”
edges records thematic adjacency. The mapping from bibliographic signals to leaves is data, not
prose. It lives in one Python module per area (taxonomy/src/*.py), is validated and serialised by
taxonomy/build_ontology.py into the machine-readable file taxonomy/ontology.yaml (ver-
sion 1.0, built on 2026-11-03 from the OpenAlex topic export of 2026-10-14 and the DBLP stream
table of 2018-2026) and into an audit table of OpenAlex topics (taxonomy/topic_map.csv).
Everything stated below is derived from those files; the tables were regenerated from the YAML
file rather than transcribed, and the counts they contain are properties of the ontology itself (how
many topics, venues and patterns point to a category), not statistics of the corpus. The agreement of
the rules with independent raters on the stratified validation sample is reported in Part IX and is

deliberately not anticipated here.

A.l. Structure: areas, leaves and edges

The ontology has three levels. The eight areas of Table 22 are an organisational device for the
manuscript (they correspond to the disciplinary reviews of Parts V=VII and to the area-level
flow statistics of Part VIII); classification operates on leaves only, and every leaf belongs to
exactly one area. The forty leaves are numbered as in the mandate (Table 23). Seven parent_
of/child_of edges record genuine specialisation: foundation_models — 11lmand multimodal_
ai; programming_languages — compilers; distributed_computing — cloud_computing
and edge_computing; computer_architecture — ai_accelerators; privacy_preserving_
computation — federated_learning. These edges have one operational consequence, the tie-
breaking rule for the primary category (a child wins over its parent at equal score), and one
interpretive consequence: a work carrying both labels is not double-counted as evidence of con-
vergence between distinct fields, since the two labels are nested by construction. The related
edges (236 directed entries in the YAML file, 144 distinct unordered pairs) carry no weight in
classification; they document which categories the ontology’s author expected to share works, and
they are used in Part IX only to separate expected from unexpected co-classification.

Two features of the grouping deserve comment because they are choices, not facts. First, ai_
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Table 22. The eight areas and their leaves (ontology.yaml, areas).

Areaid Name Leaves Leaf identifiers
ai_ml Artificial Intelligence and 9 11m, foundation_models, multimodal_
Machine Learning ai, generative_ai, ai_agents,
reinforcement_learning, ml_theory,
deep_learning_architectures, ai_
safety
perception_ Perception, Language, 6 computer_vision, nlp, speech_audio,
interaction Robotics and Interaction robotics, hci, computer_graphics
software_pl Software, Programming 4 software_engineering, programming_
Languages and Formal languages, compilers, formal_
Methods verification
theory Theory of Computation 2 algorithms, computational _
complexity
data_distributed Data, Information and 6 database_systems, information_
Distributed Systems retrieval, distributed_computing,
cloud_computing, edge_computing,
computer_networks
security_privacy Security, Privacy and 5 cybersecurity, applied_
Trust cryptography, blockchain, privacy_
preserving_computation, federated_
learning
hardware_ Hardware, Architecture 5 computer_architecture, ai_
emerging and Emerging Computing accelerators, operating_systems,
quantum_computing, sustainable_
computing
computational_ Computational Science 3 scientific_computing,
science and Discovery computational_biology, autonomous_

scientific_discovery
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safety is placed under the Al area rather than under security and privacy, although adversarial
robustness and backdoors are scored in both ai_safety and cybersecurity; the ontology treats
safety as a property of learning systems, with security as the adjacent field. Second, computer_
graphics sits in the perception area next to vision and HCI rather than in a visual-computing area
of its own, and federated_learning sits under privacy rather than under distributed computing,
which reflects the definitional emphasis of the leaf (training without centralising raw data) rather
than its algorithmic kinship. Readers who would group the leaves differently can do so from the

leaf-level tables of Part IX without re-running anything, because areas are never used in scoring.

A.2. The forty categories

Table 23 reproduces the definition of each leaf exactly as it is given to the classifier’s author and
to the validation raters (the raters receive these definitions and nothing else about the rules). Each
definition states the object of the category, lists its typical sub-topics and names the neighbouring
category to which excluded work belongs; the latter clause is what makes the definitions a partition
rather than a list of keywords, and it is the part most often invoked in the ambiguity decisions of
Section A.7. Identifiers are those of the YAML file; numbers are those of the mandate.

Table 23. The forty leaf categories:  identifier, area and definition (ontology.yaml,
categories[] .definition). Parent/child edges are given under the identifier.

No. Category Definition

1 Large Language Research whose object is a transformer-based language model trained
Models at scale: pre-training, instruction tuning, prompting and in-context
1lm learning, reasoning, retrieval augmentation, efficient inference, evalua-
area ai_ml; child of tion and benchmarks of LLLMs. Excludes classical NLP tasks solved
foundation_models with small task-specific models (nlp) and non-language foundation

models (foundation_models).

2 Foundation Models  Large pre-trained models intended for adaptation to many downstream
foundation_models tasks in any modality: scaling laws, pre-training objectives, self-
area ai_ml; parent of supervised representation learning at scale, transfer, fine-tuning and
11lm, multimodal_ai adapter methods, model releases and their evaluation. Language-

specific work is 1lm (a child); vision-language work is multimodal_ai
(a child).

3 Multimodal AI Models and systems that jointly process two or more modalities

multimodal_ai (vision-language, audio-visual, video-text, 3D-language, sensors with

child of
foundation_models

area ai_ml;

language): vision-language models and multimodal LLMs, caption-
ing, visual question answering, cross-modal retrieval and grounding.
Unimodal vision is computer_vision; pure speech is speech_audio.
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Table 23. The forty leaf categories (continued).

No. Category Definition

4  Generative Al Models that synthesise new content (images, video, audio, 3D, text,
generative_ai code, molecules) and their training, sampling, evaluation, detection
area ai_ml and misuse: GANs, VAEs, diffusion and flow models, autoregressive

generators, text-to-X synthesis, deepfakes and Al-generated-content
detection. LLM text generation as such is llm unless the contribution
concerns the generative model or its outputs’ authenticity.

5 AI Agents and Au- Software agents that perceive, decide and act with some autonomy:
tonomous Systems LILM-based agents and tool use, multi-agent systems, planning and
ai_agents automated reasoning for acting, agent architectures, negotiation, agen-
area ai_ml tic workflows and benchmarks, embodied agents in simulated envi-

ronments. Physical robots are robotics; RL algorithms as such are
reinforcement_learning.

6 Reinforcement Learning to act from reward signals: value- and policy-based methods,
Learning model-based RL, offline and inverse RL, multi-agent RL, bandits,
reinforcement_ exploration, reward design, RL from human feedback, and RL theory.
learning Applications to robot control are shared with robotics.
area ai_ml

7 Machine Learning Statistical and computational learning theory and principled ML
Theory methodology: generalisation and sample complexity, optimisation
ml_theory theory for learning, kernel and Bayesian methods, probabilistic mod-
area ai_ml els, causal inference, online learning, PAC learning, interpretabil-

ity and fairness as formal problems. Architecture engineering is
deep_learning_architectures.

8 Deep Learning Ar- Design, training and compression of neural network architectures as
chitectures such: CNNs, RNNs, transformers and attention, graph neural net-
deep_learning_ works, state-space models, normalisation and optimisers in practice,
architectures neural architecture search, pruning, quantisation and distillation, neu-
area ai_ml romorphic and spiking networks as models. Task-specific results go to

the application category; hardware goes to ai_accelerators.

9 Computer Vision Extracting information from images, video and 3D data: recognition,
computer_vision detection, segmentation, tracking, pose, depth and 3D reconstruc-
area perception_ tion, image restoration and enhancement, medical and remote-sensing
interaction image analysis, visual representation learning. Image synthesis is

generative_ai; vision-language is multimodal_ai; rendering is com-
puter_graphics.

10 Natural Language Computational processing of human language: machine translation,
Processing parsing and tagging, information extraction, sentiment and text clas-
nlp sification, summarisation, question answering, dialogue, text mining,
area perception_ computational linguistics, low-resource and multilingual NLP, NLP
interaction evaluation and resources. LLM-centred work is 1lm (also classified

here when the task framing dominates).

continued on next page
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Table 23. The forty leaf categories (continued).

No. Category Definition

11 Speech and Audio Processing and generation of speech, music and general audio: speech
Computing recognition and synthesis, speaker and language recognition, enhance-
speech_audio ment and separation, spoken language understanding, music infor-
area perception_ mation retrieval and generation, audio event detection, neural audio
interaction codecs. Text-only dialogue is nlp.

12 Robotics Machines that sense and act in the physical world: manipulation,
robotics locomotion, motion and path planning, SLAM and localisation, robot
area perception_ learning, human-robot interaction, autonomous vehicles and drones as
interaction robotic systems, soft and swarm robotics, teleoperation. RL algorithms

are reinforcement_learning; robotic process automation and surgical-
outcome studies are excluded.

13  Human-Computer Design, evaluation and understanding of interactive systems and their
Interaction users: user studies and usability, interaction techniques, VR/AR/XR,
hci accessibility and assistive technology, CSCW and social computing,
area perception_ human-Al interaction, ubiquitous and wearable computing, affective
interaction computing. Rendering is computer_graphics; physical robots are

robotics.

14 Software Engineer- How software is specified, built, tested, maintained and studied: re-
ing quirements, architecture, testing and debugging, program repair, min-
software_ ing software repositories, empirical studies of developers, DevOps,
engineering model-driven engineering, open-source ecosystems, and Al-assisted
area software_pl software development. Language design is programming_languages;

proofs of correctness are formal_verification.

15 Programming Lan- Design, semantics, type systems and implementation principles of pro-
guages gramming languages: type theory, operational and denotational seman-
programming_ tics, functional and logic programming, effects, concurrency models,
languages memory safety, domain-specific languages, program analysis as a lan-
area software_pl; guage problem. Code generation and optimisation pipelines are com-
parent of compilers pilers (a child); machine-checked correctness is formal_verification.

16 Compilers Translation and optimisation of programs for execution: compiler con-
compilers struction, intermediate representations, optimisation passes, code gen-
area software_pl; eration, JIT compilation, auto-vectorisation and parallelisation, polyhe-
child of programming_  dral methods, high-level synthesis, and compilers for machine-learning
languages workloads and accelerators. A child of programming_languages.

17 Formal Verification = Mathematically rigorous establishment of system properties: model
formal_ checking, theorem proving and proof assistants, SAT/SMT solving and
verification automated reasoning, deductive and runtime verification, verified soft-

area software_pl

ware and hardware, formal semantics as a verification tool, verification
of neural networks, smart contracts and protocols, automata and tempo-
ral logics. Language semantics as design is programming_languages.

continued on next page
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Table 23. The forty leaf categories (continued).

No. Category Definition

18 Algorithms and Data Design and analysis of algorithms and data structures: graph, string,
Structures geometric, approximation, randomized, online, streaming, parallel
algorithms and parameterized algorithms, combinatorial optimisation and meta-
area theory heuristics, algorithmic game theory, algorithm engineering, and the

combinatorics that underpins them. Lower bounds and hardness as
such are computational_complexity; numerical algorithms are scien-
tific_computing.

19 Computational Com- The intrinsic difficulty of computational problems: complexity classes
plexity and their separations, hardness of approximation, circuit, proof, com-
computational_ munication and query complexity, fine-grained and parameterized
complexity complexity, pseudorandomness and derandomization, computability
area theory and automata theory, algebraic complexity, and quantum complexity.

Algorithm design is algorithms; cryptographic hardness assumptions
are applied_cryptography.

20 Database Systems Storage, querying and management of structured and semi-structured
database_systems data: query processing and optimisation, transactions and concur-
area data_ rency control, indexing and storage engines, data integration, cleaning
distributed and provenance, big-data processing frameworks, data mining as a

data-management problem, learned database components, vector and
graph databases. Ranking of unstructured documents is informa-
tion_retrieval.

21 Information Re- Finding and ranking relevant information for a user need: search
trieval engines and ranking models, dense and sparse retrieval, recom-
information_ mender systems, query understanding, evaluation and test collections,
retrieval web search and mining, scholarly and digital-library retrieval, re-
area data_ trieval components of RAG systems. Structured query processing is
distributed database_systems; text understanding tasks are nlp.

22 Distributed Comput- Computation across multiple processors or machines: distributed al-
ing gorithms and consensus, fault tolerance and replication, parallel pro-
distributed_ gramming and HPC systems software, cluster and grid resource man-
computing agement, distributed storage and middleware, distributed and parallel
area data_ ML training systems. Cloud service models are cloud_computing and
distributed; parent edge placement is edge_computing (both children).
of cloud_computing,
edge_computing

23 Cloud Computing Computing delivered as elastic, multi-tenant, on-demand services:
cloud_computing IaaS/PaaS/SaaS and serverless, virtualisation and containers, resource
area data_ provisioning and auto-scaling, SLAs and pricing, cloud-native architec-
distributed; child tures, data-centre resource management, cloud security and migration.
of distributed_ A child of distributed_computing; placement at the network edge is
computing edge_computing.

continued on next page

183



Table 23. The forty leaf categories (continued).

No. Category Definition

24 Edge Computing Computation placed near data sources and users: edge/fog/MEC ar-
edge_computing chitectures, computation offloading, on-device and TinyML inference,
area data_ edge-cloud collaboration and split computing, IoT platforms as com-
distributed; child puting substrates, latency-critical edge services, edge caching and
of distributed_ orchestration. Radio access and protocols are computer_networks;
computing model compression as such is deep_learning_architectures or

ai_accelerators.

25 Computer Networks Design, protocols, measurement and performance of communication
computer_networks networks: Internet architecture and transport, routing, wireless and
area data_ mobile networks, 5G/6G and software-defined networking, network
distributed management, sensor and vehicular networks, content delivery and

caching, network coding and information theory applied to networking.
Physical-layer signal processing is included only when framed as
networking.

26 Cybersecurity Protecting computing systems, networks, software and users from at-
cybersecurity tack: vulnerability discovery and exploitation, malware and intrusion
area security_ detection, authentication and access control, system and hardware
privacy security, web and mobile security, digital forensics, security of Al sys-

tems, security operations and human factors of security. Cryptographic
primitives and protocols are applied_cryptography; data-protection
techniques are privacy_preserving_computation.

27 Applied Cryptogra- Design, analysis, implementation and deployment of cryptographic
phy primitives and protocols: symmetric and public-key schemes, hash
applied_ functions, signatures, key exchange, post-quantum cryptography, zero-
cryptography knowledge proofs, secure multi-party computation and homomorphic
area security_ encryption as primitives, cryptanalysis, side-channel-resistant imple-
privacy mentations, cryptographic hardware, provable security, quantum key

distribution. Deployment of these primitives for data protection is
privacy_preserving_computation; ledgers are blockchain.

28 Blockchain Systems  Distributed ledgers and the systems built on them: consensus for per-
blockchain missioned and permissionless chains, smart contracts and their secu-
area security_ rity, scalability (sharding, layer-2, rollups), cryptocurrencies and DeFi
privacy mechanisms, blockchain applications and governance, measurement

of blockchain ecosystems. Generic BFT consensus theory is shared
with distributed_computing; primitives are applied_cryptography.

29 Computer Architec- Organisation and design of processors, memory systems and digital

ture
computer_
architecture
area hardware_
emerging; parent of

ai_accelerators

hardware: microarchitecture, caches and memory hierarchies, inter-
connects and networks-on-chip, FPGAs and reconfigurable comput-
ing, embedded and real-time systems, hardware/software co-design,
electronic design automation, VLSI and low-power design, processing-
in-memory. Accelerators specialised for ML are ai_accelerators (a
child); kernels are operating_systems.

continued on next page
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Table 23. The forty leaf categories (continued).

No.

Category

Definition

30

31

32

33

34

Accelerators and Al
Hardware
ai_accelerators
area hardware_
child

of computer_

emerging;

architecture

Operating Systems
operating_systems
area hardware_

emerging

Quantum Comput-
ing
quantum_computing
area hardware_

emerging

Scientific Computing
scientific_
computing

area computational_

science

Computational Biol-
ogy

computational_
biology

area computational_

science

Hardware and hardware-aware software for efficient machine-learning
computation: GPU/TPU/NPU design and programming, ASIC and
FPGA DNN accelerators, neuromorphic and spiking hardware, in-
memory and analog/photonic computing for Al, quantisation and
sparsity exploited by hardware, efficient LLM inference and serv-
ing systems, ML compilers’ hardware mapping, benchmarks such as
MLPerf. A child of computer_architecture.

System software that manages hardware and provides execution ab-
stractions: kernels and drivers, scheduling, memory management, file
and storage systems, virtualisation and containers, OS security and
isolation, I/O and networking stacks, real-time and embedded OS, sys-
tems support for new hardware (persistent memory, CXL, SmartNICs).
Distributed coordination is distributed_computing; hardware design is
computer_architecture.

Computation and information processing exploiting quantum mechan-
ics: quantum algorithms and complexity, quantum error correction
and fault tolerance, qubit hardware platforms and control, quantum
software, compilers and simulators, variational and NISQ algorithms,
quantum machine learning, quantum communication and key distribu-
tion, quantum networking. Quantum physics without a computational
or information-processing framing is out of scope; post-quantum cryp-
tography is applied_cryptography.

Numerical and computational methods and software for mathematical
models of science and engineering: numerical linear algebra, discreti-
sation of differential equations, solvers and preconditioners, simulation
frameworks, uncertainty quantification, reduced-order and surrogate
models, scientific machine learning (PINNs, neural operators), high-
performance scientific software and performance portability, mathe-
matical software, computational physics/chemistry/engineering tool-
ing. Domain biology is computational_biology; parallel systems soft-
ware is distributed_computing.

Computational methods for biological and biomedical data: bioinfor-
matics and genomics, protein structure and design, molecular mod-
elling and computational drug discovery, single-cell and multi-omics
analysis, systems and synthetic biology, biomedical text mining, com-
putational neuroscience, biomedical and health informatics methods,
DNA/molecular computing. Medical image analysis is shared with
computer_vision; numerical methods as such are scientific_computing.

continued on next page
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Table 23. The forty leaf categories (continued).

No. Category Definition

35 Computer Graphics Synthesis and manipulation of visual content from models: render-
computer_graphics ing, geometry processing and modelling, animation and simulation
area perception_ for graphics, neural rendering and 3D representations, visualisation,
interaction procedural content, game and VR engines. Image understanding is

computer_vision; pixel-space generative models are generative_ai;
user studies of VR are hci.

36 Privacy-Preserving  Computing on, releasing or sharing data while limiting what is learned
Computation about individuals: differential privacy, homomorphic encryption, se-
privacy_ cure multi-party computation and TEEs applied to data analysis and
preserving_ ML, anonymisation and synthetic data, private information retrieval,
computation privacy attacks on models and their defences, machine unlearning,
area security_ privacy engineering and regulation (GDPR). Federated learning is a
privacy; parent of child; cryptographic constructions as such are applied_cryptography.
federated_learning

37 Federated Learning Training models across multiple clients or institutions without cen-
federated_learning tralising their raw data: federated averaging and optimisation under
area security_ heterogeneity, communication efficiency, client selection, personali-
privacy; child sation, secure aggregation and privacy of federated systems, robust-
of privacy_ ness to malicious clients, vertical and cross-silo federated learning,
preserving_ federated fine-tuning of foundation models, decentralised/gossip learn-
computation ing. A child of privacy_preserving_computation; also linked to dis-

tributed_computing and edge_computing.

38 Al Safety and Align- Making Al systems safe, aligned, robust, fair, interpretable and govern-
ment able: alignment and preference learning framed as a safety problem,
ai_safety red-teaming and jailbreaks, adversarial robustness and backdoors,
area ai_ml hallucination and truthfulness, bias and fairness, mechanistic inter-

pretability, evaluation of dangerous capabilities, Al governance and
regulation. Generic system security is cybersecurity; XAl as a statisti-
cal method only is ml_theory.

39 Sustainable Comput- The energy, carbon, water and material footprint of computing and how

ing

sustainable_
computing
area hardware_

emerging

to reduce it: energy-efficient and carbon-aware systems, data-centre
energy and cooling, Green Al and the cost of training and inference,
life-cycle and embodied carbon of hardware, green software engineer-
ing and networking, energy harvesting and intermittent computing,
computing for sustainability when the object studied is the computing
system. Generic low-power circuit design is computer_architecture;
energy-efficient communication is computer_networks.
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Table 23. The forty leaf categories (continued).

No. Category Definition
40 Autonomous Scien- Al and automation systems that perform or substantially drive the
tific Discovery scientific process: Al scientist and research-agent systems, automated
autonomous_ hypothesis generation and literature synthesis, self-driving laboratories
scientific_ and closed-loop experimentation, Al-driven discovery of materials,
discovery molecules, equations, algorithms or theorems, autonomous experi-
area computational_ mental design, benchmarks for research agents, and the epistemology
science and evaluation of machine-generated science. Using ML inside a

scientific pipeline without autonomy is scientific_computing or com-
putational_biology; LLM agents in general are ai_agents.

A.3. Signal types and the assignment rule

Every leaf lists weighted signals of five types, and the five types are the only evidence the clas-
sifier ever sees. (i) OpenAlex topics: the up-to-three topic identifiers that OpenAlex attaches to
a work, drawn from any of the 26 OpenAlex fields and not only from field 17; a topic may ap-
pear under several leaves with different weights. (ii) OpenAlex subfields: a coarse fallback used
by 21 leaf—subfield entries over eleven subfields (the ten field-17 subfields and subfield 1312,
Molecular Biology, for computational biology), always with a small weight. (iii) arXiv cate-
gories: the primary category and cross-lists of the linked arXiv record, 162 entries over 49 distinct
categories, namely cs.AI, cs.AR, cs.CC, cs.CE, cs.CG, cs.CL, cs.CR, cs.CV, cs.CY, cs.DB,
cs.DC, cs.DL, cs.DM, cs.DS, cs.ET, cs.FL, cs.GR, cs.GT, cs.HC, cs.IR, cs.IT, cs.LG, cs.LO,
cs.MA, cs.MM, cs.MS, cs.NA, cs.NE, cs.NI, cs.0S, cs.PF, cs.PL, cs.R0O, cs.SD, cs.SE, cs.SI,
cs.3Y,eess.AS, eess.IV,eess.SP,eess.SY,math.IT, math.0C, math.ST, physics.comp-ph,
q-bio.GN, g-bio.QM, quant-ph, stat.ML. (iv) DBLP streams: the venue stream (journal or con-
ference series, the prefix of the DBLP key) of the linked DBLP record, 1,320 entries over 771
distinct streams. (v) Keyword patterns: 273 regular expressions matched, in the present version of
the ontology without exception, on the concatenation of title and abstract (the YAML schema allows
title-only and abstract-only patterns, but none is used); 24 exclusion patterns veto a leaf when they
match the same text.

The rule itself is the one written out in equations (22) and (23): within each signal type the
weights of the matched signals are summed and capped at 1.0; the capped values of the five types
are summed; the leaf is assigned when the total reaches the threshold 6 = 1.0 and no exclusion
pattern matches; the primary leaf is the argmax, ties going to the child before the parent and then
to the lower category number. The weights are therefore to be read on a scale where 1.0 means
“this signal alone suffices”. Table 24 reports, for each leaf, how many signals of each type it lists

and how many of them carry weight 1.0; Table 25 aggregates the same counts by area. Three
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regularities are visible. First, every one of the forty leaves has at least one keyword pattern of weight
1.0 (106 of the 273 patterns are at 1.0, the rest spread between 0.2 and 0.9), so that a title or abstract
naming the object of the category assigns it without metadata support; the build script refuses to
serialise an ontology in which this is false for the thirteen categories that the design singles out
(the six Al categories that OpenAlex topics do not separate and seven small categories without a
topic or venue of their own), and in version 1.0 the property happens to hold for all forty. Second,
the number of topic signals varies by an order of magnitude across leaves, from 4 for compilers,
reinforcement_learning and federated_learning to 45 for computer_networks and 44 for
computer_vision; this mirrors the granularity of the OpenAlex topic model, which has many
clusters for networking and vision and none for federated learning, and not the importance of the
categories. Third, venue signals are dense (291 of the 1,320 stream entries are at weight 1.0, almost
all for single-purpose venues) but concentrated on the systems, networking and theory leaves, where
the DBLP venue structure is informative, and sparse for the post-2022 Al leaves, where the same

few venues host everything.

Table 24. Signals per category in ontology.yaml: number of weighted OpenAlex topics (T), of which with
weight 1.0 (T); OpenAlex subfields (F); arXiv categories (X); DBLP streams (D), of which with weight
1.0 (Dy); keyword patterns (K), of which with weight 1.0 (K;); exclusion patterns (Z); related edges (R).
Computed from the YAML file.

No. Category T T, F X D D K K Z R
I 1lm 6 1 1 3 12 0 12 30 5
2 foundation_models 5 0 1 4 8 0 10 2 0 5
3 multimodal_ai 5 1 1 4 15 0 9 4 1 5
4 generative_ai 5 1 0 6 9 0 11 4 2 6
5 ai_agents 5 1 1 2 12 3 9 5 1 5
6 reinforcement_learning 4 1 0 5 8 0 9 3 1 5
7 ml_theory 20 1 1 4 51 2 11 1 0 6
8 deep_learning_ 11 2 1 4 21 0 12 1 1 6

architectures
9 computer_vision 44 9 1 2 58 13 10 3 0 6
10 nlp 22 4 1 2 29 13 8 2 0 5
11 speech_audio 10 3 1 4 16 5 5 30 4
12 robotics 23 6 O 3 41 27 4 1 2 5
13 hci 24 4 1 3 44 22 10 1 0 6
14 software_engineering 20 7 1 1 39 18 5 30 6
15 programming_languages 6 1 0 3 22 6 6 30 4
16 compilers 4 0 O 5 25 2 5 30 5
17 formal_verification 10 1 0 4 43 10 7 5 0 6
18 algorithms 35 2 1 7 68 9 10 2 0 6
19 computational_ 9 0 1 7 28 2 7 5 1 5
complexity
20 database_systems 21 1 1 1 36 9 5 2 1 5
21 information_retrieval 20 2 1 3 29 5 6 30 5
22 distributed_computing 6 2 1 4 51 15 7 3 1 8

continued on next page
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Table 24. Signals per category (continued).

No. Category T T, F X D D K K Z R
23  cloud_computing 1nm 2 0 4 29 5 5 2 1 6
24  edge_computing 13 1 0 4 38 1 5 2 1 7
25 computer_networks 45 9 1 4 9% 42 5 1 0 5
26 cybersecurity 34 7 0 1 29 16 6 2 1 8
27 applied_cryptography 4 3 0 4 29 9 6 30 6
28 blockchain 6 1 0 3 19 3 4 2 1 5
29 computer_architecture 21 4 1 5 59 6 4 2 1 7
30 ai_accelerators 11 1 0 5 44 1 5 3 1 7
31 operating_systems 12 0 O 5 39 6 4 2 1 6
32 quantum_computing 16 2 0 6 27 4 3 2 1 5
33 scientific_computing 41 4 1 6 57 10 4 2 0 8
34 computational_biology 34 3 1 3 60 12 3 2 0 7
35 computer_graphics 5 2 1 4 21 8 9 2 0 5
36 privacy_preserving_ 13 1 0 4 26 1 5 3 1 7

computation
37 federated_learning 4 0 O 4 15 0 5 2 1 6
38 ai_safety 8 1 0 5 13 4 14 7 1 7
39 sustainable_computing 11 2 0 6 28 2 4 2 1 7
40 autonomous_scientific_ 12 0 O 8 26 0 4 3 1 8

discovery

Total (entries) 646 93 21 162 1320 291 273 106 24 236

Table 25. Signal entries aggregated by area (sums of the rows of Table 24; a topic or venue mapped to several
leaves of the same area is counted once per leaf).

Area Leaves Topic entries arXiv entries DBLP entries Keyword patterns
ai_ml 9 69 37 149 97
perception_interaction 6 138 18 209 46
software_pl 4 40 13 129 23
theory 2 44 14 96 17
data_distributed 6 126 20 279 33
security_privacy 5 71 16 118 26
hardware_emerging 5 71 27 197 20
computational_science 3 87 17 143 11

The weight scale has a second consequence that the reader of Part IX must keep in mind. A
signal with weight below 1.0 can only contribute through corroboration by a signal of another
type, because repetitions within a type are capped. The design relies on this in both directions: a
general machine-learning venue at 0.3 and the cs.LG category at 0.2 never assign m1_theory by
themselves, whereas a 0.6 topic and a 0.4 arXiv category do reach the threshold. One discrepancy
between the documentation and the implementation of the within-type aggregation (maximum
versus sum over matched topics of the same leaf) is recorded in Section 17.1; the implemented rule,

the sum, is the one described here and the one fixed by the unit tests.
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A.4. Coverage of the OpenAlex topic vocabulary

The OpenAlex export of 2026-10-14 contains 4,516 topics, 302 of them in field 17 (Computer
Science). The ontology maps 240 of the 302 (79.5 %) to at least one leaf and leaves 62 unmapped
with an explicit reason each (Section A.6). Table 26 breaks the field-17 coverage down by subfield.
Coverage is complete for Computer Vision and Pattern Recognition, Hardware and Architecture,
Human—Computer Interaction, Signal Processing and Software, and nearly complete for Computa-
tional Theory and Mathematics; it is lowest for Information Systems (45 of 78), the subfield into
which OpenAlex places most of its educational-technology and media clusters, and for Artificial
Intelligence (61 of 77), where the unmapped topics are physical-science, generic residual or empty
clusters rather than Al research.

Table 26. Coverage of the OpenAlex field 17 (Computer Science) topics by subfield: number of topics in the
2026-10-14 export, mapped to at least one category, and left unmapped with a stated reason (Table 30).

Subfield Name Topics Mapped Unmapped
1702 Artificial Intelligence 77 61 16
1703 Computational Theory and Mathematics 24 23 1
1704 Computer Graphics and Computer-Aided Design 4 3 1
1705 Computer Networks and Communications 43 35 8
1706 Computer Science Applications 10 7 3
1707 Computer Vision and Pattern Recognition 35 35 0
1708 Hardware and Architecture 8 8 0
1709 Human-Computer Interaction 8 8 0
1710 Information Systems 78 45 33
1711 Signal Processing 10 10 0
1712 Software 5 5 0

Field 17 total 302 240 62

Topics outside field 17 matter because computer-science work is frequently assigned a primary
topic from Engineering, Mathematics, Physics or the life sciences, and because several leaves
(computational biology, scientific computing, quantum computing, speech and audio, robotics)
have their natural OpenAlex home outside field 17. The ontology therefore maps 170 further
topics from eighteen other fields (Table 27), Engineering (71) and Mathematics (20) being the
largest contributors, for a total of 410 distinct mapped topics and 646 topic—leaf weights. These
adjacent topics were selected by reading the OpenAlex keyword lists of about 120 candidate topics
named in the area modules; the remaining roughly 4,000 topics of the export were not inspected,
which is the main known gap of the mapping (Section A.8). Of the 410 mapped topics, 146
point to more than one leaf, up to six for the broadest clusters (for instance T10054, Parallel

Computing and Optimization Techniques, scores in computer_architecture at 0.8, compilers
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and distributed_computing at 0.6, scientific_computing at 0.4, ai_accelerators at (0.3
and operating_systems at 0.2). The full audit list of multiply mapped topics is the last generated
section of ONTOLOGY . md; it is the first place to look when a co-classification pattern in Part IX seems

suspicious, because a topic mapped to two leaves at weight 1.0 produces that pair mechanically.

Table 27. Distinct OpenAlex topics mapped to at least one category, by OpenAlex field of the topic
(topic_map.csv).

Field Name Mapped topics
17 Computer Science 240
22 Engineering 71
26 Mathematics 20
13 Biochemistry, Genetics and Molecular Biology 18
31 Physics and Astronomy 15
33 Social Sciences 10
18 Decision Sciences 8
27 Medicine 6
12 Arts and Humanities 5
28 Neuroscience 4
23 Environmental Science 3
19 Earth and Planetary Sciences 2
32 Psychology 2
11 Agricultural and Biological Sciences 1
14 Business, Management and Accounting 1
20 Economics, Econometrics and Finance 1
21 Energy 1
25 Materials Science 1
36 Health Professions 1

All fields 410

A.5. Coverage of the DBLP venue vocabulary

DBLP streams are the venue signal. The counts quoted in this subsection and in Table 28 are
ontology-build statistics copied from the generated “DBLP coverage” section of taxonomy/ONTOLOGY . md
(computed at build time from dblp_streams_2018_2026.csv); they describe the mapping, are
not corpus quantities, and are not regenerated by tables/make_numbers.py. The stream table
from which the mapping was built lists every DBLP journal or conference series with at least one
hundred records in 2018-2026 (3,569 streams); the ontology maps 771 of them. Measured on
the DBLP records of 2018—2026 and excluding CoRR (the arXiv mirror stream, which carries no
venue information), the mapped streams cover 2,017,910 of 3,319,884 records (60.8 %). Among
the 599 largest streams, 496 are mapped (82.8 %); the 103 unmapped large streams (Table 28

191



lists the 25 largest) are of two kinds. Some are out of scope for the forty categories although
DBLP indexes them: control theory (IEEE Transactions on Automatic Control, Automatica, IEEE
Control Systems Letters), instrumentation and industrial electronics, geo-information, agriculture,
production research, information-systems and engineering-education conferences (HICSS, AMCIS,
ICIS, FIE). Others are too generic to be a category signal at any weight, the largest being IEEE
Access with 108,838 records, followed by Information, Complexity, Systems and PeerJ Computer
Science; works published there are classified from their topics, arXiv categories and text alone. A
record in an unmapped stream is therefore not excluded from the corpus (scope is defined in Part III,
not here); it simply receives no venue evidence. Because weights are assigned per stream, workshop
volumes that share a stream key with a flagship conference inherit the flagship’s weight, a known

coarseness of the venue signal.

Table 28. The 25 largest DBLP streams (2018-2026 records, CoRR excluded) deliberately left unmapped,
out of 103 unmapped streams among the 599 largest (ONTOLOGY . md, generated section “DBLP coverage”).

Stream Records Venue

journals/access 108,838 IEEE Access
journals/tim 13,470 IEEE Trans. Instrum. Meas.
journals/tie 10,844 IEEE Trans. Ind. Electron.
conf/hicss 7,816 HICSS

conf/iecon 7,727 TECON

journals/cea 7,291 Comput. Electron. Agric.
conf/smc 6,048 SMC
journals/complexity 5,786 Complex.

journals/ress 5,732 Reliab. Eng. Syst. Saf.
journals/tac 5,687 IEEE Trans. Autom. Control.
journals/information 5,621 Inf.

journals/taes 5,543 1EEE Trans. Aerosp. Electron. Syst.
journals/jfi 5,432 J. Frankl. Inst.
journals/ijgi 5,118 ISPRS Int. J. Geo Inf.
journals/automatica 4,727 Autom.

conf/eucc 4,160 ECC

conf/iccsa 3,817 ICCSA (4)

conf/fie 3,807 FIE

conf/amcis 3,798 AMCIS
journals/peerj-cs 3,768 Peer] Comput. Sci.
journals/systems 3,667 Syst.

journals/csysl 3,647 IEEE Control. Syst. Lett.
journals/aei 3,628 Adv. Eng. Informatics
journals/ijpr 3,591 Int. J. Prod. Res.
journals/sj 3,558 IEEE Syst. J.
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A.6. Unmapped field-17 topics and the reasons

OpenAlex places in field 17 a number of clusters that are not computer-science research. The
ontology leaves 62 field-17 topics unmapped and records a reason for each; Table 29 groups the
reasons into eight codes and Table 30 lists the topics. The dominant case, 29 topics, is education and
e-learning research (pedagogy, learning outcomes, teacher development, educational technology
studied as an intervention rather than as software); such work is not one of the forty categories,
and educational technology as software is still captured through software-engineering and HCI
venues and keywords when the contribution is technical. Nine topics are physical-science or engi-
neering clusters without computing content (sensor instrumentation, photovoltaics, geochemistry,
seismology, nonlinear dynamics, control theory, transportation safety, chemical and environmental
engineering). Five are generic residual labels (“Computer Science and Engineering”, “Diverse
Interdisciplinary Research Studies”, “Mathematics, Computing, and Information Processing”, “Sta-
tistical and Computational Modeling”, “Advanced Technologies and Applied Computing”’) whose
keyword lists carry no specific content; works bearing them reach categories through their other
topics, venue, arXiv category and text. Four are media, communication, literary or philosophical
clusters, four are out-of-scope disciplines (psychiatry, economic growth, cognitive science, pan-
demic health care), one is the history of computing (kept out of the research-category map but
relevant to Part II), one is the small cognitive-informatics cluster that has no counterpart among the
forty leaves and was not forced into ai_agents, and nine are residual topics with zero works in the
export. The works column of Table 30 is the OpenAlex works_count of the topic over all years and
fields; it is reported to show the scale of what is set aside (the education cluster alone exceeds one
million works, the media cluster T13745 alone 204,789) and is not a count of corpus records. The
hand-written design note of ONTOLOGY . md speaks of 63 unmapped clusters; the generated tables,

which are authoritative, list 62.

Table 30. The 62 OpenAlex field 17 topics left unmapped, with the subfield, the number of works of the
topic in the 2026-10-14 topic export (all years, all fields) and the reason code of Table 29.

Topic Name Subfield Works Reason
T13745 Media and Digital Communication 1705 204,789 M
T14496 Educational Technology and E-Learning 1710 163,032 E
T14516 English Language Learning and Teaching 1710 107,202 E
T14430 Higher Education and Teaching Methods 1710 103,711 E
T12797 History of Computing Technologies 1706 72,582 H
T12564  Sensor Technology and Measurement Systems 1705 71,005 P
T11276 Solar Radiation and Photovoltaics 1702 70,601 P
T14455 Technology and Education Systems 1705 70,588 E
T12157 Geochemistry and Geologic Mapping 1702 69914 P
T12171 Open Education and E-Learning 1706 66,332 E

continued on next page
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Table 30. Unmapped field 17 topics (continued).

Topic

Name

Subfield Works Reason

T14498
T14216
T11187
T14103
T11370
T12408
T12395
T14025
T13602
T13194
T13615
T14215
T13018
T13081
T14029
T13386
T14345
T13016
T13674
T13559
T14381
T14519
T13062
T13867
T13898
T14246
T13523

T12805
T13935
T14409
T13565
T14071
T14403
T13482
T14351
T13932
T13873
T13676
T13345
T14387
T13514
T13567
T13693
T13748
T13836
T13964
T14064
T14155

Educational Technology in Learning
Multimedia Learning Systems

Nonlinear Dynamics and Pattern Formation
Educational Management and Quality

Mobile Learning in Education

Educational Innovations and Challenges
Educational Innovations and Technology
Educational Technology and Assessment
Educational Methods and Media Use

ICT in Developing Communities

Transportation Systems and Safety

Chemical and Environmental Engineering Research
Seismology and Earthquake Studies

Digital Education and Society

Thoreau and American Literature

Educational Methods and Teacher Development
Scientific Research and Philosophical Inquiry
Innovative Educational Technologies

Computer Science and Engineering

Edcuational Technology Systems

Psychiatry, Mental Health, Neuroscience
Innovations in Education and Learning Technologies
Cognitive Computing and Networks

Economic Growth and Development

Diverse Interdisciplinary Research Studies
E-Learning and Knowledge Management
Mathematics, Computing, and Information Process-
ing

Cognitive Science and Mapping

Mathematical Control Systems and Analysis
Educational Systems and Policies

Education and Learning Interventions
Healthcare during COVID-19 Pandemic
Educational Challenges and Innovations
Engineering Education and Technology
Statistical and Computational Modeling
Education, Technology, and Economics
Educational Methods and Technology
Educational and Technological Research
Advanced Technologies and Applied Computing
Environmental Engineering and Cultural Studies
Experience-Based Knowledge Management

Al and Multimedia in Education

Smart Systems and Machine Learning
Advanced Statistical Modeling Techniques
Educational Research and Pedagogy
Educational Technology and Optimization
Organizational and Employee Performance
Advanced Technology in Applications

1710
1710
1705
1710
1710
1710
1710
1710
1710
1710
1704
1710
1702
1710
1710
1710
1710
1710
1702
1702
1702
1710
1702
1710
1702
1706
1703

1702
1702
1710
1710
1710
1710
1710
1702
1710
1710
1710
1705
1710
1702
1702
1705
1705
1705
1710
1702
1710

63,096
62,005
61,626
57,729
55,961
53,673
45,138
37,519
35,313
32,298
26,785
25,315
23,104
22,995
19,567
19,565
18,505
16,953
16,620
16,507
15,800
14,509
13,053

9,780

6,495

6,373

6,343

OmQOoNUNOmMQmMZMZ M T ™ U Z MMM DMmMm T Mmm

5,430
4,409
3,650
2,867
2,218
1,150
765
731
577
329
52
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Table 30. Unmapped field 17 topics (continued).

Topic Name Subfield Works Reason
T14174  Artificial Intelligence and Decision Support Systems 1710 0 Z
T14175 Intuitionistic Fuzzy Systems Applications 1702 0 Z
T14413  Advanced Technologies in Various Fields 1702 0 Z
T14431 Diverse Research and Applications 1710 0 Z

A.7. Known ambiguities and the decisions taken

Forty categories drawn up for a mandate are not a partition of the literature, and several pairs or
triples overlap by construction. The ontology’s author resolved each overlap by a stated rule rather
than by leaving it to the weights; the rules are recorded here verbatim in substance, because they

determine how the multi-label statistics of Part IX must be read.

Large language models, foundation models, generative Al and NLP. foundation_models
is the parent concept (any modality, adaptation-oriented); 11m is its language child and the home
of the ChatGPT/GPT/LLaMA-era literature; generative_ai concerns the generative model and
its outputs (diffusion, GANSs, text-to-X synthesis, deepfakes and detection), not text generation
by LLMs as such; nlp keeps task-framed language work. Multi-label assignment is expected and
intended: an instruction-tuning paper scores in 11m and nlp, a diffusion language model in 11m and
generative_ai. The OpenAlex topic T10028, labelled “Topic Modeling”, is in fact the cluster
hosting BERT, pre-trained language models and retrieval-augmented generation and is weighted 1.0

for 11m; a reader who consults the OpenAlex label alone would misjudge this choice.

Agents, reinforcement learning and robotics. Software autonomy (LLM agents, multi-agent
systems, planning) is ai_agents; learning from reward is reinforcement_learning; physical
embodiment is robotics. The word “agent” never counts on its own: the patterns require a
computing qualifier (“LLM agent”, “autonomous agent”, “multi-agent system’) and an exclusion
vetoes chemical, medical, commercial and other non-computing senses (reagent, contrast agent,

real-estate agent).

Al safety, cybersecurity and the statistical side of interpretability. Adversarial examples,
backdoors and prompt injection score in both ai_safety and cybersecurity at 0.8, so that either
a second signal or the text decides; fairness and governance belong to ai_safety; explainability as
a statistical method is m1_theory (0.5), whereas interpretability of large models as a safety practice

is ai_safety (1.0).
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Table 29. Reason codes for the unmapped field 17 topics (Table 30), with the number of topics and the sum
of their OpenAlex works_count.

Code Reason recorded in the ontology Topics Works (sum)

E Education / e-learning research; not a CS research category; technical 29 1,027,591
ed-tech captured elsewhere

P Physical-science or engineering cluster without computing contribution, 9 352,761
placed in field 17 by OpenAlex

Z Residual OpenAlex topic with zero works in the export; nothing to map 9 0

G Generic, uninformative residual label; works reach categories through 5 30,206
other signals

M  Media, communication, cultural, literary or philosophy-of-science clus- 4 275,159
ter; not CS research

(0] Out-of-scope discipline (psychiatry, economics, cognitive science, pan- 4 33,228
demic health care)

H History of computing technologies (history of science); background for 1 72,582
Part IT only

C Cognitive informatics / brain informatics; idiosyncratic cluster with no 1 13,053
counterpart among the leaves
Total 62 1,804,580

Cloud, distributed and edge computing. distributed_computing is the parent (algorithms,
HPC systems software, consensus); cloud_computing is the service model (virtualisation, server-
less, data-centre resource management); edge_computing is placement near users and devices
(offloading, multi-access edge computing, on-device inference). Internet-of-things topics are shared

between edge_computing and computer_networks.

Cryptography, security and privacy. Primitives and protocols are applied_cryptography;
attacks, defences and systems hardening are cybersecurity; using cryptography or statistics
to protect data is privacy_preserving_computation, whose child federated_learning has
no OpenAlex topic and no venue of its own and is carried by keywords. The topic T10764
(“Privacy-Preserving Technologies in Data’) hosts both the parent (1.0) and the child (0.7).

Architecture, accelerators and operating systems. Accelerators are a child of architecture and
include efficient-inference systems (serving engines, attention kernels, quantisation for hardware);
operating systems have no OpenAlex topic and are carried by the OSDI, SOSP, EuroSys, USENIX
ATC and FAST streams, by cs.0S and by kernel and file-system keywords.

Quantum computing and quantum physics. Only computing and information-processing fram-

ings count. Physics topics on qubit platforms are weighted 0.2-0.3, and an anchored exclusion

196



removes texts about quantum dots, quantum chemistry, quantum field theory and similar physical
senses whenever no computing term (qubit, quantum algorithm, error correction, QKD, NISQ, ...)

appears anywhere in the title or abstract.

Scientific computing, computational biology and autonomous discovery. A numerical method
is scientific_computing; a biological object is computational_biology; Al that drives the
scientific process itself (Al-scientist systems, self-driving laboratories, automated hypothesis gener-
ation, Al-discovered algorithms or theorems) is autonomous_scientific_discovery, which is

keyword-driven and vetoed when no Al or automation term is present.

Algorithms and complexity. STOC, FOCS and ICALP are shared; ECCC, ToCT and cs.CC
are complexity-only. Metaheuristics and evolutionary computation are counted as algorithms at

0.5-0.6 because the corpus is expected to contain many such works and no other leaf claims them.

Education, media and other field-17 residues. As documented in Section A.6, the educational,
media, physical-science and generic clusters that OpenAlex places in field 17 are left unmapped,
with four exceptions mapped at low weight; this is a deliberate narrowing of “computer science”
relative to the OpenAlex field, and its effect on corpus scope is examined in Part III, where scope is

defined by DBLP membership and OpenAlex primary field rather than by the ontology.

A.8. Limitations of the mapping and the validation design

The weights are expert priors set by reading keyword lists and venue scopes, not parameters fitted
to labelled data, and the ontology’s own documentation says so. Three limitations follow and are
repeated here because they bound what the classification can show. Venue weights are per DBLP
stream, so a workshop sharing a stream key with its main conference inherits the main conference’s
weight. OpenAlex keyword lists were read in full for the 302 field-17 topics and for about 120
CS-adjacent topics named in the area modules, but not for the remaining roughly 4,000 topics;
relevant clusters from Medicine or Materials Science may be missing and are to be added when the
corpus reveals them, through an amendment. And keyword patterns on abstracts fire on mentions as
well as on contributions, a failure mode discussed with the others in Section 17.

The ontology is to be validated, after the classification run, on a stratified sample whose design is
fixed in taxonomy/VALIDATION .md: fifty eligible works with an abstract per rule-assigned primary
category (forty strata) plus two hundred works to which the rules assigned no category, drawn
with seed 44; two independent LLM raters that never see the rule-based assignment and receive
only the definitions of Table 23 with the title, abstract, venue and year of each work; the principal

investigator as third rater on a 200-work subsample (checkpoint H-2). The pre-specified decision
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rule is that a category with consensus F; < 0.60 triggers a mapping revision, logged as a protocol
amendment, and a re-run of the classification. The agreement statistics, the per-category precision
and recall, the list of categories that met or failed the decision rule, and any amendment that resulted
are reported in Part IX; the validation had not been run when this appendix was written, and nothing

about its outcome is asserted here.

B. Search strategies, sources and acquisition record

This appendix is the operational counterpart of Part III. Part III explains why four bibliographic
sources were combined and what each contributes; the present appendix records, source by source,
the endpoint or bucket that was read, the release or version that was read, the filters that were
applied, the rate limits and budgets under which the reading took place, the licence of the material,
the integrity checks performed on arrival, and what was sought but not obtained. It then gives
the reporting items of the PRISMA-S extension for literature searches (Rethlefsen et al., 2021)
in the form they take for a scope-filtered mapping study, the exclusion codes of the eligibility
stage with their predicates, the type and platform lists on which those predicates depend, and the
record-linkage cascade with its thresholds. Every statement below can be checked against the scripts
in ingestion/ and systematic_review/, the runbook (reproducibility/RUNBOOK.md) and
the provenance note data/raw/README . md; where a count is a property of the corpus it is rendered
by a macro of tables/numbers.tex, and where no macro exists the value is marked pending

rather than typed.

B.1. Acquisition at a glance

Table 31 lists the five acquisitions in the order of the runbook. All were performed from the compute
node M3U96b between the evening of 2 November and 3 November 2026 (Eastern Time), with no
credential of any kind: the OpenAlex key, the Semantic Scholar key and the Kaggle credentials
were tested as absent before the first download (reports/PHASEO_FEASIBILITY.md, §2). The
absence of credentials is not incidental. It determined the choice of the snapshot over the API
for OpenAlex (decision D1 of the plan), it excluded Semantic Scholar (D3), and it capped the
post-snapshot increment at the public daily budget (Section B.4).

B.2. OpenAlex works snapshot

Bucket, release and manifest. The works entity of the OpenAlex snapshot (Priem et al., 2022) is
distributed as gzip-compressed JSON Lines files in the public S3 bucket s3://openalex/ under
the prefix data/jsonl/works/, partitioned by the date at which the records were last updated
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Table 31. Acquisitions performed for the WP44 corpus, in runbook order.

Source Object read Obtained Integrity record
OpenAlex public snapshot, release 2026-10-14, 2026-11-02 manifest copy; content
works data/jsonl/works/, 1,898 part files, 21:19t023:05  length and SHA-256 per file
675,298,563,638 bytes gzip ET, HTTPS, 8 in works/ledger.sqlite;
parallel streams  1,898/1,898 done, 0
malformed lines; record total
equal to the manifest total
OpenAlex snapshots of topics, subfields, fields, domains, 2026-11-02 entities_ledger. json:
entities sources, institutions, publishers, funders, content length and SHA-256
concepts per file
OpenAlex works with any CS topic and publication date 2026-11-03 api_increment/
API 2026-10-01 to 2026-11-02, by day and by onward, within ~ ledger. json: calls, cost,
primary field the public records and pages per slice;
budget raw pages kept verbatim
DBLP dblp.xml.gz dated 2026-11-02 22:39 UTC, 2026-11-02 published MD5
1,116,270,104 bytes, with dblp.dtd and ff1c424c3bldcef36
dblp.xml.gz.md5 582£647c36df27c0
verified on the whole file
before parsing; parse report
with size, MD5 of the first
GiB, counts by type and year
arXiv OAI-PMH, set cs, metadata prefix arXiv, 2026-11-02 to harvest_state.json
datestamps 2018-01-01 to 2026-11-02 03 (pages, records, seconds per
window); 758 raw XML
pages kept; arxiv_parse_
report.json
ACL anthology+abstracts.bib. gz, 46,723,382 2026-11-02 SHA-256
Anthology bytes 44c3£7e907£221b740
bea09069818a3d7c0d
£d88b2da3b750d9£02

955efcb8b3; acl_parse_
report.json
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(updated_date=YYYY-MM-DD/part_NNNN.gz). The release read is the one whose manifest. json
carries the date 2026-10-14; the manifest lists 1,898 part files with, for each, its URL, its content
length in bytes and its record count, together with the totals (464,765,485 works, 675,298,563,638
bytes). A copy of the manifest is kept as data/raw/openalex/works_manifest_2026-10-14.json
and is the reference against which the ledger is checked. No AWS client was installed on the node;
the bucket is public and each object was fetched over HTTPS from https://openalex.s3.
amazonaws.com/ with curl (-L -retry 5 -retry-delay 3 -retry-all-errors -C -, the
last option resuming an interrupted transfer), up to five outer attempts per file with a linearly increas-
ing pause, and the transfer was accepted only when the byte count on disk equalled the content length
in the manifest. The measured single-stream throughput from the node was about 71 MB/s and the
aggregate over eight streams about 108 MB/s, which fixed the worker count at eight and the wall
time at one hour and forty-six minutes for the whole bucket (ingestion/openalex_snapshot.py

-workers 8).

Filter applied on the stream (pass 1). Each part file was decompressed in memory and parsed
line by line (orjson); a line that failed to parse was counted as malformed and skipped, and the
count of such lines (zero for every file) is in the ledger. For every parsed work w the script evaluated

the predicate

CS(w) = |36 € topics(w) : field(0) = fields/l?} % [ﬁeld(primary_topic(w)) =fields/17|,

(63)
that is, whether any of the up to three topics attached to the record, or its primary topic, belongs to
the OpenAlex field with identifier 17 (Computer Science; OpenAlex, 2024), and kept the complete
JSON record when CS(w) held and publication_year lay in [2018,2026]. Records flagged
is_xpac (OpenAlex’s expansion of coverage from non-Crossref sources) were kept at this stage
with their flag, so that the exclusion could be applied later by the eligibility predicate rather than
silently at ingestion. The retained records were re-compressed with Zstandard (level 6) into one
file per part, works/cs/updated_date=X__part_NNNN. jsonl.zst, about 20 GB in total for
15,490,159 records. No text search of any kind was performed: the scope of the OpenAlex layer is
defined entirely by the topic classifier’s field assignment, which is the search strategy appropriate to

a field-level mapping and whose consequences are discussed in Part I11.

Slim table of every work. In the same pass the script wrote, for every work in the snapshot
regardless of field or year, one row of a slim Parquet table with the following columns: OpenAlex
identifier (as an integer), DOI (lower-cased, prefix removed), publication year and date, type,

cited_by_count, primary topic, subfield, field and domain identifiers, the value of CS(w), the
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XPAC, open-access and retraction flags, language, primary source identifier, number of referenced
works, number of authors, whether an abstract is present, and FWCI. The 1,898 per-part files were
later concatenated into compact/slim_all_works.parquet (464,765,485 rows). The slim table
is what allows a reference from a computer-science work to a work in another field to be typed and
dated (Part IV), and it is also what made the second pass of Section B.3 possible without re-reading

the bucket for a search.

Integrity and provenance. Before parsing, the SHA-256 digest of the gzip bytes of each part
file was computed and written, with the file’s URL, content length, manifest record count, parsed
record count, retained record count, malformed-line count, download and total times, attempt count
and timestamps, to a SQLite ledger (works/ledger.sqlite, table files); a second table (runs)
records the manifest date and totals, the worker count, the host name and the command line of every
invocation. The ledger makes the job resumable (a file with status done is never re-read) and is
the provenance record of the raw layer. The raw . gz files were deleted after a successful parse
(decision D6 of the plan): the snapshot is a public, versioned release, the manifest and the per-file
digests permit an independent party to re-download and verify any part, and keeping 675 GB of
compressed JSON on the node would have precluded the rest of the pipeline. Three checks were
made at the end of the pass and are recorded in data/raw/README.md: all 1,898 files have status
done; the sum of parsed records over files equals the manifest total; and the sum of malformed lines
is zero. The OpenAlex snapshot is released under CCO 1.0 (LICENSE. txt in the bucket, copied

next to the manifest), which permits redistribution of derived record-level data.

Entity snapshots. The smaller entity snapshots were downloaded from the same bucket by
ingestion/openalex_entities.py, using each entity’s own manifest, with the same length
check and SHA-256 ledger (entities_ledger.json). The manifests list 4,516 topics, 252
subfields, 26 fields, 4 domains, 268,629 sources, 143,455 institutions, 10,713 publishers, 41,799
funders and 65,026 concepts; the topics snapshot was flattened to topics_flat.csv (identifier,
name, subfield, field, domain, works count, keywords, description) and is the vocabulary over
which the ontology of Appendix A maps OpenAlex topics to categories. The authors entity was not
downloaded, because the authorship blocks embedded in each work record already carry the author
identifier, display name, ORCID, position and institutions; the keywords entity (1,881,723 entries
in its manifest) was not downloaded either, the per-work keyword lists being embedded as well.

B.3. Second snapshot pass by identifier set

The first pass retains what OpenAlex calls computer science. The record linkage of Section B.11
showed that 1,605 DBLP records of 2018—2026 have a DOI that exists in the slim table of all
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works but not in the retained subset, that is, works indexed by DBLP that OpenAlex labels with
no computer-science topic. Rather than accept OpenAlex’s boundary, the pipeline reads the
bucket a second time in identifier-set mode. The linkage script writes the list data/metadata/
needed_oa_ids.csv of OpenAlex identifiers to recover, namely the works of the slim table outside
the retained subset that an unlinked DBLP DOI or an unlinked arXiv DOI reaches. The list is
re-derived at every linkage run; after the run on the union of both passes it holds only the residue that
the second pass left outside the subset (1,605 identifiers reached through a DBLP DOI and 0 through
an arXiv DOI). Given the list, openalex_snapshot.py -id-1list streams every part file again,
keeping exactly the records whose identifier is in the set and writing no slim rows. The identifier set
is loaded in each worker process (macOS uses the spawn start method, so module globals are rebuilt
per worker), the same download, length and SHA-256 discipline applies, and the output lands in
works_pass2/cs/ with its own ledger. The recovered records are normalised with the suffix _p2
and the linkage is rerun on the union of both passes (ingestion/run_pass2_chain.sh). The
second pass costs the same bandwidth as the first—about one hour and fifty minutes of streaming—
because an identifier lookup cannot be pushed to the bucket; the price was accepted because the
alternative, fetching the identifiers one by one through the API, would have exceeded the public
budget by two orders of magnitude. The PRISMA counts of Part III are generated from the union of
both passes: the first pass retained 15,490,159 records through the topic filter, the second added
1,102,807 records reached through DBLP or arXiv identifiers, and the identification total of the
PRISMA figure is their sum, 16,592,966 records loaded into #5.

B.4. OpenAlex API increment

The snapshot ends on 14 October 2026 and the observation window on 2 November 2026. The
gap was covered by the REST API (https://api.openalex.org/works) without a key. Two
constraints of the unkeyed API shaped the harvest and are recorded here because they bound what
the increment can contain. First, cursor paging requires a key, so the harvest used basic page
numbering, which the API caps at 10,000 results per filter expression; the harvest is therefore sliced,

one request series per publication day d and per primary-field class, with the filter

topics.field.id:17, from_publication_date:d, to_publication_date:d,
primary_topic.field.id:17  (slice ‘‘cs_primary’’)
topics.field.id:17, from_publication_date:d, to_publication_date:d,

primary_topic.field.id:!17  (slice ‘‘cs_secondary’’)

for every day from 2026-10-01 to 2026-11-02 (the start was placed two weeks before the snapshot
date to absorb records that OpenAlex back-dates), 200 results per page, a select list of the fields

used by the normaliser (identifiers, dates, type, language, locations, open access, authorships, topics,
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keywords, referenced works, citation counts, abstract inverted index, flags, FWCI, funders, indexed-
in, full-text flag, APC), the polite-pool mailto parameter and a descriptive user agent. A slice whose
reported count exceeds 10,000 is marked truncated in the ledger; the two-way split by primary
field was chosen because a single day of computer-science output in 2026 can exceed the cap while
each half rarely does. Second, the unkeyed API is metered: list-and-filter calls are charged at about
$0.0001 each against a shared budget of $0.10 per day, and the script stops at $0.085 per day (a
margin for the free single-record lookups used for reference verification), sleeps 0.12 s between calls,
and halts on HTTP 429, 403 or any 5xx response so that the next day’s run resumes from the ledger.
Every page is stored verbatim as api_increment/pages/<day>_<slice>/page_NNNN. json;
the ledger (api_increment/ledger. json) records per slice the pages, records, reported count,
completion and truncation flags, and globally the number of calls and the cost. At the time of writing
the harvest had used the budget of several consecutive days and was not complete: 1,002 calls had
retrieved 193,369 records at a cost of USD 0.100, and 64 of the sixty-six day-slices (thirty-three
days times two strata) were closed. The number of truncated slices is 1: the cs_secondary stratum
of 16 October 2026 reported a count nearly four times the 10,000-record paging limit, so that
roughly a quarter of its records were retrieved. The remaining slices will be reported from the ledger
when they close. The conversion step (ingest_api_increment.py) rewrites the pages into the
same . jsonl.zst part format as the snapshot filter (works_pass3/), skipping any work whose
identifier is already in the pass-1 or pass-2 tables and writing an increment_report. json (pages,
new works, works already present); the number of works added by the increment is [pending human
review: IncrementNewWorks]. Two limitations follow from the design and are not recoverable
from the ledger: a truncated slice loses the records beyond the 10,000th in the API’s default
ordering, and a record created after 2 November 2026 with a publication date inside the window
is absent whatever its date. Both affect only the last weeks of a window that is already treated as

right-censored (Part III), so no analysis depends on them.

B.5. DBLP

Dump and version. DBLP (Ley, 2002, 2009) publishes its whole database as a single XML
file. The file read is dblp.xml.gz as served on 2 November 2026 (file timestamp 22:39 UTC),
1,116,270,104 bytes, together with the document type definition dblp.dtd and the published check-
sum file dblp.xml.gz.md5. The MD5 of the whole file, ff1c424c3b4cef36582f647c36df27cO,
was computed and compared with the published value before parsing; the parse report additionally
stores the file size and an MDS5 of the first gibibyte as a quick identity check for later sessions.
DBLP is released under the Open Data Commons Attribution licence (ODC-BY 1.0), which permits
the redistribution of derived data with attribution. The download from dblp.org proceeded at

about 12 MB/s, the slowest link of the whole acquisition.
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Parsing rule. The DTD matters: DBLP titles use XML entities for accented characters, and a
parser that does not resolve them against dblp.dtd corrupts titles and therefore the title-based link-
age. The parser (ingestion/dblp_parse.py) is 1xml.etree.iterparse over the gzip stream
with load_dtd=True, resolve_entities=True and huge_tree=True, run from the directory
containing the DTD because the dump references it relatively. It emits one row per record of
the types article, inproceedings, proceedings, book, incollection, phdthesis, mastersthesis and
data; person records (www) are consumed and discarded. For each record it keeps the key, type,
modification date, publication-type attribute, title (concatenated text of the title element, so that
embedded markup such as subscripts is flattened), year, author names and DBLP person identi-
fiers, editors, journal, booktitle, volume, number, pages, publisher, series, the DOI (taken from
the first electronic-edition URL beginning with https://doi.org/, lower-cased), the full list of
electronic-edition URLs, the URL, the cross-reference to the proceedings record, and the stream,
the part of the key before its last slash (journals/tocs, conf/nips), which is DBLP’s venue
identifier and the unit on which the ontology’s venue signals are defined. All years are parsed;
counts by type and by year for the entire archive are written to dblp_parse_report. json, and
the records of 2018-2026 (4,347,365 after the type restriction of the linkage step) are the ones that
enter the corpus. The total number of publication records in the dump is 8,840,866. A second script
(dblp_streams.py) lists the streams with at least one hundred records of type article or inproceed-
ings in 2018-2026, with their first and last years and a sample journal or booktitle name; this list
(taxonomy/dblp_streams_2018_2026.csv) is the input of the venue-to-category mapping and

is not itself a corpus filter.

B.6. arXiv

Protocol and windows. arXiv (Ginsparg, 2011) metadata were harvested through its OAI-
PMH endpoint https://oaipmh.arxiv.org/oai with the verb ListRecords, the set cs and
the metadata prefix arXiv, which returns arXiv’s own schema (identifier, dates, title, abstract,
authors with forenames and keynames, categories, comments, journal reference, DOI, licence,
report number, MSC and ACM classes). The harvest was sliced into calendar-month windows
on the OAI from/until parameters from 2018-01-01 to 2026-11-02; each window was walked
with the resumption token until exhausted, and every response page was written verbatim to
raw/<window>/page_NNNN.xml before being parsed, so that the Parquet table can be rebuilt from
the raw pages (-parse-only) without touching the network. The harvester waited 3.5 s between
requests, honoured the Retry-After header on HTTP 503 (arXiv’s flow-control response), waited
thirty seconds on other errors, and gave up a window after twelve consecutive failures (none oc-
curred). The state file harvest_state. json records, per window, the number of pages, of records

and of seconds, and the harvest of the 107 windows produced 758 pages in about one hour.
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Datestamp semantics and deduplication. A point about OAI-PMH that affects the counts must
be stated. The from/until parameters select on the record’s datestamp, which is the date of its
last modification, not on its submission date. A monthly window therefore contains every record
touched in that month, including old e-prints whose metadata were edited, and a record edited in two
months appears in two windows. The parser keeps, for each arXiv identifier, the occurrence with the
latest datestamp, skips records whose header carries status="deleted", normalises whitespace
in titles and abstracts, lower-cases the DOI, takes the first listed category as the primary category,
and records the set specifications. The result is 915,115 distinct records, of which 890,852 have a
created date (first submission) in 2018-2026; the difference consists of older e-prints modified
during the window, which are kept in the table for linkage but do not belong to the observation
window. The created date is the one used as darx(w) in Part IV. arXiv’s metadata are offered for
reuse under its metadata terms; the e-prints themselves were not downloaded in the acquisition

described here.

B.7. ACL Anthology

The ACL Anthology (Radev et al., 2013; Association for Computational Linguistics, 2026) dis-
tributes its complete bibliography as a BibTeX export. The variant with abstracts (anthology+
abstracts.bib.gz) was downloaded on 2 November 2026 (46,723,382 bytes; SHA-256 in Ta-
ble 31). BibTeX is not a regular language, so the parser (ingestion/acl_parse.py) walks the
text by brace depth: it locates each @type{ header, finds the matching closing brace, splits the body
at its first comma into the citation key (which is the Anthology identifier, for instance P19-1001 or
2023.acl-long.1) and the field list, and reads each field as a braced, quoted or bare value with
nested braces allowed. Fifteen fields are kept (title, author, editor, booktitle, journal, month, year,
address, publisher, URL, DOI, pages, abstract, volume, number); braces inside values are removed
and whitespace normalised. Entries of type comment, string and preamble are skipped. The
export is released under CC BY 4.0. The number of entries parsed is 138,796; the linkage step
uses only the inproceedings and article entries (135,558), of which 85,625 fall in 2018-2026. The
Anthology’s role is a coverage check for natural-language processing venues rather than a corpus
source in its own right; an ACL entry with no OpenAlex counterpart is counted in the linkage report

but is never a work of the corpus.

B.8. What was sought and not obtained

The mandate lists sources beyond the four used, and the integrity rules require that inaccessible data
be recorded rather than worked around. The record is as follows.
Semantic Scholar Academic Graph. An anonymous request to the endpoint graph/v1/paper/

205



for arXiv:2303. 08774 returned HTTP 429 with the instruction to apply for a key, and the datasets
endpoint requires a key outright (Kinney et al., 2023). No key was requested because the project
rule is not to assume credentials and because applying would have made the acquisition depend on
an approval outside the project’s control. The consequence is the absence of the influential-citation
and citation-intent signals from every analysis, stated wherever it matters.

OpenAlex API key. A free key raises the daily budget from $0.10 to $1 and enables cursor paging.
Obtaining it requires the principal investigator to confirm an e-mail; this was not done without
instruction, and the increment of Section B.4 was run under the unkeyed budget. The snapshot route
does not depend on the key.

Full texts. No full text was downloaded during corpus construction. Abstracts come from the
OpenAlex inverted index (and from arXiv and the Anthology for their records). The plan reserves
lawful full-text access (arXiv e-prints at one request per three seconds, open-access locations) for
at most 10,000 high-priority works in a later phase; the knowledge-graph extraction of Part IV is
abstract-based and labelled as such.

Crossref. The REST API was reached (works?filter=from-pub-date:2022-11-30&rows=0
returned a count for all fields) and is used for the verification of every DOI cited in the manuscript
and for sample cross-checks of types and citation counts; it was not used as a corpus source,
OpenAlex already carrying its metadata.

Other sources listed in the mandate. Kaggle arXiv snapshot, Microsoft Academic Graph, Papers
with Code, institutional repositories: no Kaggle credentials were configured and OAI-PMH made
the snapshot unnecessary; the Microsoft Academic Graph was discontinued in 2021; benchmark and
code repositories are scoped to the reproducibility analyses of a later phase and are not bibliographic
sources; institutional repositories enter only through OpenAlex’s indexing of them, which the

generic-deposit rule of Section B.10 then restricts.

B.9. PRISMA-S search record

PRISMA-S (Rethlefsen et al., 2021) is written for keyword searches of bibliographic databases.
A scope-filtered mapping has no search string, but its sixteen items can still be answered, and
answering them makes explicit which items have no counterpart. Table 32 gives the record; the
PRISMA 2020 flow itself (Page et al., 2021b; Haddaway et al., 2022) is Figure 1 and Table 50 of
Part III.

B.10. Exclusion codes and their predicates

The eligibility stage (systematic_review/define_corpus.py) computes seven exclusion flags

and two membership flags as columns of the table corpus_works, each a SQL expression over the
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Table 32. PRISMA-S items answered for the WP44 corpus.

No. Item This study
1 Database names OpenAlex (works and entity snapshots), DBLP, arXiv, ACL Anthology; Crossref
for verification only.
2 Multi-database Each source read in full under its own scope filter; no interface or vendor platform
searching (direct bucket, dump and OAI access).
3 Study registries Not applicable.
4 Online resources and None.
browsing
5 Citation searching None for identification; OpenAlex reference lists are analysed but do not add
records to the corpus.
6 Contacts None.
7 Other methods None.
8 Full search strategies OpenAlex: predicate (63) with publication year 2018-2026, then identifier-set
recovery of DBLP- and arXiv-linked works (Section B.3), then the API filter of
Section B.4. DBLP: whole dump, record types listed in Section B.5, years
2018-2026 at linkage. arXiv: OAI set cs, datestamps 2018-01-01 to 2026-11-02,
created in 2018-2026 at linkage. ACL: whole export, types inproceedings and
article, years 2018-2026 at linkage.
9 Limits and restrictions ~ Year window only; no language, type or country restriction at search time (types
are an eligibility criterion, Section B.10).
10 Search filters None beyond the scope predicates; the OpenAlex topic classifier is the instrument
that defines “computer science” on that layer and its properties are discussed in
Part III.
11 Prior work No search strategy was reused from a prior review.
12 Updates One update by API increment to 2026-11-02; no further update is planned for this
version.
13 Dates of searches OpenAlex snapshot released 2026-10-14, read 2026-11-02; DBLP dump
2026-11-02; arXiv harvest 2026-11-02 to 03; ACL export 2026-11-02; API
increment from 2026-11-03.
14 Peer review of the No librarian review; the strategy is preregistered in protocol/PROTOCOL.md (P3)
search and audited by the independent agents of Phase 8.
15 Total records OpenAlex 16,592,966 (15,490,159 in pass 1, 1,102,807 in pass 2); DBLP
4,347,365; arXiv 890,852; ACL 85,625 (all 2018-2026).
16  Deduplication Deterministic record linkage across sources (Section B.11) and

preprint—publication merging within OpenAlex (Part III, Part IV); OpenAlex works
are the counting unit; 120,083 preprint members of merged pairs are flagged ES.
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normalised OpenAlex record and the linkage tables. Table 33 paraphrases the predicates. Three

lists on which they depend are reproduced verbatim from the script, because their content is the

substance of the type rule and of amendment A-002.

* Tieep (types kept without further condition): article, conference-paper, preprint, book-
chapter, book, dissertation, report, review, software-paper.

* Thara (types excluded even for DBLP-linked records): editorial, erratum, retraction,
peer-review, paratext, conference-abstract, reference-entry, dataset, software,
supplementary-materials, libguides, letter, grant, standard.

* ¢ (generic deposit platforms, matched on the primary source’s display name): “Zenodo (CERN
European Organization for Nuclear Research)” and ‘“Zenodo”; “Figshare”; “Institutional Repos-
itories DataBase (IRDB)”’; “LA Referencia (Red Federada de Repositorios Institucionales de
Publicaciones Cientificas)”; “Dialnet (Universidad de la Rioja)”; “DOAJ (DOAJ: Directory
of Open Access Journals)”; “OSTI OAI (U.S. Department of Energy Office of Scientific and

Technical Information)”.

Table 33. Exclusion and membership codes of define_corpus.py, with their predicates paraphrased
from SQL. w is an OpenAlex record; in_dblp, in_acl and arxiv_linked are read from the link tables; 7y =
2018-01-01, 1 =2026-11-02.

Code  Column Predicate (true = flagged) Marginal
count
El el_outside_window publication_date is null, or < fy, or > 1 59,453
E2 e2_type T(W) ¢ Tieep and not (in_dblp and T(w) ¢ Thara); a null type 3,995,235
counts as outside Tieep
E3 e3_xpac is_xpac and not in_dblp 3,974,822
— xpac_kept_dblp is_xpac and in_dblp (kept, flagged) 74,771
E4 e4_no_title title null or empty after trimming 16,442
ES e5_duplicate w is the preprint member of a surviving preprint—published 120,083
pair (Part IV, eq. (10))
E6 e6_retracted is_retracted (flag only; not part of eligibility) 28,587
E7 e7_generic_deposit  primary source name € ¢ and not in_dblp and no linked arXiv 1,277,584
record
core cs_core in_dblp or cs_primary or linked arXiv primary category 7,112,420
begins with cs. (amendment A-006) eligible
pen. cs_penumbra cs_any and not cs_core 3,402,474
otherwise
eligible
— eligible —El1 A =E2 A =E3 A =E4 A —=E5 A =E7 A core 7,112,420

Three further columns are derived in the same statement and are used throughout the manuscript.
The first date, first_date, is the least of the publication date, the merged preprint’s date and
the arXiv creation date, except that a publication date falling on 1 January is treated as year-only

precision and is overridden by either of the other two when available; date_precision is year

208



when the date falls on 1 January and no finer date exists, month otherwise; and period is pre,
baseline, post or future according to whether the first date precedes 1y, lies in [fg,2022-11-30),
in [2022-11-30,1,], or after 7;. The PRISMA counts are computed twice, marginally (the column
of Table 33) and sequentially in the order E1, E2, E3, E4, ES, E7, and the script asserts that the
loaded total equals the sum of the sequential exclusions and the after-exclusion count (10,519,086);
the macro set of Part III reports both. Since amendment A-006 the script also asserts that the
after-exclusion count equals the core plus the penumbra plus the records that belong to neither set
(4,192, works with no computer-science topic reached only through a DOI and not carrying an
arXiv cs. primary category). The E6 and penumbra rows are not exclusions and do not enter the
sum. The numbering conflict between the protocol’s E7 (penumbra) and the code’s E7 (generic

deposit) is resolved by amendment A-005 in favour of the code.

B.11. Record-linkage cascade and thresholds

Part IV states the cascade in prose; Table 34 gives it as executed, step by step, with every threshold.
The normalised title 17(-) lower-cases and deletes every character outside [a—z0-9]; “unique” means
that the normalised title occurs exactly once on that side among the records still unlinked at that step
(for OpenAlex in the arXiv and ACL cascades, unique among all OpenAlex records, the exclusion
of already linked identifiers being applied to the pair instead); the length condition is on the raw
title for DBLP and OpenAlex and on the normalised title for arXiv and ACL. The DBLP title step
adds a first-author check that the other cascades do not have: the last whitespace-separated token
of the first author’s name on each side must coincide when both are present. Each link carries its
method label, which is the stratum of the precision sample of Part IV; the counts per method are in
data/metadata/linkage_report. json and Table 53.

The record types admitted on the DBLP side are article, inproceedings, incollection, book,
phdthesis and data with year 2018-2026; on the ACL side inproceedings and article; on the arXiv
side every record of the harvest, the year condition being applied through the created year in the
title step only. The linkage runs inside one DuckDB database with 24 threads and a 60 GB memory
limit and completes in about ten seconds on the compacted tables, which is why it was possible
to rerun it after each amendment rather than patch its output. The precision sample of 500 pairs
(250 DOI, 200 title—year, 50 arXiv, the last stratum empty for the reason given in Part IV) is drawn
by systematic_review/linkage_sample.py with seed 44, and its automatic agreement checks
(title similarity at least 0.9, year difference at most one, first-author surname agreement) are the

interim figure until the principal investigator’s review (checkpoint H-1).
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Table 34. The deterministic linkage cascade of ingestion/link_sources.py. Steps within a cascade
apply only to records unlinked by the previous steps.

Cascade Step Join condition and thresholds Method
label

—

equal lower-cased DOI; all matching pairs kept (many-to-many allowed) doi
DBLP-OA 2 equal arXiv identifier (DBLP: parsed from ee URLs by arxiv
arxiv.org/abs/ ([~ 1+); both sides stripped of v [0-9]1+$); both
records unlinked
3 equal n, raw title > 25 characters, 1 unique on both sides, title_year
[ypBLP — Yoa| < 1, first-author surnames equal when both present

1 equal arXiv identifier (OpenAlex side: ids.arxiv, else DOI prefix arxiv_id
arXiv—OA 10.48550/arxiv., else arxiv.org/abs |pdf/ in any location URL);
all pairs kept
2 equal lower-cased DOI; arXiv record unlinked doi
3 equal 7, |n| > 25, unique on both sides, |Yereated — Yoa| < 2, OpenAlex  title_year
record unlinked
1 equal lower-cased DOI doi
ACL-0OA 2 Anthology identifier equal to the segment after aclanthology.org/in url

any OpenAlex landing-page URL (with or without trailing slash); ACL
record unlinked

3 equal 7, |n7| > 25, unique on both sides, |[yacr, — yoa| < 1, OpenAlex title_year
record unlinked

B.12. Reproducing the acquisition

The acquisition can be repeated from the runbook in six commands, in the order of Table 31, on a ma-
chine with Python 3.12 and the locked environment of reproducibility/environment_M3U96b.txt:
openalex_snapshot.py with the manifest copy (then once more with -id-1ist);
openalex_entities.py;

dblp_parse.py;

arxiv_oai.py;

acl_parse.py;

A

openalex_api_increment.py, followed by ingest_api_increment.py.

Two of these are not exactly repeatable and the reader should know which. The OpenAlex bucket
retains only recent releases, so a later reader must either locate the 2026-10-14 release or accept that
a newer release will differ in record counts and in the nightly-recomputed fields (citation counts,
FWCI); the per-file digests in the ledger allow a reader with the same release to prove identity, and
a reader with a different release to quantify the difference by record count. The arXiv OAI feed is
likewise live: a re-harvest of the same datestamp windows returns records as they now are, and the
raw pages archived with the project are the only way to recover the state of 2—3 November 2026.
The DBLP dump and the ACL export are dated files whose hashes are published here, and a copy of
each is kept with the project’s raw layer.
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C. Mathematical derivations

Part IV defines the statistics of this study and states their properties; this appendix supplies the
derivations behind those statements, in the order in which Part IV uses them. Each subsection fixes
the object as implemented, derives the property that the main text relies on, and records any point
at which the implementation departs from the convention of the cited source. The derivations are
elementary and self-contained; their purpose is not novelty but the assurance that the quantities
tabulated in Part IX are what the text says they are. Throughout, n is the length of a monthly series,
y: = log(N; + 1) its logarithm, and 1[] the indicator function.

C.1. The interrupted time series as a linear regression

Design matrix. Equation (42) of Part IV is the linear model y = X 8 + & with y € R” and X € R"*13

whose columns are, forf =0,...,n— 1 and event index ¢,,
x = (1,1, 1t > ¢, (t—t.)1[r > 1., 1[month(r) = 2], ..., 1[month(r) = 12])T, (64)

exactly the data frame built by _design() in econometrics/structural_change.py (columns
const, t, post, t_post, m2, ..., m12). The post-event trend is centred at 7, rather than at zero
so that 3, is the level change at the event month and not the extrapolated intercept difference at
t = 0; with an uncentred post-trend the two parametrisations are related by ;"¢ = B, — f3t., and
only the centred one has the interpretation used in the text. The eleven month dummies are linearly
independent of the constant because January is omitted; the full-column-rank condition requires at
least one observation in every month of the year, satisfied by any series of twelve months or more,
and at least two post-event months with 7 > 7, (with a single one the centred post-trend column is
identically zero and 3, and B3 are not separately identified), guaranteed by the driver’s rule that
twelve months follow every event. The ordinary least-squares estimator is ﬁ =(X"X)"'xTyand

the residuals € =y — X 3

The HAC covariance estimator. Under the assumption that & is a stationary, serially correlated
and possibly heteroskedastic sequence with E[x,;&| = 0, the asymptotic covariance of \/ﬁ(ﬁ —
B)is 07'QO ! with Q =limn'X'X and Q = Y7 __ T, where Iy = E[x,&¢_x /] is the
autocovariance of the score at lag /. The estimator of Newey and West (1987) replaces the infinite
sum by a kernel-weighted finite one,

L 1 =1

A et . a7
Qp =To+ Y wi(Ce+0y),  To=-3 &&xx_y,  wie=1
=1 t={
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and the variance estimate is V = n (X TX)~'Qz (X "X)~!, which is the expression of Part IV once
the factors of n are absorbed into the un-normalised fg. The Bartlett weights wy are what make Qr
positive semi-definite for every sample: Q; can be written as m Y (X, ) (X i) "
up to end effects, with iy = x;&, a sum of outer products, whereas the truncated sum with w, =
1 is not guaranteed to be positive semi-definite. The implementation calls statsmodels with
cov_type="HAC" and maxlags=6, so L = 6 and wy; = 1 — ¢/7 as stated in Part IV, without the
small-sample degrees-of-freedom correction and with p-values from the normal approximation to
the ¢-ratio, which is the library’s default for robust covariances. With n of the order of one hundred
and fifteen columns in X, the constant included, the difference between the normal and the 7,5
reference distribution is immaterial at the magnitudes of the z-statistics reported; what matters is the

placebo rank of the next paragraph, which does not depend on any reference distribution.

The placebo p-value as a rank statistic. Let ' = {t' : 24 <¢' < n— 13} be the candidate
event indices (the implementation’s min_pre = 24 and min_post = 12)and, foreacht € .7, let
tt(,z) — By (") /se(Ba(t")) be the HAC t-ratio of the level change when the model (64) is fitted with
t, = t'. The placebo value of the true event 7, € .7 is

2)
rank (|¢
Y [ 1) = % (60)

teT’

plac __ 1

P =g

where rank is the descending rank of the true event’s absolute z-ratio among the || values, ties
counted as not better (>=). Three properties follow directly. Because t, € .7/, the sum contains
the term t' = t,, so pP'® > 1/|.7’|, which for the default window (n = 101, hence |.7’| = 65) is
about 0.015: a placebo rank cannot be smaller, however large the true statistic, and a reported
value of 1/|.7’| means “largest of all candidate dates™, not “significant at that level”. Because the
statistic is a rank, it is invariant to any monotone transformation of the |¢|-ratios and in particular
does not depend on the HAC bandwidth through anything but the ordering it induces. And if the
candidate dates were exchangeable under a null hypothesis of no break anywhere, pP'* would be a
valid permutation-type p-value with P(pP'a® < o) < a; they are not exchangeable, since all |.7”|
regressions share the same n observations and adjacent candidates give nearly identical fits, so
the value is reported as a rank and read as such. The same construction gives the placebo rank of
the slope change from tt(,3). The driver additionally computes the rank restricted to the baseline
candidates {r’ < 1, }, which answers the protocol’s original question (is the reference date special

relative to the pre-period?) and is reported next to the full-range rank.
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C.2. Bai-Perron multiple breaks by dynamic programming
Segment costs and additivity. For a segment [i, j) of the series with j —i > h, define

S(i,j) = min ] 1(yt —a—bt)?, (67)

a,peR =~
the residual sum of squares of a linear trend fitted to the segment alone (the implementation
solves the two-parameter least-squares problem for each segment with numpy.linalg.lstsq; with
trend=False the regressor ¢ is dropped and S(i, j) is the centred sum of squares). The model with
mbreaks 0 < 7] < --- < T, < n assigns its own (a,b) to each of the m + 1 segments [t;_1, T;) with
To = 0 and 7,41 = n. Because the parameters of different segments are distinct and each observation

enters exactly one segment, the residual sum of squares of the whole model separates,

m+1
SSR(T1,...,Tm) = Y S(%—1,%), (68)
k=1

and the global minimisation over T decomposes: the optimal partition of the first j observations into
m—+ 1 segments contains, as its first m segments, an optimal partition of the first 7,, observations
into m segments. This is the principle of optimality, and it is the only property of the cost that
the dynamic programme uses; it holds for any cost that is a sum over segments of a function
of the segment alone, which is why the same recursion serves the piecewise-constant model of
Section C.3. It fails for a model with parameters shared across segments (a common slope, or the
seasonal dummies of the ITS), which is why the segmented regression carries no seasonal terms
and the series is seasonally adjusted beforehand by subtracting the baseline-period month means

(run_structural_change.py).

The recursion. Let C,;,(j) be the minimum of (68) over partitions of observations 0, ..., j— 1 into

m+ 1 admissible segments. Then

Co(/) =5(0,/),  Cu(j) = mhglgnj_h{cm—mz) +86, 7)), j=(m+Dh, (69)
the lower limit of i ensuring that m segments of length at least 4 fit before the last break and the
upper limit that the last segment has length at least 4. The argument minimiser £}, () is stored, and
the breaks of the m-break solution for the full series are recovered backward: 1, =i}, (n), Tp—1 =
i (T,), and so on, which is what the dictionary B[m] [j] of the implementation accumulates
forward instead. This is the dynamic programme that Bai and Perron (2003a) propose for the global

minimiser of Bai and Perron (1998); the earlier literature used it for the piecewise-constant case, and

213



its correctness requires nothing beyond (68) and the induction on m: if Cy,— (i) is the true minimum
for every i, then any partition of [0, j) into m + 1 segments has a last segment [i, j) and a prefix

partition of cost at least Cy,—1 (i), so its cost is at least the right-hand side of (69), which is attained.

Complexity. The table of segment costs has one entry per admissible pair (i, j), that is (”_gH) +
O(n) entries, of order n? /2. The recursion (69) evaluates, for each m < M and each j, a minimum
over at most n candidates, so its cost is O(n”?M) operations; the back-tracking costs O(M). The
implementation fills the cost table by solving each segment’s least-squares problem independently,
at a cost proportional to the segment length, so the table costs O(n?) rather than the O(n?) obtainable
by updating running sums as in Bai and Perron (2003a); for n of the order of one hundred, as here,
the difference is a fraction of a second and the simpler code was preferred for its transparency.
Trimming enters only through the admissibility condition j —i > h; with h = max{8, |0.15n|} and
M = 3, the default window of n = 101 months gives & = 15 and a feasible region (m+ 1)h < n for

every m < 3, so all four candidate models exist.

Information criteria as implemented. Form =0,...,M let SSR,, = C,,(n) and let p,, = k(m +
1) + m be the parameter count, with k = 2 for the trend model (k = 1 for the mean model): one
intercept and one slope per segment, plus the m break positions, counted as parameters by convention.

The two criteria computed by the code are

SSR
BIC(m) = nlog——= + p,,logn, (70)
n
SSR
LWZ(m) = nlog ——= + ppco (logn)*!, ¢y =0.299, (71)
n—Pm

and the selected number of breaks is 1 = argmin,, of each. The BIC form (70) is the Gaussian
log-likelihood, maximised over the error variance, in which —2logL = nlog(SSR/n) + const, plus
the Schwarz penalty plogn (Schwarz, 1978); the two differences from a textbook BIC are that the
break positions are counted among the parameters and that the constant and the segment variances
are treated as common, both as in Bai and Perron (2003a). The LWZ form (71) is the modified
Schwarz criterion of Liu et al. (1997), whose penalty grows as (logn)2t% with 8 = 0.1 and whose
variance estimate divides by n — p,,; the constant ¢y = 0.299 is the value they recommend and the
one used in the simulations of Bai and Perron (2003a), which find that LWZ selects fewer spurious
breaks than BIC under serial correlation at the cost of some power. The comparison across m is
legitimate because every SSR,, is a global minimum over the same observations and the same
admissible region; a sequential procedure that fixed earlier breaks before adding the next would not
have this property and would need the sup-F machinery that is not implemented. Neither criterion

yields a confidence set for the break dates; the text reports the agreement of the two selections and
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the sensitivity to the truncation month instead.

C.3. PELT: cost, penalty and pruning

Objective. With the ¢, cost € (y;.;) = Z{:—il (¢ —i-j)? for a segment [i, j) and a penalty A > 0 per
changepoint, the problem of equation (49) of Part IV is

m+1
Fp) = min {k);l (Vo im) +/lm}7 (72)
and, by the same additivity argument as in Section C.2, it satisfies the optimal-partitioning recursion
of Jackson et al. (2005),

FO)=-,  F(j) = min {F()+€ (i) +2}, (73)
where the number of breaks is not fixed in advance but chosen by the penalty; the convention
F(0) = —A cancels the penalty charged to the first segment. Solving (73) for all j costs O(n?) cost

evaluations.

The pruning condition. Killick et al. (2012) observe that if there exists a constant K such that for
alli< j<l
C(ij) +C(yj) +K < Cia), (74)

then any candidate i for which
F(i)+ € (vij) +K > F(j) (75)

can never be the last changepoint before any later / > j and may be discarded from the candidate set.
The proof is two lines. For [ > j, by (74) and (75), F (i) + € (yi1) + A > F(i) + € (yi.j) + € (yju) +
K+ A > F(j)+ € (yj.1)+ A, so the partition that places a changepoint at j after the optimal prefix
of [0, j) is at least as good as any that ends its last segment at i; hence i never needs to be examined
again. For the ¢, cost, (74) holds with K = 0, because adding a split point to a segment can only
reduce its residual sum of squares (the split model nests the unsplit one). The recursion with pruning
examines, at each j, only the candidates not yet discarded; under the regularity conditions of
Killick et al. (changepoints whose number grows linearly with n) the expected number of surviving
candidates is bounded and the total cost is linear in n, whence the name. For a short series with few
changes, as here, the pruning saves little and the method is simply an exact solution of (72); the
point of using it is exactness at a given penalty, not speed. The implementation (ruptures.Pelt,

Truong et al., 2020) is called with model="12", min_size=6 and jump=1, the last two restricting
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segments to at least six months and allowing a changepoint at every index; the library returns the

segment end points including »n, which the wrapper drops.

The penalty 262logn. Suppose the observations are independent Gaussian with piecewise-
constant mean and a common variance 2. Twice the negative log-likelihood of a partition, up
to a constant, is 62 Y % (yz,_,:v,)- Each additional changepoint adds two parameters, a segment
mean and a position, so the Schwarz criterion in this scale adds 2logn per changepoint. Multiplying

through by o to express the criterion in the units of the cost gives

Z%(yfkfl;fk) +20%logn - m, (76)
k

which is (72) with A = 262 logn. The implementation replaces 6 by the sample variance of the
whole series, @r(y) =n"'Y,(y; —7)? (numpy.var, population form). This is the conservative
choice discussed in Part IV: in a series with a trend or with genuine level shifts, the overall variance
exceeds the within-segment variance, so the penalty is larger than the within-segment Schwarz
penalty and fewer changepoints are declared. Yao (1988) proves that the Schwarz criterion, with a
known or consistently estimated 62, selects the true number of changes with probability tending to
one in the piecewise-constant Gaussian model; the result does not extend to a series whose mean
is a trend, for which a piecewise-constant fit must spend changepoints to track the slope, and the
PELT dates of this study are read with that in mind.

C.4. Bayesian online changepoint detection

Conjugate updates. Within a run the observations are modelled as y | u,6% ~ .4 (u,6?) with
the Normal-Inverse-Gamma prior i | 6% ~ A (Uy, 62 /Ko), 6> ~ 1G(0, Bo), whose joint density
is proportional to

. Bo  Ko(k—po)?
(62)~% 3/2exp{—6—°2—°T}. 77

Multiplying by the likelihood of one observation y, proportional to (62)~ /2 exp{ —(y—u)?/(262)},
and completing the square in U,

2 2 Koo +3\2 | Ko(y — o)’
— +— = +1 ( ——> +—, 78
Ko(i = po)™+ = p)” = (o + 1) {1 == =7 P— (78)
shows that the posterior is again Normal-Inverse-Gamma with
Koo +y | Ko(y — Ho)°
=—— K =Kk+1, a=0+;, =Po+—— 79
1T et 1 =Ko 1=0+5, Bir=Po 2k + 1) (79)
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which are the four one-step updates of the implementation (mu_new, kappa_new, alpha_new,
beta_new). Applying (79) r times and collecting terms gives the batch form quoted in Part IV, with
K, = Ko+7r, U= (Koo + 1Y)/ K, O = Olg+r/2 and B, = ﬁ0—|—%zi§r(yi—)7)2—}— Kor(y—/,to)z/(ZKr);
the equality of the two forms is a matter of algebra (induction on r) and is the reason the online

recursion can be trusted to reproduce the batch posterior.

Student-7 predictive. The predictive density of the next observation integrates the Gaussian
likelihood against the current Normal-Inverse-Gamma posterior. Integrating u first gives y | 62 ~

N (Uy,0%(141/k,)); integrating 6> ~ IG(«,, B,) against this scale mixture of normals gives

LR

r

BUSHD) g

p(ylr) = /«/V<y; Uy, O K

)1G(0% 0, 8,)do? = brq, (i

a Student-¢ density with 2, degrees of freedom, location p, and squared scale f,(x,+1)/(a, k;):
the standard result that a normal with inverse-gamma mixing on the variance is a ¢t with degrees
of freedom twice the shape and scale equal to the rate over the shape times the normal’s variance
factor. The code evaluates (80) through scipy.stats.t.pdf with df = 2*alpha and scale =
sqrt (betax* (kappa+1)/(alphaxkappa) ), vectorised over the run lengths.

Run-length recursion and the mass on r =0. Let R,(r) = P(r; = r | y1.1) be the filtered run-
length posterior after ¢ observations, with Ry(0) = 1, and let m,(r) = p(y;+1 | s = r,y1.1) be the
predictive (80) evaluated with the hyperparameters of the run of length » ending at . With a constant
hazard H (a geometric prior on run lengths), the joint recursion of Adams and MacKay (2007) is,

for the growth and the change moves,
1
Ri1(r+1)=R,(r)m(r)(1-H), Ri11(0) =Y R(r)m(r)H, (81)
r=0

followed by normalisation, R, y1(r) = R.1(r)/ Yy Ri1(¥'). Write Z, = Y. R,(r)m(r) for the
marginal predictive likelihood of y,1. Then ¥,~R,+1(r) = (1 —H)Z and R,11(0) = HZ,, so

the normaliser is Z; and

B HZ,
 HZ+(1—-H)Z

R;+1(0) = H for every . (82)

The filtered probability that a changepoint occurs at the current step therefore equals the prior
hazard identically, whatever the data: the run-length posterior carries information about where the
last change was only through the relative masses at r > 1, which are reweighted by the predictive

likelihoods, and not through the mass at » = 0, which the constant hazard fixes. This is why the
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detection statistics of Part IV are not R, (0). The first, P(r; <3| y14) = ¥o_o R (r), is H plus the
mass on runs of length one to three, that is, on changes that occurred one to three months earlier
and have since accumulated evidence; its value exceeds H only when the recent observations
are better explained by a fresh run than by the continuation of the old one. The second is the
maximum-a-posteriori run length 7, = argmax, R;(r), whose resets from a value above twelve to
a value at most two are the online detector’s changepoints. The implementation keeps the full
(n+1) x (n+1) matrix R, adds 1073% to the normaliser against underflow, and initialises 1o and Sy
from the first six observations with Ky = o = 1; the prior mean run length 1/H = 60 months is the
only tuning constant. The recursion is the filtered one; the smoothed posterior of Fearnhead (2006)
would require a backward pass and answers the retrospective question that the offline methods of
Sections C.2 and C.3 already address.

C.5. The Gini coefficient: rank form and Lorenz form

Letc(y <cpy <+ < c( ) be the citation counts of the n works of a publication year sorted in
ascending order, S =} ;¢(; > 0 their total, and L; = }. ;<; ¢(j /S the cumulative share held by the
i least-cited works, with LO =0and L, = 1. The Lorenz curve (Lorenz, 1905) is the polygon
through the points (i/n,L;), and the Gini coefficient is defined as one minus twice the area A under

it (Ceriani and Verme, 2012). By the trapezoidal rule, which is exact for a polygon,

nopoL 1+L 1/ & 1 1
A= ZIZ kS e S E(ZZL,-L”) = EZL,-—%. (83)
1

i=1 i=1

Exchanging the order of summation in ) ; L;,

n 1 n i 1 . 1 1 .
Y=Y Yy = g X0itey = b)Y e, 69
= 1=1j= J= J=
so that ( ) " 2y
2(n+1 2 . 1 1JC n+1
G=1-2A=1-"“—+"“~4+— N o= o= — 85
n +nS].:Z’IJC(JH_n ny;c n ' 83)

which is equation (29) of Part IV and the expression that bibliometrics/03_citation_impact.py
evaluates in SQL, the rank j being the window function row_number () partitioned by year and
ordered by the citation count and then by the work identifier. The secondary ordering by work
identifier is needed only to make the rank a permutation when counts tie; since tied values receive
consecutive ranks and contribute ¢ - (j+ j') to the numerator whichever of the two tied works gets
the smaller rank, the value of G does not depend on how ties are broken. The bounds follow from
(85): G =0 when all ¢(;) are equal (then }; jc(;) = cn(n+1)/2 and the two terms cancel), and
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G = 1 — 1/n when a single work holds all citations (then ) jJje(j) = nsS), so the maximum attainable
value is 1 — 1 /n rather than one and the coefficient is not normalised by that factor. Uncited works
enter with ¢ ;) = 0 at the lowest ranks; adding « uncited works to a year leaves ). ; jc(;) shifted by
uS and n increased by u, and one checks from (85) that G increases, which is the direction stated in

Part IV and the reason the uncited share accompanies the coefficient in the tables.

C.6. Rao-Stirling and Leinster—Cobbold at order two

Let p € RX be a probability vector over categories, & ; €[0,1] a dissimilarity with 6; = 0, and
Z = (z;;) the similarity matrix z;; = 1 — 9;;, so that z; = 1. The Rao-Stirling index (Rao, 1982;
Stirling, 2007) is Ars(p) = Lz PiPj0ij = p ' Ap with A = (§;;), the diagonal contributing noth-
ing. The Leinster—Cobbold diversity of order g (Leinster and Cobbold, 2012) is 9D?(p) =
(Zi:pi>0pi(Zp)?71) V=4), a¢ q = 2 the exponent 1/(1 —¢g) = —1 and the inner power is one,

SO

(86)

Since Z=11" — A entrywise (using z;; = 1 = 1 — §;; on the diagonal as well), and pTllT p=
(Tipi)* =1,

1

T T 2nZ
p Zp =1—p Ap = 1—Agrs(p), hence D (p) = ———,

(87)
the identity quoted in Part IV. It shows that at order two the two families carry the same information:
2D? is a strictly increasing function of Agg on [0, 1), and the ordering of years or categories by either
index is the same. They differ in scale and in behaviour near saturation. Agrg is bounded by the
mean dissimilarity and compresses differences among very even distributions; 2D is an effective
number of categories, equal to K for the uniform distribution over K mutually dissimilar categories
(Ars = 1 — 1/K) and to one for a distribution concentrated on a single category (Agrs = 0), and it
expands the compressed end. The identity requires only z;; = 1 and z;; = 1 — §;;; it does not require
0 to be a metric, and the dissimilarity used, one minus a cosine similarity of category centroids,
is not one. The script bibliometrics/04_diversity_cagr.py computes both quantities from
the yearly category mix exactly as (87) prescribes, Ags = p' (1 — Z)p with the diagonal of Z set
to one and 2D% = 1 / (pTZp), and attaches a percentile bootstrap interval to Arg by multinomial
resampling of the works over categories (B = 500, seed 44), which is the sampling model under
which the category counts of a year are a multinomial draw of fixed size; the interval of 2D* follows

by the monotone transformation.
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C.7. Modularity of a directed weighted graph at a fixed partition

Let W € RI%K be the flow matrix of a citing year, W;; the number of citations from category i
to category j, with m =} ;; W;;, out-strength kKMt =y ;Wij and in-strength kij“ =YW, and let
g:{l,....,K} — ¢ be a given assignment of categories to communities. The statistic implemented

by modularity() in knowledge_graph/02_category_flows.py is

outzin

m

0W.9) = ¥ (Wi~ L) lg =gl )
iJ
the directed form of Leicht and Newman (2008), which reduces to the Newman—Girvan modularity
(Newman and Girvan, 2004) when W is symmetric (then kX°"* = k'™ = k and m = 2|E| for an
unweighted graph). Three facts are used in Part IV. First, the null term is the expected weight
of the edge i — j under random rewiring that preserves every node’s out- and in-strength in
expectation: a configuration model in which each of the m units of weight leaves node i with
probability k"' /m and enters node j with probability kij“ /m independently gives expected weight
m - (k" /m) (k] /m) = k"K' /m, and summing over j recovers k', so the null model has the
observed strengths. Second, Q vanishes when all nodes are in one community: then the indicator
is identically one and };; W;; = m =} ;; k?“tkijn /m. Third, writing ege = Y, j.g.—¢.— Wij/m for the
out __

fraction of weight inside community g, dp" =Y ;0. —¢ k" /m and ajg“ likewise,

0 =Y (eg—alal), (89)

geYy

sothat Q <Y,ece<land Q0> -}, aguta;;,“ > —1; the value is positive when more weight stays
inside communities than the strength-preserving null predicts. The self-share reported alongside,
tr(W)/m = Y ;e;; at the category partition, is the first term of (89) alone and differs from Qc, by
the correction Y ; a?uta}“, which grows with the concentration of flows on a few large categories.
For the area partition, (89) is summed over the eight areas with e, the within-area share, which
is one minus the cross-area share X ; of Part IV weighted by the area’s out-strength; Qgrea 18
therefore a strength-weighted, null-corrected average of the within-area shares, and a fall in Qyey
can arise from a rise in boundary crossing or from a shift of out-strength toward areas whose a%"'a!?
is large. Because the partition is fixed rather than optimised, none of the resolution-limit results for
maximised modularity (Fortunato and Barthélemy, 2007) applies; Q is here a descriptive index and
its comparison across years is meaningful only because the partition and the category definitions

are the same in every year.
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C.8. Krippendorff’s o with the MASI distance

General form. Krippendorff’s o (Hayes and Krippendorff, 2007; Artstein and Poesio, 2008) is
defined for any difference function d(v,v’) > 0 on the values that coders may assign, with d(v,v) =0,
as

o=1-—— (90)

where D, is the mean difference between the values assigned to the same unit by different coders
and D, the mean difference between all pairs of values in the pooled data, irrespective of unit. With
two coders A and B rating each of n units, the pooled set contains N = 2n values and
1 & 1 1
D, = . Zd(au,bu), D, = m Z d(vc,vcf) = m Z d(vc,vcx), 91)
u=1 c#c! 2) c<c!

the second equality using the symmetry of d. The coefficient is one when the coders agree on
every unit (D, = 0), zero when the within-unit differences are what chance pairing of the pooled
values would produce (D, = D,), and negative when disagreement is systematic. Unlike Cohen’s k,
which compares observed agreement with the product of the two coders’ marginals, ¢ pools the
two coders’ values into one distribution for its chance term, so it does not reward coders for having
different marginal distributions; this and its accommodation of arbitrary difference functions are the

reasons it is the recommended coefficient for set-valued annotation (Artstein and Poesio, 2008).

The MASI distance. For set-valued labels x,y C ¢, Passonneau (2006) defines the Measuring
Agreement on Set-valued Items distance as

[xNy
dMASI xX,y) = 1_J'x7y Mx7y7 uny = )
(60) = T=Jen) M), Jlr) = [

p

1 xX=y,

2/3 xCyoryCu,
M(x,y) = , . (92)
1/3  xNy # 0 and neither contains the other,

0 xNy =20,

\

the Jaccard similarity attenuated by a monotonicity factor that distinguishes nesting from mere
overlap. The distance is zero only for identical non-empty sets, equals one for disjoint sets, and
treats the pair (empty, empty) as identical (d = 0) by the convention of the implementation, which
returns zero before computing J for two empty sets; the pair (empty, non-empty) has J = 0 and
d=1.
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What the code computes. taxonomy/validate_sample.py forms, for the two raters, the ob-
served term as the mean of dﬁ/l agy over the n rated works and the expected term as the mean of
d3y sy 0ver all unordered pairs of the 21 pooled label sets (exhaustively when 2n < 1200, otherwise
over 200,000 random ordered pairs with i # j, seed 44), and reports 1 — D, /D,. Two remarks
make this precise. The code uses the constants 0.67 and 0.33 for the monotonicity factor rather
than 2/3 and 1/3, a rounding of the published definition that changes distances by at most 0.0034.
More consequentially, it squares the MASI distance before averaging, that is, it applies (90)—(91)
with d = dl%,[ as- Krippendorff’s interval metric is the squared difference, and the code’s comment
describes the computation as the “interval form on the MASI distance”; Passonneau, in contrast,
plugs dmasi itself into the o formula, and the agreement packages that implement MASI follow
her. The two conventions yield different numbers from the same ratings—squaring compresses
small disagreements and so, as a rule, raises & when most disagreements are partial—and the value
reported in Part IX is the squared-distance version, labelled as such. Both are legitimate instances
of (90); what is not legitimate is to compare the reported value with published MASI-o figures
without this caveat. The mean Jaccard index reported next to it is n=' Y., J(a,, b,) with 0/0 = 0 and
is a raw agreement rate with no chance correction. Both statistics are computed on the full rated
sample and not on the 200-work subsample reserved for the principal investigator, whose verdicts

will add a third coder to (91) once checkpoint H-2 is signed.

C.9. The multi-label score rule and the tie-break as a total order

Score. For a work w and a category k the implementation (taxonomy/classify.py, score_row)

computes five components, one per signal type ¢ € {T,F,X,D,kw},

sp(w) = min{l, Y a),f(x)} (o #kw), (93)
xeo(w)

s (w) = min{l, ) o1]r matches (])(w)]}, (94)
(r,a),qb)ERk

where o(w) is the set of the work’s topic, subfield, arXiv category or DBLP stream identifiers
(Python set (), so a repeated identifier contributes once), and the keyword loop stops at the first
rule that brings the running sum to one, which is equivalent to the capped sum. The score is
sk(w) = Lo 57 (w) € [0,5]; a category with s (w) > 6 = 1 is then vetoed if any exclusion pattern
of Z; matches the concatenation of title and abstract, in which case its score is set to zero and it is
not assigned. The set of assigned categories is C(w) = {k : sg(w) > 0, not vetoed}, and the stored
score of an assigned category is s;(w) rounded to three decimals. Two elementary properties justify
the reading given in Part IV. The cap makes each component a bounded, monotone, subadditive

function of the matched weights: adding a signal never lowers a component, and no number of
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signals of one type can contribute more than one. And because the threshold equals the cap, a single
weight-one signal of any type suffices for assignment while signals of weight below one require
corroboration from a different type; formally, s;(w) > 1 holds if and only if either some component

reaches one or the sum of the (uncapped) components across at least two types reaches one.

Primary category as the minimum of a total order. Let &(w) = Uec(w) parents(k) be the
set of categories declared parents of at least one assigned category (the child_of relation of the

ontology). The implementation sorts the assigned categories by the key
¢(k) = (—s¢(w), 1k € Z(w)], number(k)) € R x {0,1} x N (95)

in lexicographic order and takes the first element; this is k*(w) = arg MiNec(y) ¢ (k) and coincides
with the lexicographic arg-max of Part IV (the sign of the first component reversed). The lexico-
graphic order on R x {0, 1} x N is a total order, and ¢ is injective on .# because the ontology
numbers are distinct, so the restriction of ¢ to C(w) has a unique minimum whenever C(w) # 0: the
primary category is well defined and does not depend on the order in which categories are scanned.
The second component implements “child before parent”: if k and k’ are both assigned with equal
scores and k' is a declared parent of k, then k' € &2(w) while k may not be, and k precedes k. The
rule is not transitive in the sense of a hierarchy, however. Membership in &?(w) depends only on
whether k is the parent of some assigned category, not of the specific competitor; a category that is
the parent of a low-scoring assigned child is demoted in the tie against an unrelated category of
equal score. This is a property of the key as implemented, stated here so that the primary counts
of Part IX are read with it; it affects only exact ties in a score rounded to three decimals, which
are frequent precisely among the categories whose signals are weight-one keywords. The third

component, the ontology number, is arbitrary and makes the order total; no claim is attached to it.

C.10. The emerging-topic label and the absence of look-ahead

Filtrations. Index months by integerst =0, 1,...,M (January 2018 to the last complete month)
and let the panel of experiments/emerging_detection.py be the pair of arrays ny, (eligible
month-precision works of topic k with first month #) and ¢, (internal citations received by works of

topic k from works with first month ¢). Define the filtration
97‘ = G(”k,l? Clk,t t ke <%/t0p7 tS T)7 (96)

the information contained in the panel columns up to and including month 7'. A statistic is available

at T if it is #r-measurable. Each of the six features of Part IV is a function of sums of panel
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entries over windows (a,b] with b < T: g}%. uses (T —24,T], accy 1 uses (T —36,T], zx. uses
[T —27,T], city 7 uses (T —24,T] of c, shafekI uses (T —12,T] of every topic, and age; 7 uses
the cumulative sum up to 7. All are .%7-measurable by construction. The implementation enforces
this by index arithmetic (win(a, lo, hi) slices columns lo+1 to hi inclusive with hi = T_idx),

not by convention.

Label. The label ¢; 1, of equation (61) is a function of Vi (T —h,T|, Vi(T,T + h|, Vi(T —12,T]

fut gver eligible topics; it is therefore .#r_,-measurable and,

and of the within-cutoff decile of g
because it depends on columns strictly after 7', not .#7-measurable. The feature—label pair at
cutoff 7 thus has the structure of a prediction problem: predict an .%7 . ;-measurable outcome
from an .%r-measurable input. The eligibility condition Vi (T — 12,T] > 20 is .#7-measurable, so

conditioning on it does not leak the outcome.

Separation of training and test. Let .75 and .7 be the training and test cutoffs. Every quantity
used to fit a model—features, labels and the standardisation constants of the scaler, which is

fitted on training rows only—is Fruv | ,-measurable with Tt

max = max 7. The implementation

takes as candidate cutoffs every third month of the panel, which begins in January 2018 (January,
April, July and October of each year), and admits as training cutoffs those from December 2019
up to December 2021 for 4 = 12 and up to December 2020 for & = 24; the realised training
cutoffs therefore run from January 2020 to October 2021 (h = 12) or to October 2020 (h = 24),
so that TY.. + h is October 2022 in both cases, and the first test cutoff is January 2023 (the last
is October 2024 at most, subject to the censoring condition below). The realised lists are written
to results/emerging/metrics_h12. json and metrics_h24. json under train_cutoffs and
test_cutoffs. Hence

T +h < minZ, 97)

and the fitted predictor is measurable with respect to a o-field that precedes every test feature, let
alone every test label, which closes at max %, +h < M. Condition (97) is the formal content of
“out of time” in the sense of Bergmeir and Benitez (2012); it is stricter than the plan’s wording,
which allowed training cutoffs through 2022; the code’s rule is the one that guarantees (97), and
Part IV describes the same rule. The test cutoffs are further restricted to those with 7+ h < M, so
that no test label is right-censored.

What measurability does not cover. The filtration (96) is generated by the panel, and the panel
is built once, in 2026, from a corpus whose topic assignments, eligibility flags, linkage and month-
precision filter were all fixed with knowledge of the whole period. Formally, the random objects ny ;

themselves are not .%;-measurable functionals of the literature as it stood at ¢: they are functionals
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of the literature as OpenAlex indexed and classified it by October 2026. The statement proved above
is therefore conditional: given the 2026 panel, no feature at 7" uses a column after 7 and no training
quantity uses a column at or after the first test cutoff. It is not the statement that an observer in 2021
could have computed the training set, which would require a topic vocabulary and a corpus frozen
in 2021. Part IV draws the distinction and names the cluster-based extension that would narrow it;

the derivation here makes precise which half of the claim is proved and which is assumed.

D. Data Dictionary

This appendix defines every column of every table that the analyses of Parts VIII-IX read, in the
order in which the pipeline creates them (Appendix G gives the commands). The dictionary was
derived from the code rather than from the data: the Arrow schemas declared in the ingestion scripts
and the SELECT lists of the DuckDB statements are the sources, and a column is described as the
code computes it, including the conventions that the raw sources do not share (integer identifiers,
lower-cased DOIs, booleans that are never null). A reader who wants to recompute an indicator of
Part IX should be able to do so from this appendix and the released aggregate tables without reading
the scripts.

D.1. Conventions

Identifiers. OpenAlex identifiers are stored as integers with the entity letter removed: https://
openalex.org/W2741809807 becomes the int64 value 2741809807, and the same rule applies to
authors (A), institutions (I), sources (S), topics (T), subfields, fields, domains and funders (function
0oid in build_corpus.py; a tail that is not numeric yields a null). DBLP records are identified
by their DBLP key (conf/nips/VaswaniSPUJGKP17), arXiv records by the bare arXiv identifier
without version suffix and in lower case (2303.08774, cs/0112017), ACL Anthology entries by
their anthology identifier (2020.acl-main.207). DOIs are stored without the https://doi.org/
prefix and in lower case, on every side of every linkage.

Types. Types are Apache Arrow types as declared in the schemas (int64, int32, int16,
float32, bool, string, list<string>, list<int64>); DuckDB-created tables use the cor-
responding DuckDB types (BIGINT, INTEGER, DOUBLE, BOOLEAN, VARCHAR). Dates are ISO-8601
strings (YYYY-MM-DD); a missing date is null, never a sentinel. Booleans produced by build_
corpus.py are coerced with bool () and are therefore never null (a missing flag reads as false);

booleans produced by DuckDB expressions can be null only where the definition says so.
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Files and views. The normalised OpenAlex tables are written as one Zstandard-compressed
Parquet file per snapshot part (data/processed/tables/<table>/<part>.parquet), then com-
pacted into one file per table (data/processed/compact/<table>.parquet) because DuckDB
could not open 1,898 files per table within the macOS file-descriptor limit (incident I-2, Appendix G).
The second snapshot pass writes the same tables with the suffix _p2; 1ink_sources.py exposes
each table as a DuckDB view oa_<table> that unions the two passes by column name. The
raw-source tables are exposed as dblp_raw, arxiv_raw, acl_raw and oa_slim. The database file
is data/processed/wp44.duckdb; it is a derived artefact and is not redistributed, whereas every

table it contains can be rebuilt from the Parquet files.

Reading the tables.
an OpenAlex JSON path (for instance primary_topic.subfield.id) for fields copied from

Each dictionary table lists the column, its type, its definition and its source:

the snapshot, a DBLP, arXiv-OAI or BibTeX element for the other sources, or the derivation for

computed columns. Columns are listed in schema order.

D.2. Raw-source tables

The four raw sources are parsed once each into a Parquet table that keeps the source’s own
vocabulary; nothing is harmonised at this stage except the identifier conventions above. The
OpenAlex slim table is the only table that covers every work of the snapshot, not only computer
science; it exists so that references to works outside the corpus can be resolved to a publication year,
type and field (Section D.7).

Table 35. slim (data/raw/openalex/works/slim/*.parquet, compacted to compact/slim_all_
works.parquet; DuckDB view oa_slim): one row for every work of the OpenAlex snapshot (openalex_
snapshot.py, SLIM_SCHEMA).

Column Type Definition Source
id int64 OpenAlex work identifier (letter stripped) id
doi string DO, lower case, prefix removed; null if ab- doi

sent

publication_year int32 Publication year publication_year
publication_date  string Publication date, YYYY-MM-DD publication_date
type string OpenAlex work type (article, preprint, type

conference-paper, ... )
cited_by_count int32 Citations received, all years, as of the snap- cited_by_count

shot
primary_topic_id int32 Primary topic primary_topic.id
primary_ int32 Subfield of the primary topic primary_topic.subfield.
subfield_id id
primary_field_id int32 Field of the primary topic (17 = Computer primary_topic.field.id

Science)
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Table 35. s1im (continued).

Column Type Definition Source
primary_domain_ int32 Domain of the primary topic primary_topic.domain.id
id
cs_any_topic bool True if any of the work’s topics, or its pri- topics[].field.id,
mary topic, is in field 17 primary_topic.field.id
is_xpac bool OpenAlex “extended publication and cita- is_xpac
tion” flag (records of lower provenance)
is_oa bool Open-access flag open_access.is_oa
is_retracted bool Retraction flag is_retracted
language string ISO language code language
source_id int64 Source (venue) of the primary location primary_location.source.
id
n_refs int32 Number of referenced works length of referenced_works
n_authors int32 Number of authors authors_count, else length of
authorships
has_abstract bool True if an inverted-index abstract is present abstract_inverted_index #
null
fwci float32 Field-weighted citation impact as computed fwci

by OpenAlex

Table 36. dblp_publications (data/raw/dblp/dblp_publications.parquet; view dblp_raw): one
row per DBLP publication record of every year (dblp_parse.py). Record types www are skipped.

Column Type Definition Source
key string DBLP record key, unique element attribute key
rec_type string Record type: article, inproceedings, pro- element name
ceedings, book, incollection, phdthesis, mas-
tersthesis, data
mdate string Last modification date of the record attribute mdate
publtype string Publication sub-type (e.g. informal, survey, attribute publtype
withdrawn); null if absent
title string Title, inner markup flattened to text <title>
year int32 Year <year>
authors list<string>  Author names in order <author>
author_pids list<string>  DBLP person identifiers of the authors <author pid=...>
editors list<string>  Editor names <editor>
journal string Journal name (articles) <journal>
booktitle string Proceedings or book title <booktitle>
volume, number, string Bibliographic locators <volume>, <number>, <pages>
pages
publisher, series string Publisher and series <publisher>, <series>
doi string DOI when DBLP records one <ee> with a doi.org URL
ee list<string>  Electronic-edition URLs (DOI, arXiv, pub- <ee>
lisher)
url string DBLP-internal URL (table of contents) <url>
crossref string Key of the enclosing proceedings or book <crossref>
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Table 36. dblp_publications (continued).

Column

Type

Definition

Source

stream

string

Venue stream: the key with its last path com-
ponent removed (conf/nips, journals/
corr); null if the key has no slash

derived from key

Table 37. arxiv_cs (data/raw/arxiv/arxiv_cs.parquet; view arxiv_raw): one row per arXiv record
of set cs harvested by OAI-PMH with the arXiv metadata format (arxiv_oai.py); records returned in
several monthly windows are kept once, the latest datestamp winning.

Column Type Definition Source

arxiv_id string arXiv identifier without version <id>

datestamp string OALI datestamp (last update of the record) header <datestamp>
created string Date of the first submitted version <created>

updated string Date of the latest version <updated>

title, abstract string Title and abstract <title>, <abstract>
authors list<string>  Author names <authors>/<author>
categories list<string>  All categories (primary first, then cross-lists) <categories>
primary_category  string First category first token of <categories>
comments, string Author comments and journal reference <comments>, <journal-ref>
journal ref

doi string DOI declared by the authors <doi>

license string Licence URL of the e-print <license>

report_no, msc_ string Report number, MSC and ACM classes corresponding elements
class, acm_class

set_specs list<string>  OAI set memberships header <setSpec>

Table 38. acl_anthology (data/raw/acl/acl_anthology.parquet; view acl_raw): one row per entry
of the ACL Anthology BibTeX export with abstracts (acl_parse.py). All fields are strings copied from the

BibTeX entry; braces are removed.

Column Type Definition Source

acl_id string Anthology identifier (BibTeX citation key)  entry key

entry_type string BibTeX entry type (inproceedings, article, entry type
proceedings, ...), lower case

title, author, string Title, author list, editor list as written in Bib-  fields

editor TeX

booktitle, string Venue fields

journal

month, year string Month and year (year is cast to integer in  fields
acl_keys)

address, string Place and publisher fields

publisher

url, doi string Anthology URL and DOI fields

pages, volume, string Locators fields

number
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Table 38. acl_anthology (continued).

Column

Type

Definition

Source

abstract

string

Abstract when the export carries one

field

D.3. Normalised OpenAlex tables

build_corpus.py reads the full JSON record of every work retained by the snapshot filter (any

topic in field 17 and publication year 2018-2026, or, in the second pass, membership of the list of

DBLP- and arXiv-linked identifiers) and writes nine relational tables. The works table has one row

per work; the eight others are one-to-many and are keyed by work_id. Nested JSON is flattened

without loss of the fields used downstream; fields not listed here (for instance sustainable_

development_goals, mesh, concepts) are not extracted.

Table 39. works (compact/works.parquet; view oa_works): one row per OpenAlex work of the CS
extraction (build_corpus.py, schema S["works"]).

Column Type Definition Source
id int64 Work identifier id
doi string DOI, lower case, prefix removed; null if doi
empty
title string Title; display_name when title is ab- title, display_name
sent
publication_year int32 Publication year publication_year
publication_date string Publication  date; OpenAlex sets publication_date
YYYY-01-01 when only the year is
known (see date_precision, Table 45)
created_date string Date the record was created in OpenAlex’s created_date
current data model; for most works it re-
flects a re-ingestion in the second half of
2025 rather than first indexing, and it could
not be used for the indexing-lag profile
(Part III, Section 12)
updated_date string Last update, date part only updated_date[:10]
type string OpenAlex work type type
type_crossref string Crossref type when the record has one type_crossref
language string ISO language code language
cited_by_count int32 Citations received, all years, at snapshot cited_by_count
date
fwci float32 OpenAlex field-weighted citation impact fwci
citation_ float32 Citation-normalised percentile citation_normalized_
percentile percentile.value
is_topl, is_topl0 bool Top 1 % / top 10 % flags of that percentile ~ ...is_in_top_1_percent,
...is_in_top_10_percent
is_oa bool Open-access flag open_access.is_oa
oa_status string gold, green, hybrid, bronze, diamond, open_access.oa_status

closed
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Table 39. works (continued).

Column Type Definition Source
license string Licence of the best OA location, else of the best_oa_location.license,
primary location primary_location.license
is_retracted bool Retraction flag is_retracted
is_paratext bool Paratext flag (front matter, tables of con- is_paratext
tents)
is_xpac bool Extended-provenance flag is_xpac
n_refs int32 Number of referenced works in the record  length of referenced_works
n_authors int32 Number of authors authors_count, else length of
authorships
n_institutions int32 Number of distinct institution identifiers authorships[].
over all authorships institutions[].id
n_countries int32 Number of distinct country codes over all authorships[].countries
authorships
countries list<string>  Sorted distinct country codes authorships[].countries
institution_types list<string> Sorted distinct institution types (education, authorships[].
company, government, ... ) institutions[].type
primary_topic_id int32 Primary topic primary_topic.id
primary_subfield_  int32 Subfield of the primary topic primary_topic.subfield.
id id
primary_field_id int32 Field of the primary topic primary_topic.field.id
primary_domain_id  int32 Domain of the primary topic primary_topic.domain.id
cs_primary bool Primary topic in field 17 primary_topic.field.id
cs_any bool Any topic in field 17 topics[].field.id
source_id int64 Venue of the primary location primary_location.source.
id
source_name string Venue name primary_location.source.
display_name
source_type string journal, conference, repository, ebook plat- primary_location.source.
form, ... type
host_organization string Publisher or host organisation of the venue primary_location.source.
host_organization_name
is_in_doaj bool Venue listed in DOAJ primary_location.source.
is_in_doaj
arxiv_id string arXiv identifier: from ids.arxiv; else ids.arxiv, doi,
from a DOI of the form 10.48550/arxiv. locations[].landing_
<id>; else from an arxiv.org/abs or / page_url, locations[].pdf_
pdf URL among the locations, version suf- url
fix removed
pmid string PubMed identifier (tail of the URL) ids.pmid
mag string Microsoft Academic Graph identifier ids.mag
has_abstract bool An abstract could be reconstructed abstract_inverted_index
has_fulltext bool OpenAlex has indexed full text has_fulltext or has_
content
n_locations int32 Number of locations (hosting copies) length of locations
indexed_in list<string> Indexes that list the work (crossref, pubmed, indexed_in
doaj, arxiv, ...)
referenced_works_  int32 Reference count declared by OpenAlex; referenced_works_count
count falls back ton_refs
n_grants int32 Number of grant entries length of grants
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Table 39. works (continued).

Column Type Definition Source

apc_paid_usd int32 Article-processing charge paid, USD, when apc_paid.value_usd
known

is_authors_ bool Author list truncated by OpenAlex is_authors_truncated

truncated

part string Snapshot part file of origin (updated_ file name
date=...__part_NNNN)

Table 40. authorships (view oa_authorships): one row per (work, author position).

Column Type Definition Source

work_id int64 Work id of the work

position int32 Zero-based index in the authorship list list index

author_position string first, middle or last authorships[].author_
position

author_id int64 OpenAlex author authorships[] .author.id

author_name string Author display name authorships[].author.
display_name

orcid string ORCID URL when known authorships[].author.
orcid

is_corresponding bool Corresponding-author flag authorships[].is_
corresponding

institution_ids list<int64>  Institutions of this authorship, in order authorships[].
institutions([].id

institution_names list<string> Their display names ...institutions[].
display_name

institution_types list<string> Their types ...institutions[].type

countries list<string>  Country codes of this authorship authorships[].countries

n_raw_ int32 Number of raw affiliation strings length of authorships[].raw_

affiliations affiliation_strings

Table 41. Small one-to-many tables of the CS extraction: work_topics, work_keywords, references,
abstracts, grants, counts_by_year (views oa_<table>). Every table carries work_id (int64) as its
first column.

Column Type Definition Source

work_topics: one row per topic of the work, at most three

rank intl6 Zero-based position in the topic list (0 = list index

primary)
topic_id int32 Topic topics[].id
score float32 OpenAlex topic score topics[].score
subfield_id, int32 Hierarchy of the topic topics[].subfield.id,
field_id, domain_ .field.id, .domain.id
id

work_keywords: one row per OpenAlex keyword

continued on next page
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Table 41. Small one-to-many tables (continued).

Column Type Definition Source
keyword string Keyword display name keywords[] .display_name
score float32 Keyword score keywords[].score

references: one row per referenced work (the citation graph)
ref_id int64 Cited work identifier; may lie outside the
CS extraction

abstracts: one row per work with an abstract

abstract string Abstract text rebuilt by sorting the inverted
index by position and joining with spaces
n_words int32 Number of whitespace-separated tokens

grants: one row per grant entry

funder_id int64 Funder
funder_name string Funder name
award_id string Award identifier

counts_by_year: one row per (work, calendar year) with citations received
year intl6 Calendar year of the citing works
cited_by_count int32 Citations received in that year

referenced_works[]

abstract_inverted_index

derived

grants[].funder
grants[].funder_display_
name

grants[].award_id

counts_by_year[].year
counts_by_year[].cited_
by_count

Table 42. 1ocations (view oa_locations): one row per hosting location of the work.

Column Type Definition Source
work_id int64 Work id of the work
rank intl6 Zero-based position in the location list list index
is_primary bool Landing-page and PDF URLs equal those derived
of primary_location
is_best_oa bool Landing-page URL equals that of best_ derived
oa_location
source_id, source_ int64, Venue of the location locations[].source.id,
name, source_type string .display_name, .type
landing_page_url,  string URLSs locations[].landing_page_
pdf_url url, .pdf_url
is_oa bool Location is open access locations[].is_oa
license string Licence of this copy locations[].license
version string submitted Version, acceptedVersion or pub- locations[].version
lished Version
is_accepted, is_ bool Version flags locations[].is_accepted,

published

.is_published

D.4. Key tables and linkage tables

link_sources.py derives from each source a key fable that carries only the identifiers used for
matching, in the shared conventions of Section D.1, and then builds three linkage tables by the

cascade of Section 16.1. In every key table ntitle is the title in lower case with every run of
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characters other than a-z and 0-9 removed, and t1en is the length of the original title; title matching

requires tlen > 25 and a normalised title that is unique on both sides.

Table 43. Key tables (DuckDB tables oa_keys, dblp_keys, arxiv_keys, acl_keys).

Column Type Definition Source
oa_keys: every work of oa_works (both passes)
oa_id BIGINT Work identifier oa_works.id
doi VARCHAR DOI oa_works.doi
arxiv_id VARCHAR arXiv identifier, lower case, version suffix oa_works.arxiv_id
removed
year INTEGER  Publication year oa_works.publication_
year
ntitle, tlen VARCHAR, Normalised title and original title length oa_works.title
INTEGER
type VARCHAR OpenAlex type oa_works.type
dblp_keys: DBLP records with year 2018-2026 and type article, inproceedings, incollection, book, phdthesis or data
dblp_key VARCHAR DBLP key dblp_raw.key
rec_type, year VARCHAR, Record type and year dblp_raw
INTEGER
doi VARCHAR DOI dblp_raw.doi
arxiv_id VARCHAR arXiv identifier extracted from an arxiv. dblp_raw.ee
org/abs/ URL among ee, version re-
moved; null when none
ntitle, tlen VARCHAR, Normalised title and length dblp_raw.title
INTEGER
stream VARCHAR Venue stream dblp_raw.stream
arziv_keys: every record of arziv_raw
arxiv_id VARCHAR Identifier, lower case arxiv_raw.arxiv_id
created, created. VARCHAR, First-submission date and its year arxiv_raw.created
year INTEGER
doi VARCHAR Declared DOI arxiv_raw.doi
primary_category, = VARCHAR, Categories arxiv_raw
categories list
ntitle VARCHAR Normalised title arxiv_raw.title
acl_keys: entries of type inproceedings or article
acl_id VARCHAR Anthology identifier acl_raw.acl_id
year INTEGER  Year (try_cast; null if not numeric) acl_raw.year
doi VARCHAR DOI, lower case acl_raw.doi
url, ntitle, entry_. VARCHAR URL, normalised title, entry type acl_raw
type
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Table 44. Linkage tables and the second-pass identifier list. Each linkage table has one row per matched pair;
the cascade inserts a pair only when neither side is already linked by an earlier method (for 1ink_arxiv_oa
and link_acl_oa, when the source-side key is not already linked and, for title matches, the OpenAlex side
is not either).

Column Type Definition Source

link_dblp_oa

dblp_key, oa_id VARCHAR, Matched DBLP record and OpenAlex work key tables
BIGINT
method VARCHAR doi (equal DOIs); arxiv (equal arXiv iden- cascade

tifiers, both sides unlinked); title_year
(unique normalised titles, |Ayear| < 1, and
equal first-author surname when both sides

have one)
link_arziv_oa
arxiv_id, oa_id VARCHAR, Matched arXiv record and OpenAlex work key tables
BIGINT
method VARCHAR arxiv_id (equal identifiers); doi; title_ cascade
year (unique titles, |Ayear| < 2 between
arXiv creation year and OpenAlex year)
link_acl_oa
acl_id, oa_id VARCHAR, Matched ACL entry and OpenAlex work key tables
BIGINT
method VARCHAR doi; url (an OpenAlex location whose cascade, oa_locations

landing page is aclanthology.org/
<acl_id>); title_year (unique titles,

|Ayear| < 1)

needed_oa_1ds: identifiers extracted in the second snapshot pass

oa_id BIGINT Work present in oa_slim but absent from oa_slim.id
the CS extraction

why VARCHAR dblp_doi (DOI of an unlinked DBLP derivation

record) or arxiv_doi (DOI of an unlinked
arXiv record)

The linkage report (data/metadata/linkage_report. json) records, for each source, the
number of keys, the number of keys with a DOI or an arXiv identifier, the links by method, the
number of distinct linked keys, the unlinked records by type, the unlinked DBLP records whose
DOI nevertheless resolves in the slim table (the trigger for the second pass), the identifiers needed
for the second pass by reason, the size of the slim table and the number of slim rows with a CS topic
in 2018-2026. These are the quantities quoted in Part III through the \Link* macros.

D.S. The corpus table

define_corpus.py creates corpus_works (also exported to data/processed/corpus/corpus_
works.parquet) from oa_works, adding the membership, dating, duplicate and eligibility columns

of Table 45. The constants are those of the protocol: the observation window is 2018-01-01 to
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2026-11-02 with the boundary 2022-11-30; the kept types are article, conference-paper, preprint,

book-chapter, book, dissertation, report, review and software-paper; the hard-excluded types,

which exclude even a DBLP-linked record, are editorial, erratum, retraction, peer-review, paratext,

conference-abstract, reference-entry, dataset, software, supplementary-materials, libguides, letter,

grant and standard; the generic deposit platforms of amendment A-002 are Zenodo, Figshare, IRDB,

LA Referencia, Dialnet, DOAJ-as-source and OSTI. Every row of oa_works is present, including

excluded ones, so that PRISMA counts can be recomputed from the flags.

Table 45. corpus_works: columns added to those of works (Table 39).

Column Type Definition Source
ntitle VARCHAR Normalised title title
in_dblp BOOLEAN The work is linked to a DBLP record link_dblp_oa
in_acl BOOLEAN The work is linked to an ACL Anthology entry 1link_acl_oa
arxiv_id_linked VARCHAR arXiv identifier of a linked arXiv record (any link_arxiv_oa, arxiv_
one, if several) keys
arxiv_created VARCHAR Earliest first-submission date among linked arxiv_keys.created
arXiv records
arxiv_primary VARCHAR Primary arXiv category of a linked record arxiv_keys.primary_
category
arxiv_cs_primary BOOLEAN arxiv_primary starts with cs.; null whenno derived
linked record
is_arxiv_doi BOOLEAN The DOI is an arXiv DOI (10.48550/arxiv.) doi
duplicate_of BIGINT For a preprint-like record that has a published dup_pairs
twin: identifier of the twin; null otherwise
preprint_work_id BIGINT For a published record that has a preprint twin: dup_pairs
identifier of the preprint
first_date VARCHAR First public appearance: the earliest of the pub- derived (eq. 3)
lication date, the twin preprint’s date and the
arXiv creation date; when the publication date
is year-only (-01-01) and a preprint or arXiv
date exists, the earliest of those two instead
version_ VARCHAR On the published twin: title_year orarxiv_ dup_pairs.relation
relationship id, the relation by which the pair was found
el_outside_window BOOLEAN Publication date null, before 2018-01-01 or after publication_date
2026-11-02
e2_type BOOLEAN Type not in the kept list, unless DBLP-linked type, in_dblp
and not hard-excluded
e3_xpac BOOLEAN XPAC record not linked to DBLP is_xpac, in_dblp
xpac_kept_dblp BOOLEAN XPAC record kept because DBLP-linked (A- is_xpac, in_dblp
001)
e7_generic_ BOOLEAN Primary source is a generic deposit platform and source_name
deposit the record is neither DBLP- nor arXiv-linked
(A-002)
date_precision VARCHAR year when the publication date is YYYY-01-01  derived
and no preprint or arXiv date exists; month oth-
erwise
ed_no_title BOOLEAN Title null or blank title
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Table 45. corpus_works (continued).

Column Type Definition Source
e5_duplicate BOOLEAN The record is the preprint member of a duplicate  duplicate_of
pair
e6_retracted BOOLEAN Retracted (flag, not an exclusion: retracted is_retracted
works stay eligible and are excluded from ci-
tation indicators)
cs_core BOOLEAN DBLP-linked, or CS primary topic, or CS topic  derived
with a cs. arXiv primary category
cs_penumbra BOOLEAN Any CS topic but not cs_core derived
eligible BOOLEAN Not E1-ES5, not E7, and cs_core derived (eq. 20)
period VARCHAR pre (before 2018-01-01), baseline (before derived
2022-11-30), post (to 2026-11-02), future,
by first_date
first_month VARCHAR YYYY-MMof first_date derived

Two auxiliary tables accompany it. dup_pairs (columns preprint_id, published_id,
preprint_date, published_date, relation) holds the one-to-one preprint-to-published pairs
after the ranking columns rn_pub and rn_pre have been used to keep, for each published work, the
earliest preprint, and for each preprint, the earliest published twin; a candidate pair is a preprint-like
record (type preprint or arXiv DOI) and a non-preprint record in the window that passes E1-E4, with
equal normalised titles of at least 25 characters and years at most two apart (title_year), or with
the same arXiv identifier (arxiv_id). dblp_only_counts (year, rec_type, n, with_doi) counts
the DBLP records of 2018-2026 that have no OpenAlex record after both passes. The PRISMA
file prisma_counts. json stores the identified records per source, the links, each exclusion flag
counted alone and sequentially in the order E1, E2, E3, E4, ES, E7, the remainder, the eligible
counts by period, year, type, membership and date precision, and the strict core (DBLP-linked and

CS primary); its keys are the \Prisma* macros of the manuscript.

D.6. Citation windows

bibliometrics/03_citation_impact.py builds work_citation_windows (also data/processed/
corpus/work_citation_windows.parquet) for the eligible, non-retracted works. The yearly
citation counts of a published work and of its merged preprint twin are summed, so that a citation to
either version counts for the canonical node (Section 18.2); fixed windows are then formed from
calendar years, and each window is normalised by the mean of the same window over works of the

same publication year, type and primary subfield.
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Table 46. work_citation_windows: one row per eligible, non-retracted work.

Column Type Definition Source
work_id BIGINT Work corpus_works.id
year INTEGER  Publication year y publication_year
type VARCHAR OpenAlex type, unknown when null type
sf INTEGER  Primary subfield, —1 when null primary_subfield_id
cited_by_count INTEGER  All-time citations at snapshot date (the canoni- cited_by_count
cal record only)
fwci DOUBLE  OpenAlex FWCI (secondary indicator) fwci
cl12 BIGINT Citations received in years < y+ 1 (publication oa_counts_by_year
year and the following year), work plus merged
preprint
c36 BIGINT Citations received in years <y+2 idem
c48 BIGINT Citations received in years < y+3 idem
c12_complete, c36_ BOOLEAN The window closes in a complete calendar year: derived
complete, c48_ y+1<2025, y+2 <2025, y+ 3 <2025
complete
ncsl12,ncs36 DOUBLE c12, c36 divided by the mean of the same quan- derived (eq. 28)

tity over works with the same year, type and
sf; null when that mean is zero

The accompanying result tables are citation_windows_yearly.csv (per year: n, complete-
ness flags, means and median of the windows, shares uncited at 12 and 36 months, the 99th
percentile and maximum of ¢36, Gini coefficients of c36 and c12, mean and median FWCI), top_
cited_by_year.csv (the fifty works with the largest c36 per year, with title, venue, type and the

window counts) and fwci_summary_yearly.csv.

D.7. Citation-graph edge tables

knowledge_graph/01_citation_graph.py splits the references of eligible works into two edge
tables according to whether the cited work is itself eligible. External edges are resolved through the
slim table, which is why the slim table covers the whole snapshot: a reference to a work outside
computer science is attributed a year, a type and a field without that work ever being extracted in
full. References whose target is in neither table (identifiers absent from the snapshot) appear in

neither edge table and are counted only through n_refs.

Table 47. Edge tables cit_edges_internal and cit_edges_external (data/processed/graph/).

Column Type Definition Source
cit_edges_internal: both ends eligible

citing_id, cited_ BIGINT Citing and cited work oa_references
id

continued on next page
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Table 47. Edge tables (continued).

Column Type Definition Source
citing_year, INTEGER  Publication years of the two ends corpus_works.
cited_year publication_year

cit_edges_external: citing work eligible, cited work not eligible but present in the snapshot

citing_id, cited_ BIGINT Citing and cited work oa_references

id

citing_year INTEGER  Year of the citing work corpus_works

cited_year INTEGER  Year of the cited work oa_slim.publication_
year

cited_field_id INTEGER  Primary field of the cited work oa_slim.primary_
field_id

cited_type VARCHAR Type of the cited work oa_slim.type

cited_cs_any BOOLEAN The cited work has a CS topic (it is then anon- oa_slim.cs_any_topic

eligible CS record, e.g. outside the window)

The derived result tables are field_flows_yearly.csv (citing_year, kind internal or ex-
ternal, cited_field_id, n), cited_age_yearly.csv (citing_year, age = citing year minus
cited year, n, over both tables) and reference_coverage_yearly.csv (year,n_works,n_refs_
declared, n_internal, n_external). Category-level flows, co-classification and modularity ta-
bles (knowledge_graph/02_category_flows.py) join the internal edges with the classification
tables below; the semantic edges of 04_semantic_edges.py (work_id, neighbour_id, cosine_
similarity, rank) are computed from the embeddings of Section D.9; and the extracted method,
dataset and claim nodes and typed edges of 03_extract_entities.py carry, for every edge,
the work, the quoted span from the abstract, a model-reported confidence and a verification sta-
tus (unverified, machine-verified when the span is found verbatim, human-verified after

review), as the mandate requires.

D.8. Classification tables

taxonomy/classify.py first exports its input (-prepare) and then scores it (-run), with the
ontology of Appendix A and the rule of equations (22)—(23). The population is the eligible corpus

together with the penumbra, so that sensitivity analyses on the wider set need no second run.

Table 48. Classification input and output tables (data/processed/classification/).

Column Type Definition Source

input/chunk=N/*.parquet: one row per work with eligible or cs_penumbra

id BIGINT Work corpus_works.id

year INTEGER  Publication year publication_year

title, abstract VARCHAR Text scored by the keyword rules (abstract null  corpus_works, oa_
when absent) abstracts

continued on next page
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Table 48. Classification tables (continued).

Column Type Definition Source
topic_ids list<int> Topic identifiers in rank order oa_work_topics
subfield_ids list<int> Subfield identifiers in rank order oa_work_topics
arxiv_cats list<string>  All categories of all linked arXiv records, flat- link_arxiv_oa, arxiv_
tened keys.categories
dblp_streams list<string>  Distinct streams of the linked DBLP records link_dblp_oa, dblp_
keys.stream
chunk INTEGER  Chunk index (default 100,000 rows per chunk)  derived
work_categories (cats/*.parquet): one row per (work, assigned category)
work_id int64 Work input
category_id string Leaf identifier (Table 23) ontology
score float32 Total score s (w), rounded to three decimals eq. (22)
s_topic, s_ float32 Capped contribution of each signal type (each eq. (22)
subfield, s_arxiv, in [0,1])
s_dblp, s_kw
work_primary (primary/*.parquet): one row per work with at least one category
work_id int64 Work input
primary_category string Argmax category with the tie-breaking of Sec- derived
tion 17.1
n_categories int16 Number of assigned categories |C(w)] derived
primary_score float32 Score of the primary category derived

A work with no category has no row in either output table; the number of such works is the
difference between the works and classified fields of classification_report. json, which
also records the ontology version and the timestamp of the run. The validation tables (taxonomy/
validation/sample.parquet, ratings_<model>. jsonl,metrics. json, disagreements.csv)
carry, per sampled work, the rule categories and primary, and per rater the label set, primary, confi-
dence and rationale returned under the JSON schema of VALIDATION . md.

D.9. Embedding shards

embeddings/embed_corpus.py exports the text to embed (-prepare) and encodes it (-run) with
a sentence-embedding model, by default SPECTER2 (Cohan et al., 2020; Singh et al., 2023) as
served through sentence-transformers (Reimers and Gurevych, 2019), in shards that can be

distributed over nodes.

Table 49. Embedding input and output files (data/processed/embeddings/).

File or column Type Definition Source

input/shard=K/*.parquet: eligible works with an abstract, ordered by identifier, 50,000 per shard by default

work_id BIGINT Work corpus_works.id
text VARCHAR Title, a full stop and a space, then the first 2,000 title, oa_abstracts.
characters of the abstract abstract

continued on next page
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Table 49. Embedding files (continued).

File or column Type Definition Source
shard INTEGER  Shard index K derived
<model_tag>/shard_KKKK.npy
array float16,n x  One L2-normalised embedding per text, in input  model output
d order; d is the model’s output dimension; maxi-

mum sequence length 256 tokens, batch 128 by

default
<model_tag>/shard_KKKK.ids.npy
array int64, n The work_id of each row of the embedding input

array

<model_tag>/manifest_<host>.json

model, max_seq. — Model name, sequence limit, mps or cpu, host

length, device, name

host

shards [K] - Per shard: number of texts, seconds taken,
timestamp

run parameters

The model tag is the model name with / replaced by __; a second model produces a second

directory with the same layout, which is how the comparison of embedding approaches required by

the mandate is organised. Shards already present are skipped on resumption, so a shard computed

on one node and copied to another is never recomputed.

E. Supplementary tables

This appendix collects the generated tables not shown in the main text. Every table is produced by

tables/make_tables.py from the result file(s) named in its first comment line; none is edited by

hand.

Table 50. Record flow of the mapping corpus (PRISMA-style, sequential exclusions).

Stage

Records

Identified: OpenAlex works with a CS topic, 2018-2026 (snapshot 2026-10-14, both passes) 16,592,966

Excluded E1 outside the window

Excluded E2 non-research document type

Excluded E3 XPAC expansion record (not DBLP-linked)

Excluded E4 no title

Excluded ES preprint merged into its published version

Excluded E7 generic deposit platform without DBLP/arXiv support
After exclusions

CS core (mapping corpus)

CS penumbra (sensitivity set)

Strict core: DBLP-indexed and primary field CS

59,453
3,994,472
1,430,851

1,193
114,365
473,546

10,519,086
7,112,420
3,402,474
1,832,633
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Table 51. Eligible works by publication year (2026 incomplete).

Year Eligible works
2018 642,849
2019 695,369
2020 709,083
2021 711,244
2022 699,548
2023 785,194
2024 901,654
2025 1,065,828
2026 901,651
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Table 52. Eligible works by document type.

OpenAlex type  Eligible works

article 3,658,097
conference-paper 2,138,975
preprint 619,110
book-chapter 343,117
dissertation 237,332
book 47,830
report 33,065
review 28,334
software-paper 3,543
other 1,660
book-review 1,197
data-paper 160
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Table 53. Record linkage between sources.

Quantity Count
DBLP records 2018-2026 4,347,365

. with DOI 4,052,326
DBLP < OpenAlex links by DOI 3,639,848
... by normalised title + year (+ first author) 141,062
DBLP records linked (distinct) 3,774,184
DBLP records without OpenAlex record 573,181
arXiv cs records created 2018-2026 890,852
arXiv <+ OpenAlex by arXiv id 914,406
... by DOI 783
... by title + year 1,768
ACL entries 2018-2026 85,625
ACL < OpenAlex linked (2018-2026) 72,949
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Table 54. Yearly volume and composition of the eligible corpus.

year n n_dblp n_cs_primary n_arxiv n_abstract n_oa n_preprint n_conf n_article
2,018 642,849 323,731 478,425 36,272 450,278 253,710 25,399 208,594 327,099
2,019 695,369 367,125 508,750 50,030 495,739 299,082 32,424 228,506 354,172
2,020 709,083 374,665 516,946 63,103 510,690 335,489 40,318 204,736 384,801
2,021 711,244 400,010 504,824 71,382 542,888 359,806 42,537 219,575 382,135
2,022 699,548 400,616 493,183 72,445 548,764 379,358 42,800 219916 371,660
2,023 785,194 432,873 567,525 87,281 629,261 456,368 55,614 260,452 403,064
2,024 901,654 468,269 669,741 109,423 726,950 519,815 72,735 290,423 464,974
2,025 1,065,828 490,970 834,245 142,543 844,470 632,791 114,906 312,090 544,372
2,026 901,651 349,789 748,933 171,928 637,973 599,046 192,377 194,683 425,820
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Table 55. Team size and collaboration by year.

year n mean_authors med_authors single five_plus ten_plus intl multi_inst
2,018 641,164 3.022 3.000 148,695 114,727 6,484 92,792 203,318
2,018 33 3.424 3.000 4 8 0 9 15
2,019 694,805 3.141 3.000 150,667 138,703 8,234 104,212 229,759
2,019 102 3.637 3.000 13 23 3 33 53
2,020 708,642 3.229 3.000 148,029 150,793 9,577 113,799 248,727
2,020 153 3.654 3.000 15 36 3 45 83
2,021 287 3.596 3.000 27 69 4 68 139
2,021 710,647 3.413 3.000 122,372 170,760 11,576 121,658 274,590
2,022 634,982 3.595 3.000 93,430 171,357 11,985 113,490 264,672
2,022 64,320 3.504 3.000 10,140 16,899 1,042 9,794 24,323
2,023 11,508 4.295 4.000 543 3,981 305 4,088 7,336
2,023 773,476 3.632 3.000 118,232 218,946 15,553 130,493 311,767
2,024 899,299 3.743 3.000 138,784 271,227 20,506 145,804 349,092
2,024 2,105 4.071 4.000 127 675 54 811 1,428
2,025 419 3.599 3.000 52 104 10 181 293
2,025 1,065,146 3.760 3.000 187,850 325,851 28,288 157,441 373,369
2,026 125 3.624 4.000 13 32 1 45 76
2,026 901,212 3.702 3.000 187,134 267,454 27,555 127,834 296,484
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Table 56. Structural-change estimates by series: ITS level and slope changes at 2022-12 (HAC p-values),
placebo p-values, Bai—Perron (BIC) and PELT break dates.

series chatgpt_level chatgpt_level_p chatgpt_slope chatgpt_slope_p placebo_level_p placebo_slope_p

total -0.009 0.690 0.011 0.000 0.969 0.015
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Table 57. Preregistered known-emergence set: detection month, peak-growth month and lead time.

concept

total_works

detection_month peak_growth_month

lead_months

large language models
diffusion models

neural radiance fields

llm agents
retrieval-augmented generation
state-space sequence models
vision-language models
mechanistic interpretability
speculative decoding
mixture of experts
reasoning models

ai code generation

131,927
21,014
3,282
6,809
12,895
8,040
18,664
629
679
4,282
6,206
8,775

2020-12
2023-01
2021-04
2023-10
2023-10
2024-07
2022-06
2024-10
2024-04
2024-06
2023-06
2023-11

2023-10
2023-10
2021-06
2024-04
2024-10
2025-01
2023-03
2023-04
2024-09
2024-11
2025-11
2024-09

34
9
2
6

12
6
9

-18
5

5
29
10
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F. Figure documentation

All figures are generated by figures/make_figures.py (matplotlib, vector PDF) with the val-

idated palette of figures/style.py; the table lists, for each figure, its caption and the result

artefacts it reads. Colours follow a fixed categorical order; one axis per panel; direct labels for at

most four series; the 2022-11-30 reference date is drawn as a dashed line and never as a series.

Table 58. Figure inventory.

File Caption

Sources

fig_prisma_flow.pdfPRISMA-style flow of record identification,
exclusion and the final mapping corpus.
fig_volume_yearly.pdligible works per publication year by source
membership (2026 incomplete).
fig_volume_monthly_MuntbhHffirst appearances; January spikes re-
flect year-only publication dates and motivate
the month-precision filter.
fig_types_openness.Ppdfument-type composition and metadata
completeness by year.
fig_collaboration.pldam size, international co-authorship and in-
dustry participation by year.
fig_citation_inequaHikey-wdfdow citation levels and inequality
by publication year (years with complete 36-
month windows).
fig_field_inflows.pSlfare of references pointing outside the cor-
pus, by cited OpenAlex field and citing year.
fig_cited_age.pdf Distribution of the age of cited works for se-
lected citing years.
fig_venue_concentra¥unbepdf distinct venues and venue concen-
tration (HHI, top-source share) by year.
fig_country_shares .@ddntry shares of output with fractional count-
ing, top eight countries.
fig_its_total.pdf Monthly output with the interrupted-time-
series fit; level and slope changes with HAC

and placebo p-values.
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prisma_counts.json

volume_yearly.csv

volume_monthly.csv

volume_yearly.csv

team_size_yearly.csv; in-

dustry_share_yearly.csv

citation_windows_yearly.csv

field_flows_yearly.csv

cited_age_yearly.csv

venue_hhi_yearly.csv

countries_yearly.csv

fit_total.csv;

its_results.json



File Caption Sources

fig_placebo_total.pdlicebo distribution of ITS t-statistics over placebo_total.csv
every candidate event month; the true event is
highlighted.

G. Reproducibility

The mandate requires that the corpus be reproducible from immutable raw snapshots and that
every quantitative claim trace to a script, an input artefact and a result file. This appendix records
what a reader needs to re-run the pipeline: the computing environment and the locked package
versions, the ordered steps with their commands, inputs, outputs and measured wall times, the
mechanisms by which provenance is kept (manifests, hash ledgers, verbatim raw pages, API
ledgers), the incidents that occurred during the first run and what they imply for a second one, the
protocol amendments, and the licence of each source together with what is and is not redistributed.
The runbook (reproducibility/RUNBOOK.md) is the operational version of this appendix and is

updated whenever a step changes; where the two differ, the runbook is more recent.

G.1. Environment

Everything described in the runbook was executed on one node of the MacLustr cluster, M3U96b
(Mac Studio, Apple M3 Ultra, 96 GB of unified memory, 103,079,215,104 bytes as recorded by
the environment capture; the capture records no core count, the runbook header states 28 cores and
the cluster inventory 32, and the discrepancy is left on record), in the working directory ~/wp44_
uqo, under Python 3.12.15 in a virtual environment created with uv from requirements.txt and
then frozen to reproducibility/environment_M3U96b.txt (92 lines: 88 pinned packages, the
interpreter version, the operating-system version string, the processor and the memory size). The
operating-system version string captured in that file is 26.4, whereas the runbook header states
macOS 27.0; the discrepancy is recorded here rather than resolved, since the node was updated
between captures and neither value affects the computation. Two further nodes were used after
the incidents of Section G.4: M5M36 for the second snapshot pass and M4M64c and M3U96a
for embedding shards; they were set up from the same requirements. txt, but no environment
capture exists for them under reproducibility/, so the identity of their environments with the
one frozen on M3U96b is an assumption rather than a recorded fact. Table 59 lists the packages on
which results depend; the complete list is the lock file. No step requires credentials except the two
LLM raters of the taxonomy validation and the knowledge-graph extraction (an Anthropic API key

read from a file outside the repository, never stored in it).
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Table 59. Key packages of the locked environment (reproducibility/environment_M3U96b.txt,

Python 3.12.15).

Role Package Version
Analytical database duckdb (Raasveldt and Miih- 2.0.0

leisen, 2019)
Columnar I/O pyarrow 26.0.0
Data frames polars/pandas 2.1.0/3.1.0
Numerics numpy / scipy 254/71.18.1
Statistics, time series statsmodels / formulaic 0.15.0/1.22
Change-point detection ruptures (Truong et al., 1.1.10

2020)
Machine learning scikit-learn 1.9.1

Embeddings

Model hub client
Dimensionality reduction, clustering

Networks
Parsing

Ontology file

HTTP

LLM raters, extraction
Figures

Tests

torch / transformers /
sentence-transformers
(Reimers and Gurevych,
2019)

huggingface-hub
umap-learn / hdbscan /
pynndescent

networkx / igraph

1xml / orjson / zstandard
/ regex

pyyaml

requests /httpx2
anthropic

matplotlib

pytest

2.15.0/522.1/6.2.0

24.0
0.5.12/0.8.44/0.7.0

3.7/1.0.0

6.1.3/3.13.0/0.25.0/2026.9.29

6.0.3
2.34.2/2.16.0
240

3.11.2

9.2.0
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G.2. Steps, commands and measured times

Table 60 reproduces the runbook’s step table. Commands are given relative to the repository root
with the virtual environment active; . . . abbreviates arguments that are spelled out in the runbook.
Wall times are those measured during the first run and are reported as orientation, not as guarantees:
the snapshot download depends on network throughput (about 108 MB/s was sustained from the
node with eight parallel streams), and the steps marked “to be measured” had not completed at the
time the runbook was last updated because of the node freezes described below. Steps 1-5 are pure
acquisition and can be run independently and in any order; steps 6—10 are sequential; step 9 is a
second acquisition pass whose need is discovered at step 8 and which then repeats steps 6—8 and
10-11 with the suffix _p2 (ingestion/run_pass2_chain.sh, which waits for a flag file written
when the pass-2 outputs have been copied back to the node). The API increment of Table 63 (works
published after the snapshot cut-off) is converted to the snapshot’s part format by ingestion/
ingest_api_increment.py and normalised by the same step 6; it is not yet a numbered step of
the runbook.

Table 60. Pipeline steps (reproducibility/RUNBOOK.md), with the command, the inputs, the outputs and
the wall time measured on M3U96b.

# Step and command Inputs Outputs Wall time

1 OpenAlex works snapshot, pass 1 public S3  works/cs/*.jsonl.zst 1 h 46 min at
(CS filter + slim table): python bucket, release (15,490,159 records), works/ =108 MB/s
ingestion/openalex_snapshot.py 2026-10-14 slim/*.parquet (464,765,485
-out data/raw/openalex/works rows), ledger.sqlite

-manifest data/raw/openalex/
works_manifest_2026-10-14. json
-workers 8

2 OpenAlex entities: python S3 topics/, ..., institutions/; 5 min
ingestion/openalex_entities. entities_ledger. json
py -out data/raw/openalex

3 DBLP: python ingestion/dblp_ dump of 2026- dblp_publications. 4min45 s
parse.py -xml data/raw/dblp/ 11-02, MDS ver- parquet (8,840,866 records),
dblp.xml.gz -out data/raw/dblp ified parse report

4 arXiv OAI-PMH: python ingestion/ OAlfeed, setcs raw XML pages (758), arxiv_ ~1h
arxiv_oai.py -out data/raw/ cs.parquet (915,115 records)
arxiv -from 2018-01-01 -until
2026-11-02

5 ACL Anthology: python ingestion/ BibTeX export acl_anthology.parquet 10s
acl_parse.py -bib data/raw/ (138,796 entries)

acl/anthology+abstracts.bib.gz
-out data/raw/acl
6 Normalise: python ingestion/ step ] tables/<table>/*.parquet 2 min 10s
build_corpus.py -cs-dir data/
raw/openalex/works/cs -out
data/processed -workers 12

continued on next page
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Table 60. Pipeline steps (continued).

make (latexmk)

# Step and command Inputs Outputs Wall time

7 Compact: ulimit -n 65536; step6 compact/<table>.parquet 30s
python ingestion/compact_
tables.py ~/wp44_uqo

8 Link: python ingestion/link_ steps 3-7 wp44.duckdb with 1link_*; 10s
sources.py -root ~/wp44_uqo data/metadata/linkage_

report. json, needed_oa_
ids.csv

9 Second pass (DBLP- and arXiv-linked S3, step 8 works_pass2/cs/*.jsonl. ~1 h 50 min
works outside the CS-topic (filter): zst, compact/<table>_p2.
python ingestion/openalex_ parquet
snapshot.py -out data/raw/
openalex/works_pass2 -manifest
...-workers 8 -id-list data/
metadata/needed_oa_ids.csv, then
ingestion/run_pass2_chain.sh
(steps 68 with suffix _p2, then 10-11)

10 Corpus definition: python step 8 corpus_works, data/ 2 min
systematic_review/define_ metadata/prisma_counts.
corpus.py -root ~/wp44_uqo json

11 Volume, collaboration, citations, graph: step 10 results/bibliometrics/*. minutes
bibliometrics/01_volume_series. csv, results/graph/*, data/
py, 02_collaboration.py, 03_ processed/graph/*
citation_impact.py, knowledge_
graph/01_citation_graph.py

12 Classification: python taxonomy/ steps 8, 10; classification/cats/*. to be measured
classify.py -root ...-ontology ontology. parquet, classification/
taxonomy/ontology.yaml yaml primary/*.parquet, report
-prepare -run (in practice
taxonomy/run_classify_shards.
sh, see incident I-3)

13 Validation sample and raters: python step 12 taxonomy/validation/* to be measured
taxonomy/validate_sample.py
-root ...-draw; -rate -model
claude-haiku-5-5; -rate -model
claude-sonnet-5-5; -metrics

14  Embeddings: python embeddings/ step 10 embeddings/<model>/shard_ =300 texts/s per
embed_corpus.py -root *.0py M3 Ultra
...-prepare; -run -model
allenai/specter2_base (sharded
over nodes)

15  Structural change, emerging detection, steps 11-14 results/econometrics, minutes
figures, tables: econometrics/ results/emerging, figures/
run_structural_change.py, , manuscript/tables/
experiments/emerging_detection. numbers.tex
PY, figures/make_figures.py,
tables/make_numbers.py

16  Manuscript: cd manuscript && all manuscript/main.pdf —

The test suite (python -m pytest

-q tests/) covers the structural-change toolkit and the
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classification scoring rule (tests/test_structural_change.py, tests/test_classify_rules.
py); the second fixes the implemented aggregation of equation (22) against the toy ontology it
declares, so that a change in classify.py that altered the rule would fail before any corpus were

classified.

G.3. Provenance mechanisms

Provenance is kept at the level of files and jobs, not of individual records, by six mechanisms.

Manifests and hash ledgers for the OpenAlex snapshot. The snapshot’s own manifest (works_
manifest_2026-10-14. json) lists every part file with its content length and record count. The
ingestion script keeps a SQLite ledger (works/ledger.sqlite) with a files table (one row per
part: URL, local name, expected length, manifest record count, status, SHA-256 of the gzip bytes,
records parsed, records retained by the filter, lines that failed to parse, download and total time,
number of attempts, start and end timestamps, error text) and a runs table (start time, manifest
date, manifest record and byte totals, number of workers, host name and command line of every
invocation). A part is downloaded with resume and retries until its size equals the manifest’s,
hashed, parsed, and only then marked done; outputs are written to a temporary name and renamed
atomically, so an interrupted run leaves no partial output that a resumed run would mistake for a
complete one. The raw gzip files are deleted after a successful parse unless -keep-raw is given:
the snapshot is a public, versioned release, and the manifest together with the per-file hashes allows
any later copy to be verified against what was ingested. For the first pass the ledger records 1,898 of

1,898 files done, O parse errors, and a sum of per-file record counts equal to the manifest total.

Entity ledger. The small entity snapshots (topics, subfields, fields, domains, sources, institutions,
publishers, funders, concepts) are listed in entities_ledger. json with, per file, the entity, the
local path, the byte count, the SHA-256 and the status.

DBLP checksum. The DBLP dump is distributed with an .md5 file; the downloaded dblp.xml.
gz was verified against it (ff1c424c3b4cef36582f647c36df27c0). The parse report (dblp_
parse_report. json) additionally records the input path, its size in bytes, an MDS5 of its first GiB
(the file 1s 1.12 GB, so this digest is not the published one and is a convenience for detecting a

changed input), the parse timestamp, per-type and per-year record counts, and timings.

Verbatim OAI-PMH pages. The arXiv harvest stores every XML response page as received
under data/raw/arxiv/raw/<window>/page_NNNN.xml (758 pages for the monthly windows
from 2018-01 to 2026-11), together with a harvest state file that allows resumption by window and
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a parse report; the Parquet table can be rebuilt from the pages alone with -parse-only. Because
OALI selects by record datestamp, a record updated in several windows appears in several pages; the

parser keeps the latest.

API ledger. The OpenAlex API increment (works with a CS topic published between 2026-
10-01 and 2026-11-02, fetched after the snapshot) stores every JSON page verbatim under api_
increment/pages/ and a ledger (api_increment/ledger. json) with the slices requested (day
x CS-primary or not), the number of calls and the cost charged against the public budget; without
an API key the harvest is paged by day with at most 10,000 results per slice and spread over several
days.

Step reports and generated numbers. Each processing step writes a machine-readable re-
port: linkage_report. json (counts of keys, links by method, unlinked records by type, iden-
tifiers needed for the second pass), prisma_counts. json (every PRISMA stage, with an iden-
tity check that the records loaded equal the sum of sequential exclusions and the remainder),
classification_report. json (ontology version, works scored, works classified, timestamp),
one embedding manifest per host (model, maximum sequence length, device, and per shard the
number of texts, the seconds taken and the timestamp), and the validation metrics. The macros
of manuscript/tables/numbers.tex are generated from these files by tables/make_numbers.
py; a number whose source file is missing yields an undefined macro and therefore a compilation

error, which is intended: the prose cannot cite a number that no result file contains.

G.4. Incident log and its implications

Six incidents were recorded during the first run (reports/INCIDENTS.md); none caused data loss,
because every step is resumable from its ledger or its shard files, but three of them changed how the
pipeline must be run and are therefore part of the reproduction instructions.

Three implications follow for anyone reproducing the work. First, the parallelism in the scripts
assumes the spawn start method of macOS: worker state must be built in initialisers, and the
classifier should be run as independent shard processes rather than through a pool (classify.py
-shard i/N); on Linux, where fork is the default, the pool mode may work but has not been
exercised. Second, the per-part Parquet layout exceeds default file-descriptor limits; the compaction
step is mandatory, not an optimisation. Third, the two freezes of the primary node occurred under
concurrent download, parse, GPU and database load, and their cause was not established from the
system logs; the operational rule adopted afterwards (one heavy job per node at a time) costs wall
time but is the configuration under which the reported outputs were produced, and the measured

times of Table 60 assume it. Because every job writes its outputs atomically and records what it
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Table 61. Incident log of the first run (reports/INCIDENTS.md; times in Eastern Time, 2026-11-03).

#

When

What happened

Impact and recovery

I-1

I-2

I-3

-4

I-5

~15:45

~15:50

~16:30

~16:58

17:16

17:17

Second snapshot pass with -id-1ist: worker
processes had an empty identifier set, because
the macOS spawn start method does not inherit
module globals

DuckDB “too many open files” when reading
1,898 Parquet files per table
multiprocessing.Pool with pyarrow in
spawned workers hung (0 % CPU) in the classi-
fier

M3U96b froze (no ping, SSH “host is down”)
while running the second pass (8 download-and-
parse workers), the SPECTER?2 embedding job
on the GPU and earlier DuckDB jobs concur-
rently

M3U96b froze again two minutes after the sec-
ond pass was restarted alone on the rebooted
node

M4M64a froze a second time within two min-
utes of restarting its embedding share (batch 32);
M3U96b rebooted in the same minute while run-
ning pass 2 alone

68 part files marked in error, no data loss; a pool
initialiser now loads the identifier set in each
worker; ledger reset and rerun

Linkage step failed; compact_tables.py (one
file per table) and ulimit -n 65536

Test stalled 10 min; shard mode: independent
processes started by run_classify_shards.
sh

Second pass (=1,400 of 1,898 files done), the
chained corpus v2 and classification, and the
node’s embedding share interrupted; other em-
bedding nodes unaffected; all jobs resumable;
rule adopted: never run ingestion, embeddings
and classification concurrently on one node
Pass 2 moved to the idle node M5M36 (10
workers, ledger copied); M3U96b reserved for
DuckDB and classification; the chain now waits
for a flag raised when the pass-2 outputs are
copied back; Apple diagnostics show perfor-
mance auto-bug-capture reports, no kernel panic
found

M4M64a embedding share lost again; M4M64a
and M3U96b withdrawn from GPU and bulk-
download work; shard ranges reassigned to
M4M64c and M3U96a; pass 2 on M5M36
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has completed, the state of the pipeline after an interruption is recoverable from the ledgers alone,
and the outputs of a resumed run are identical to those of an uninterrupted one for all deterministic
steps (ingestion, normalisation, linkage, corpus definition, classification). The embedding step is the
exception: shards were computed on several nodes and devices, and the per-host manifests record
for each shard where it was computed, so that any numerical difference between devices can be
traced; the embeddings are stored in half precision and are not claimed to be bit-identical across

hardware.

G.5. Protocol amendments

The protocol was frozen on 2026-11-02 before any analysis of the corpus, and every later change
is an amendment with an identifier, a reason and an approver (protocol/amendments.csv). All
seven amendments (A-000 to A-006) of Table 62 are approved by the executing agent and pending
the principal investigator’s signature at the checkpoint of the corresponding phase; the manuscript

marks the affected conclusions accordingly.

Table 62. Protocol amendments (protocol/amendments.csv).

Id Date Phase Change Reason

A-000 2026-11-02 0 §14 of the mandate completed from §1- The pasted mandate was truncated by
§13 the terminal

A-001 2026-11-03 1 Eligibility = type list corrected: The first run excluded 2.5 M conference-
conference-paper  and  software- paper records (1.09 M DBLP-linked)
paper are kept; DBLP-linked records through an outdated type list
are kept whatever their type unless
hard-excluded; XPAC records kept
when DBLP-linked (xpac_kept_
dblp)

A-002 2026-11-03 1 Records whose primary source is a Zenodo alone contributed 138,533 oth-
generic deposit platform are excluded erwise eligible 2026 records (deposits of
unless DBLP- or arXiv-linked (E7); slides, datasets and reports typed as arti-
date_precision added, monthly se- cles); 18-28 % of records carry a year-
ries use month-precision records only only date

A-003 2026-11-03 2 LLM rating budget for the taxonomy Mandate §7 requires agent-based vali-
validation fixed at 25 USD (two raters, dation with human checkpoints; the PI
structured outputs) rates 200 works

A-004 2026-11-03 3 Knowledge-graph extraction from Mandate §6.4 requires provenance, con-
abstracts of the high-priority set with fidence and verification status on every
claude-sonnet-5-5, provenance inferred relationship
spans and machine verification of spans;
budget 150 USD

A-005 2026-11-03 1 Exclusion code E7 redefined as the The Part IV writer found the protocol

generic-deposit exclusion; the CS
penumbra is a membership flag, not an
exclusion code

and code labels inconsistent
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G.6. Sources, licences and what is redistributed

Table 63 lists each raw source as obtained, with its size, integrity record and licence. Nothing
under data/raw/ or data/processed/ is committed to the repository (.gitignore excludes
both, together with every Parquet and JSONL file, except the provenance README and the metadata
directory); the copies live on the compute node. What the released repository contains is the code,
the ontology and its audit table, the manifests, ledgers and hashes, the PRISMA counts and the
linkage report, the aggregated result tables, the figures, the generated number macros and the
manuscript (protocol §P8). Record-level derived tables may be released where the source licence
permits: OpenAlex is CCO, DBLP is ODC-BY 1.0, arXiv metadata obtained through OAI-PMH is
used under the arXiv metadata terms of use (Part III, Table 3), which release the metadata itself
under CCO, and the ACL Anthology is CC BY 4.0; a derived record table therefore carries the
attribution required by ODC-BY and CC BY for the DBLP and ACL fields it contains. Full texts
are never redistributed and were never obtained through paywalls. The Semantic Scholar Academic
Graph was not used: bulk access requires an API key that was not available and anonymous calls
were refused, and the mandate’s instruction to record inaccessible data explicitly is satisfied by this
note; influential-citation and citation-intent signals derived from that graph are consequently absent

from the analyses.

G.7. Minimal reproduction sequence

A reader with a macOS or Linux machine, disk for the retained outputs (the CS subset and the
slim table occupy about 30 GB; the 675.3 GB of gzip parts are streamed and deleted after parsing
unless -keep-raw is given), memory for the DuckDB steps as configured (the scripts set memory_
limit to 60-70 GB, to be lowered on smaller machines at the cost of time) and no credentials can
reproduce the corpus and the bibliometric tables by creating the environment (uv venv -python
3.12 .venv && uv pip install -r requirements.txt), downloading the manifest of the
2026-10-14 release, and running steps 1-11 of Table 60 in order, with the second pass of step 9
between steps 8 and 10. The snapshot release is versioned, so a later release will not reproduce
the counts; the manifest date is the parameter that pins them. Steps 12 and 14 need no credentials
but benefit from several nodes; step 13 and the knowledge-graph extraction of amendment A-004
need an Anthropic API key and a budget of 25 and 150 USD respectively, and their outputs (ratings,
extracted edges) are released so that the downstream statistics can be recomputed without re-rating.
Step 15 regenerates every figure, table and number macro from the result files, and step 16 compiles
the manuscript; a missing result file surfaces as an undefined macro at compilation, which is the

intended way of detecting that a number has no source.
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Table 63. Raw sources as obtained (data/raw/README.md), with integrity record and licence.

Source What was obtained, when, size Integrity Licence
OpenAlex works data/jsonl/works/: 1,898 part files, manifest; per-file con- CCO
snapshot, release 464,765,485 works, 675.3 GB gzip; streamed tent length and SHA-
2026-10-14 2026-11-02 21:19-23:05 ET over HTTPS with 256 in works/ledger.
8 parallel streams; retained: CS subset 20 GB  sqlite (1,898/1,898 ok,
(15,490,159 records) and slim table 9.3 GB (all 0 parse errors, record total
works) = manifest total)
OpenAlex entity topics 4,516; subfields 252; fields 26; domains entities_ledger. CCO
snapshots 4; sources 268,629; institutions 143,455; pub- json (SHA-256 per file)
lishers 10,713; funders 41,799; concepts 65,026;
2026-11-02; 0.6 GB
OpenAlex API in- works with any CS topic, publication date 2026- raw JSON pages; api_ CCO
crement 10-01 to 2026-11-02, sliced by day and CS- increment/ledger.
primary status, basic paging <10,000 per slice; json (counts, cost)
from 2026-11-03 (public budget 0.10 USD/day,
several days)
DBLP dblp.xml.gz (2026-11-02 22:39 UTC), dblp. MDS5 ff1c424c...27c0 ODC-BY 1.0
dtd, .md5; 1.12 GB verified; parse report
(8,840,866 records)
arXiv OAI-PMH set cs, metadata format arXiv, datestamps 758 pages, 915,115 arXiv meta-
2018-01-01 to 2026-11-02 in monthly windows, unique records; data terms
raw XML pages kept; 2026-11-02/03 harvest_state.json, (CCO)
parse report
ACL Anthology anthology+abstracts.bib.gz; 2026-11- SHA-256 CCBY 4.0

02; 46.7 MB, 138,796 entries

44c3f7e9...58e3
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