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Abstract. The AI Risk Repository extracts every risk named in published AI risk frameworks and codes each one by the
entity presented as causing it. Its journal version reports that "human decisions cause nearly as many AI risks (38%) as the
AI systems themselves (42%)", which it calls contrary to common assumptions. Its first version, coding a smaller corpus
with the same Entity categories (version 3 later reworded the definition of Other), reported 51 percent AI and 34 percent
human and concluded that risks tend to be attributed to AI. In this analysis the author reviews and synthesises published
results to show that the split is a tally of how framework authors phrase risks, not a census of what causes them, and that it
moves with three things a causal claim would have to hold fixed. The first is the corpus: on the repository's own printed
counts, and if no existing risk was recoded, the 722 coded risks added between its first and second versions leaned human
by about twelve points, enough by themselves to close most of the gap. The second is the coding rule: each risk receives
exactly one entity, as presented in the source sentence, with joint causation placed in a residual bin, and the first version
itself warned that bias risks its sources meant to lay at developers' feet were worded as the model's doing. The third is
domain composition: 15 of 24 subdomains are coded at least 60 percent one way, so the aggregate is mostly a mixing
weight. Reweighting the subdomains moves each share by under three points, which is a robustness the author credits,
although it roughly halves the gap; removing a single domain moves each share by up to ten points, two of the seven
single-domain removals reverse which one leads, and recoding the bias and discrimination subdomains as the first version
said their sources intended reverses it narrowly. Incident databases, misuse studies and expert surveys give different splits,
each for a structural reason. The paper offers a protocol for an attribution census grounded in actual causation and states
what the existing tally can and cannot support.
Keywords: AI risk taxonomies; causal attribution; AI governance; content analysis; actual causation; responsibility; AI incidents;
measurement validity
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1. Introduction
AI risk now has a literature large enough to be reviewed
as a literature. One 2026 audit taxonomy opens by
counting "at least 74 AI risk taxonomies" (Galdon Clavell
et al., 2026). The frameworks differ in scope, from
language-model harms (Weidinger et al., 2021;
Weidinger et al., 2022) and sociotechnical harms of
algorithmic systems (Shelby et al., 2023) to societal-scale
and catastrophic risk (Critch & Russell, 2023; Hendrycks
et al., 2023), systemic risk under the EU AI Act's
definition (Uuk et al., 2024), and the categories
regulators and companies write into policy (Zeng et al.,
2024). Some organise risk by where in a system it arises,
as with the four modules of an LLM system (Cui et al.,
2024) or risk sources across development, training and
deployment (Gipiskis et al., 2024); some by the kind of
system, as with foundation models (Bommasani et al.,
2021), open-weight models assessed for their marginal
risk (Kapoor et al., 2024) and advanced assistants
(Gabriel et al., 2024). One scoping review of generative
AI ethics ranks 378 normative issues by how often the
literature raises them (Hagendorff, 2024), and other

consolidation efforts map the frameworks onto one
another (Bagehorn et al., 2025). They differ in
vocabulary too, which is the problem the AI Risk
Repository set out to solve (Slattery et al., 2026). Its
authors searched systematically for risk frameworks,
extracted every risk each one named, and coded the risks
against two taxonomies of their own: a Domain
Taxonomy of seven domains and 24 subdomains, and a
Causal Taxonomy that records, for each risk, the Entity
presented as causing it (Human, AI, or Other), the Intent
(intentional, unintentional, or other) and the Timing
(pre-deployment, post-deployment, or other).

The repository has become infrastructure. Its taxonomies
have been used to audit what a company safety
framework covers (Coggins et al., 2025), extended into a
mitigation taxonomy by the same group (Saeri et al.,
2025) and then extended again from incident reports
(Popchanovska et al., 2026). It is the most systematic
synthesis of the risk-framework literature the author has
found, and nothing in this paper disputes its value as a
catalogue.

This paper is about one number the repository reports.
The journal version's abstract states that "contrary to
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common assumptions, human decisions cause nearly as
many AI risks (38%) as the AI systems themselves
(42%)" (Slattery et al., 2026). The sentence has two
readings. On the first, it is a finding about discourse: of
the risks that published frameworks name, the share
whose wording places a human as the actor is close to
the share whose wording places the AI system there. On
the second, it is a finding about the world: human
decisions are nearly as large a source of AI risk as AI
systems are. The verb "cause" invites the second reading,
and the repository's own practical guidance relies on it
when it suggests that regulators address "the 37% of
risks attributed to human decisions through training
requirements, while addressing the 42% from AI system
actions through technical standards."

The repository's earlier versions make the question
sharper. Version 1, posted in August 2024, coded 668
risks from 43 documents and reported 51 percent AI, 34
percent human and 15 percent other, summarised in a
table of insights as "AI risks tend to be attributed to
decisions or actions taken by AI rather than by humans."
Version 2, in April 2025, coded 1,390 risks from 65
documents and reported 41 percent AI and 39 percent
human. Version 3, published in Patterns in 2026, coded
1,480 risks from 74 documents and reported 42 and 38.
The same Entity categories, with the definition of Other
reworded in version 3, the same team and the same
method; the headline changed from "mostly AI" to
"nearly equal." The gap between the two shares fell from
seventeen points to four.

In this analysis the author reviews and synthesises
published results to show that the split is a property of
three inputs that a causal claim would need to hold
fixed, and that the repository does not and was not
designed to fix. The argument has five parts.

First, the unit and the rule. A repository risk is a phrase
extracted from a framework, weighted by how finely
that framework subdivides its list, and coded with
exactly one entity, "as they were presented by the
authors," with any risk relevant to more than one entity
coded Other. That instrument measures the grammatical
agent of a framework's sentence. The repository's first
version saw this clearly and said so.

Second, the corpus. On the repository's own printed
counts, the 722 coded risks added between versions 1
and 2 split about 44 percent human to 32 percent AI, if
no existing risk was recoded. Either the added
documents moved the headline, or recoding did; either
way, the headline is a property of the inputs, not a stable
fact about AI risk.

Third, the mixture. Within most subdomains the code is
close to unanimous: misuse risks are human,
misinformation and safety-failure risks are AI. Fifteen of
24 subdomains are coded at least 60 percent one way.
The aggregate is therefore mainly a statement about
which domains the corpus emphasises. The author's

arithmetic on the repository's supplementary tables
shows two things at once: reweighting subdomains by
risk count, by document coverage or equally moves
either share by less than three points, which is real
robustness, although it roughly halves the gap; removing
the misuse domain or the AI-safety domain moves each
share by about seven to nine points and the gap between
them by fourteen to eighteen, and recoding only the bias
and discrimination subdomains as the repository's first
version said its sources intended is enough to reverse the
lead, narrowly.

Fourth, the concept. "Cause" in the sense needed to
allocate regulatory effort is actual causation, and the
formal and empirical work on it points to three things
the tally cannot represent: an outcome normally has
several actual causes, responsibility comes in degrees,
and which cause gets named depends on the question
asked and on norms (Halpern & Pearl, 2005; Chockler &
Halpern, 2004; Hilton, 1990; Hitchcock & Knobe, 2009).
The blame studies show that people's attributions in joint
human-AI failures follow structure, not just agency
(Awad et al., 2019; Shank et al., 2019).

Fifth, the other evidence bases. Incident databases,
misuse studies, expert surveys and elicitation
experiments each produce a different implicit split, and
each for a reason located in how its sample was drawn
(Marchal et al., 2024; Mengesha et al., 2026; Grace et
al., 2024; Lynch et al., 2025). One 2026 comparison of
an expert risk ranking with an incident-based ranking
found agreement of kappa about 0.20, with an interval
crossing zero (Lambros & Wilson, 2026).

The contribution is a reading of what the split measures,
a decomposition of its movement into corpus, rule and
mixture, the reweighting arithmetic that bounds how
much each matters, a comparison with the attribution
rules used elsewhere, and a protocol for an attribution
census (Algorithm 1) that would license the causal
reading. The paper does not argue that human decisions
are a minor source of AI risk, or a major one. It argues
that the repository's number cannot say which, and
states what could.

1.1 Scope, and relation to the author's earlier papers
The paper is about the Causal Taxonomy's Entity
variable and the aggregate split it yields. It touches
Intent and Timing only where they share the Entity
variable's construction, and it does not assess the Domain
Taxonomy, which raises different questions. It uses all
three public versions of the repository paper because the
movement between them is evidence; where the versions
disagree, the paper says which it quotes.

Two of the author's earlier papers are neighbours. One
examined what an early-warning threshold must deliver
in a frontier safety framework; it concerned whether
capability evaluations anticipate thresholded tasks, not
how frameworks attribute risk. Another argued that a

2

A Tally of Framings Is Not a Census of Causes



claimed change in a deployed model is a test against a
declared null; Section 4 below borrows only its habit of
asking what else could have moved a number between
two measurements. Neither paper treats risk taxonomies,
causal coding, or the human-versus-AI question.

2. What the repository measured

2.1 Corpus, extraction and coding
The repository's corpus is a set of documents that each
present a structured classification of AI risks. Version 1
retrieved 17,288 records, screened 7,945, assessed 91 in
full text and included 43: 21 from the search, 13 from
forward and backward searching, and 9 from expert
suggestions. Later versions added documents as they
were identified: 22 by March 2025, giving 65 in version
2, and 74 in version 3 (Slattery et al., 2026). From each
document, risks were extracted with quotes and page
numbers, giving 777 risks in version 1, 1,612 in version
2 and 1,725 in version 3.

The Causal Taxonomy was built by best-fit framework
synthesis, a method from qualitative evidence synthesis
in health research that starts from an existing framework
and revises it against the data (Carroll et al., 2011;
Carroll et al., 2013). The starting framework was
Yampolskiy's taxonomy of pathways to dangerous AI
(Yampolskiy, 2016), which classifies pathways by timing
(before or after deployment) and cause, where causes are
external (on purpose, by mistake, or environment) or
internal to the system. The repository reports choosing it
because it was highly cited, simple, comprehensive and
well defined, and revising it over three iterations into the
Entity, Intent and Timing variables.

Two features of the coding procedure matter for
everything that follows. The first is that coding followed
presentation: "we coded risks as they were presented by
the authors, aiming to capture the studied phenomena
directly rather than impose our own interpretations or
infer intent." The second is exclusivity: "we categorized
risks relevant to multiple levels of each causal factor
(e.g., both pre-deployment and post-deployment) as
'Other'." Each risk receives one Entity code. A risk whose
source names both a human and an AI as acting goes to
Other, as does a risk whose actor is unclear. Version 3
makes the first case explicit in its table definition, where
Other covers a risk that "arises from human-AI
interaction rather than either agent alone, or the causing
entity is ambiguous or unspecified"; version 1's table
defined Other as a risk "caused by some other reason or
is ambiguous," while its text already noted that Other in
the human-computer interaction domain meant "both
Humans and AI were presented in the descriptions of
those risks, or the causal Entity was ambiguous."

Coding was done by a single reviewer per risk, with
discussion among three coders where relevant, in all
three versions. Version 3 states that duplicate extraction
and coding would reduce the risk of bias or error, and

that "Future work should assess inter-rater reliability
with coders external to the authorship team."

2.2 The numbers, version by version
Table 1 consolidates the values the argument rests on.
Every row is printed in a version of the repository paper;
the version and table are named on the row.

Three small inconsistencies in the printed values should
be recorded so that no reader mistakes them for the
paper's point. Version 3 gives the human share as 38
percent in its abstract and Table S2 and as 37 percent in
one paragraph of its practical implications. Its document-
level counts of 65 and 70 of 74 documents correspond to
88 and 95 percent, while the printed percentages are 85
and 93. And its reconstructed aggregate, computed
below from its subdomain tables, comes out at 37
percent human and 45 percent AI rather than 38 and 42,
which is within the error expected from rounded
subdomain shares and from the two taxonomies being
coded over slightly different subsets of risks. None of
these affects the argument; all of them are reasons to
read the second digit of any repository percentage
loosely.

2.3 What the repository itself says the split means
The repository's body text is more careful than its
abstract. Describing the Timing variable, version 3 says
that the appropriate distribution of risks across
categories "would depend on empirical evidence about
risk frequency and severity that is beyond the scope of
this review," and its limitations section states that the
Causal Taxonomy "assigns risks to human or AI sources,
which simplifies the sociotechnical reality that many
risks emerge from human-AI interactions rather than
from either agent in isolation." Supplementary Table S2
describes the AI share as the share of risks "presented by
authors of the documents as due to a decision or action
by an artificial intelligence system."

Version 1 went further. Its limitations section warned
that "inclusion in this Repository should not be
interpreted as an endorsement of a risk's framing or
significance," and gave an example that bears directly on
the Entity code: "risks such as bias and discrimination
have been intended to be ultimately attributed to human
developers and designers, but in the verbatim text of the
risk the phrasing implicated the AI system (e.g., 'the
model generates...')." Version 2 retains the passage. The
author did not find it in the version 3 text.

So the repository's own text supports the discourse
reading. The causal reading enters through the abstract's
verb and through the regulatory guidance that divides
the risk population by Entity and assigns a policy
instrument to each part. The rest of this paper asks what
the discourse reading measures and why it cannot be
upgraded to the causal one.
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Table 1. Entity coding in the AI Risk Repository, by version, as printed (Slattery et al., 2026, arXiv:2408.12622 v1, v2, v3).

Version (date) Docs Risks Coded Human AI Other
v1 (Aug 2024), Table 3 43 777 668 34% 51% 15%
v2 (Apr 2025), Table C 65 1,612 1,390 39% 41% 20%
v3 (2026), Table S2 74 1,725 1,480 38% 42% 20%
v1, docs with any (Table 5) 41 - - 83% 98% 68%
v3, docs with any (Table S4) 74 - - 85% 93% 77%
v3, subdomain 2.2 (S8) - - - 78% 5% 16%
v3, subdomain 3.1 (S8) - - - 4% 87% 9%

3. What a presented-entity code measures

3.1 The grammatical agent of a framework's sentence
A risk framework is written to be used, and the way its
authors phrase a risk is chosen for the use. A taxonomy
aimed at model developers will say that "the model
generates" toxic text, because the developer's lever is the
model; one aimed at regulators will say that a deployer
used the model to make a decision, because the
regulator's lever is the deployer. Weidinger and
colleagues' six risk areas for language models describe
many risks with the model's outputs as their subject,
such as lower performance by social group or leaks of
private data (Weidinger et al., 2021), and their later
framework for sociotechnical evaluation argues that
"context determines whether a given capability may
cause harm" and adds human interaction and systemic
impact as evaluation layers (Weidinger et al., 2023). The
same risk can be phrased either way, and the phrasing
tracks the audience.

Hilton's conversational model of causal explanation
makes this a general point rather than an observation
about AI frameworks. Explanations, on his account, "are
selected by questions and are thus governed by general
rules of discourse"; the cause an explainer names is the
one relevant to the focus of the question being answered
(Hilton, 1990). Hitchcock and Knobe add that people's
causal judgments are shaped by norms, so that among
several factors without which an outcome would not
have occurred, the one that departed from a norm tends
to be called the cause (Hitchcock & Knobe, 2009). A
framework sentence is an answer to an implicit question
- what should this audience watch for - and its
grammatical agent is the factor that question makes
salient. Coding that agent faithfully records the question.

This is why the repository's practice of coding "as
presented" is not a weakness of execution. Inferring
authors' intentions would have introduced the coders'
own causal views, which would be worse. The issue is
what the code is a measurement of. The Entity variable
faithfully measures which actor framework authors put
in the subject position. That is a quantity worth
knowing; it is not the share of risk that each actor
causes.

3.2 Exclusivity and the residual bin
The second feature of the rule, one code per risk with
joint cases sent to Other, has a consequence that can be
stated exactly. The Human share is the share of risks
presented as caused by humans alone; the AI share is the
share presented as caused by AI alone. Risks presented as
joint are in neither. If every Other risk in version 3 were
a joint case, the share of risks in which a human was
presented as involved would be 58 percent, and the
share in which an AI was presented as involved would be
62 percent. Neither figure is reported, both exceed half,
and their sum exceeds 100 percent because involvement
is not exclusive. Some of Other is ambiguity rather than
jointness, so 58 and 62 are upper bounds; the true
involvement shares lie between the exclusive shares and
these.

The exclusive split therefore answers the question "which
actor is the sole presented cause, when there is one," and
the residual bin swallows exactly the cases that the
sociotechnical literature argues are typical. Selbst and
colleagues' account of abstraction traps holds that
technical interventions fail when abstraction boundaries
leave out the social actors around a system (Selbst et al.,
2019). Shelby and colleagues' scoping review of 172
computing papers organises harms that "emerge from the
interplay of technologies and social and cultural
dynamics" (Shelby et al., 2023). Lazar and Nelson argue
that "Only a sociotechnical approach can truly limit
current and potential dangers of advanced AI" (Lazar &
Nelson, 2023). On those views, the Other bin is where
most real risks belong, and a 20 percent Other share
measures how often framework authors write in a way
that makes the interaction explicit.

3.3 Single coding and reliability
The repository coded each risk once. The content
analysis literature treats agreement between independent
coders as the condition for trusting coded data, and
recommends Krippendorff's alpha as a standard
coefficient because it handles any number of coders,
scales and missing data (Hayes & Krippendorff, 2007).
The opposing position deserves a hearing. McDonald and
colleagues found that inter-rater reliability was reported
in about one in nine qualitative papers in CSCW and HCI
from 2016 to 2018 and treat how, and even whether, to
establish reliability in qualitative research as an open
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question whose answer depends on the kind of work,
asking pointedly what reliability means for building a
grounded theory (McDonald et al., 2019). The
repository's taxonomy construction is that kind of work,
and its coders cited grounded-theory practice.

The distinction that settles the matter is between
building a taxonomy and reporting a prevalence from it.
Category construction can proceed by discussion and
iteration without an agreement statistic. A percentage
reported in an abstract, and recommended as a basis for
dividing regulatory effort, is a measurement, and a
measurement made by one coder per item has an
unknown error. Paeth and colleagues, reporting on the
two independent taxonomies applied to the AI Incident
Database, found that inter-annotator variation in the
CSET harm taxonomy "can be reduced but not removed"
through iterative development of definitions, examples
and annotation processes (Paeth et al., 2024). Entity
coding of short risk phrases, where the phrase may name
an actor only implicitly, is unlikely to be easier.

The author cannot say how large the coding error is. No
published study recodes a sample of repository risks
independently. That is the cheapest check on the whole
number; step S5 of Algorithm 1 builds it in, and Section
10 lists it first among what is not known.

3.4 The unit: a risk is a line in someone's list
The unit of the tally is the extracted risk, and the
number of risks a document contributes depends on how
finely its authors subdivided. The repository does not
print per-document counts. Its totals show that the
granularity varies: version 1 averaged 18.1 risks per
document, and the 22 documents added for version 2
contributed 835 risks, about 38 each. A framework that
lists 60 fine-grained misuse risks counts six times as
heavily in the aggregate as one that names ten.

Counting items across studies is a known hazard in
research synthesis. Hedges and Olkin showed that vote
counting - concluding from the proportion of studies that
report an effect - is a poor procedure for aggregating
evidence (Hedges & Olkin, 1980). The analogy is not
exact, since the repository is counting named risks rather
than significance verdicts, but the lesson carries: a count
of items across documents mixes the phenomenon with
the documents' reporting conventions. The repository's
document-level tallies (Table 1, rows 4 and 5) are the
obvious alternative unit, and on that unit the result
changes in kind: in version 3, 85 percent of documents
name at least one human-presented risk and 93 percent
name at least one AI-presented risk. Most frameworks
name both, as the repository itself notes.

4. Why the gap closed: corpus, rule or both

4.1 What the added documents contributed
The repository's printed coded counts and percentages
allow a rough decomposition of the change between
versions. The following is the author's arithmetic, not a
value the repository reports. Version 1 coded 668 risks,
51 percent AI and 34 percent human; version 2 coded
1,390, 41 and 39 percent. If no risk coded in version 1
was recoded for version 2, the 722 risks added between
them were about 32 percent AI (between 30 and 33
percent once the printed values' rounding is allowed for),
about 44 percent human (42 to 45 percent) and about 25
percent Other. The added material leaned human by
roughly twelve points, where the original corpus had
leaned AI by seventeen. Between versions 2 and 3, only
90 coded risks were added; at that size the printed
rounding leaves the AI share of the additions anywhere
between 41 and 73 percent, so nothing can be said about
them.

The conditional matters. The repository does not state
whether risks coded in version 1 were recoded later, and
version 3 rewrote the definition of Other to name
human-AI interaction explicitly. There are therefore two
possibilities, and the paper's argument needs only their
disjunction. If no recoding occurred, the change from
"mostly AI" to "nearly equal" was produced by which
documents entered the corpus, and the 22 documents
added by March 2025 were human-leaning. If recoding
occurred, the change was produced at least partly by the
coding rule. Either way, the headline moved because an
input moved, not because anything was learned about
where AI risk comes from.

4.2 Why the inputs move it so easily
Figure 1(a) plots the version 3 entity codes within each
of the 24 subdomains. They are not spread evenly
between the axes. The points crowd toward the two
corners: misuse subdomains (4.1, 4.2, 4.3) and system
security (2.2) at 72 to 81 percent human, misinformation
(3.1), dangerous capabilities (7.2) and toxic content
(1.2) at 84 to 90 percent AI. Fifteen subdomains, holding
about three quarters of the coded risk weight, have one
entity at 60 percent or more. A handful sit in the middle
or are dominated by Other, notably loss of human
agency (5.2), half of whose risks are Other, and pollution
of the information ecosystem (3.2).

When subdomain codes are nearly pure, the aggregate is
a weighted average of nearly fixed numbers, and the
weights are the corpus's emphasis. Table 2 reports what
happens to the version 3 split when those weights or
codes change. Every value is the author's arithmetic on
the repository's Tables S5 and S8; none is a repository
result.

Table 2. Version 3 Entity split under alternative weights
and codings: the author's arithmetic on Slattery et al.
(2026), Tables S5 and S8.
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Figure 1. What moves the AI Risk Repository's Entity split. (a) Version 3 entity codes within each of the 24 subdomains (Slattery et al.,
2026, Table S8); marker area is proportional to the subdomain's share of domain-coded risks (Table S5), and points below the dashed line
have Other codes. (b) Human and AI shares as printed in versions 1 to 3 (top three rows) and under the author's arithmetic on the printed
tables (rows marked *): the composition of risks added between v1 and v2 assuming no recoding; v3 rebuilt from Tables S5 and S8 under
risk-count, document-coverage and equal subdomain weights; v3 with Domain 4 (misuse) or Domain 7 (AI system safety) removed; and v3
with the AI codes of the bias and discrimination subdomains (1.1 and 1.3) moved to Human, as v1 said its sources intended.

Variant Human AI
AI minus
Human

Printed (Table S2) 38 42 +4
Rebuilt, subdomain risk shares 36.8 44.9 +8.1
Subdomain document coverage 38.5 42.3 +3.8
Equal weight per subdomain 38.1 42.0 +3.9
Without Domain 1 (discrimination
and toxicity)

41.3 39.2 -2.1

Without Domain 2 (privacy and
security)

34.1 47.3 +13.1

Without Domain 3 (misinformation) 38.0 43.7 +5.7
Without Domain 4 (misuse) 29.3 51.6 +22.3
Without Domain 5 (human-computer
interaction)

36.8 46.6 +9.7

Without Domain 6 (socioeconomic) 33.6 49.5 +15.9
Without Domain 7 (AI safety) 45.4 35.7 -9.7
Subdomains 1.1 and 1.3 AI codes read
as Human

41.7 40.1 -1.6

All values are percentages of coded risks. The rebuilt row
weights each subdomain by its share of domain-coded
risks in Table S5; the next two rows weight by the share
of documents mentioning the subdomain and equally.
The removal rows drop each domain's subdomains in
turn and renormalise the risk weights. The last row
moves the AI codes of the two bias and discrimination
subdomains, 1.1 (unfair discrimination and
misrepresentation) and 1.3 (unequal performance across
groups), into Human and leaves Other unchanged. The
rebuilt row differs from the printed split by one to three
points on each share and by about four points on the
gap; because every variant row applies the same
arithmetic, the shifts below are measured from the
rebuilt row.

The table supports two claims, and the first is in the
repository's favour. Reweighting the 24 subdomains by
document coverage or equally moves either share by
under three points relative to the rebuilt split. It does
narrow the gap, from about eight points to about four, so
the weighting is not irrelevant; but the near-equality
survives it, and within version 3's corpus it is not an
artefact of a few verbose frameworks dominating the
count. That is a genuine robustness, and an objection
this paper might have pressed turns out not to hold.

The second claim is that composition at the domain
level, and the coding of a single domain, matter a great
deal. A corpus that omitted the misuse domain would
report AI-caused risks outnumbering human-caused ones
by about 52 to 29, a shift in the gap of fourteen points. A
corpus without the AI-safety domain would report
humans ahead by 45 to 36, a shift of eighteen, and one
without the discrimination and toxicity domain would
report humans narrowly ahead as well. And if the two
bias and discrimination subdomains, where version 1
said the sources intended to attribute the risk to
developers and designers, were coded by that intent
rather than by their wording, the human share would be
42 percent and the AI share 40 percent: each share
moves by about five points and the lead reverses, by less
than two points. Version 1 says this of bias and
discrimination only, not of exposure to toxic content
(1.2), so that subdomain is left as coded.

The domain-removal rows are not claims about any real
corpus. They show the size of the lever. Between
versions 1 and 2 the gap closed from seventeen points to
two, and the arithmetic of Section 4.1 attributes that,
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absent recoding, to added material that leaned human by
about twelve points. A lean of that size is well within
what a shift in domain emphasis produces.

4.3 What this implies for "contrary to common
assumptions"
The abstract frames the split as overturning an
assumption that AI systems are the main source of AI
risk. Version 1's own insight table had stated that
assumption as a finding of the same instrument, on a
smaller corpus. A result that reverses its emphasis when
31 documents are added to 43 is evidence that the
instrument is sensitive to corpus composition, not that
the assumption was refuted. The repository's later
number may well be the better one, because its corpus is
larger, but nothing in the method ties either number to
the causal structure of risk, so neither can refute an
assumption about it.

5. What "cause" would have to mean

5.1 Actual causation is plural and graded
The causal reading of the split needs a concept of cause
under which each risk has one causing entity. The formal
theory of actual causation provides no such concept.
Halpern and Pearl's structural-model definition asks
whether an event is an actual cause of an outcome in a
model of the situation, and an outcome typically has
several actual causes at once (Halpern & Pearl, 2005;
Halpern, 2015). Chockler and Halpern extend the
definition to degrees: "if someone wins an election 11-0,
then each person who votes for him is less responsible
for the victory than if he had won 6-5," and degree of
blame is the expected degree of responsibility under the
blamer's epistemic state (Chockler & Halpern, 2004).

Under this account a harmful output of a deployed
system has, as actual causes, the developer's training
choices, the deployer's decision to use the system in that
setting, the user's prompt and the system's computation.
Each may be a cause and each has a degree of
responsibility. An attribution census in this sense reports
a distribution of responsibility over actors for each risk,
and aggregates by summing responsibility, not by
counting sole causes. The repository's exclusive split is a
degenerate case in which every risk assigns all
responsibility to one actor or is set aside.

5.2 Safety engineering has already rejected the single-
cause frame
The fields that built incident databases before AI had
them reached the same conclusion from practice.
Leveson's systems-theoretic accident model was
introduced on the ground that "The most effective
models will go beyond assigning blame" and must
include factors "related to social and organizational
structures" (Leveson, 2004). Koessler and Schuett's
review of risk assessment practice from safety-critical
industries, written for frontier AI developers,

recommends techniques such as causal mapping, bow-tie
analysis and system-theoretic process analysis, all of
which represent chains and networks of causes rather
than one causal entity per risk (Koessler & Schuett,
2023). Kaplan and Garrick define risk as a set of triplets -
scenario, likelihood, consequence - and a taxonomy
entry without the second and third elements is a
scenario, not a risk in their sense (Kaplan & Garrick,
1981). The repository acknowledges this, stating that it
"could not capture risk likelihood, severity, or
interactions between risks."

5.3 The corpus's own frameworks disagree about
attribution
The repository's corpus contains frameworks whose
organising principle is attribution itself, and they do not
attribute the same way. Critch and Russell's TASRA
classifies societal-scale risks by "whose actions led to the
risk, were they unified, and were they deliberate?", and
grounds five of its six types in the intentions of the
technology's creators (Critch & Russell, 2023). On that
scheme a scenario in which an AI system escapes control
is still classified by what its creators intended and
whether the technology served it. TASRA explicitly
criticises the framework the repository took as its best
fit: Yampolskiy's taxonomy, it says, "was non-exhaustive,
because it presumed a unified intention amongst the
creators of a particular AI system," while in reality "no
well-defined 'creator's intent' might exist if multiple AI
systems are involved." Its Type 1, diffusion of
responsibility, covers harms for which "no one in
particular is primarily responsible."

Hendrycks, Mazeika and Woodside divide catastrophic
risk into malicious use, AI race, organisational risks and
rogue AIs, so that three of four sources are defined by
human or institutional conduct (Hendrycks et al., 2023).
The International AI Safety Report classifies general-
purpose AI risks into "malicious use risks; risks from
malfunctions; and systemic risks," a division by
mechanism rather than by actor (Bengio et al., 2025).
Kasirzadeh contrasts decisive existential risk, abrupt and
driven by advanced systems, with accumulative risk
arising from "a series of smaller yet interconnected
disruptions" (Kasirzadeh, 2025), a pathway with no
single causing entity. Chan and colleagues define agency
in algorithmic systems by four characteristics, including
underspecification, that come in degrees and can
increase together (Chan et al., 2023), and Hammond and
colleagues' multi-agent taxonomy names emergent
agency among its risk factors (Hammond et al., 2025).
Amodei and colleagues define accidents as "unintended
and harmful behavior that may emerge from poor design
of real-world AI systems" (Amodei et al., 2016), a
definition in which the behaviour belongs to the system
and the poor design to people.

A presented-entity code applied to sentences from these
frameworks will register whichever actor each sentence
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names. That is fair to each framework. But the
frameworks disagree about which actor should be
named, and the aggregate averages over the
disagreement rather than resolving it.

5.4 Responsibility gaps and crumple zones
The philosophy and STS literature on responsibility in
automated systems adds a reason the presented actor is a
poor guide to the causal one. Matthias introduced the
responsibility gap for learning automata (Matthias,
2004): the concern, in Santoni de Sio and Mecacci's
summary, that such systems may make it "more difficult
or impossible to attribute moral culpability to persons
for untoward events." Santoni de Sio and Mecacci argue
that the gap is "not one problem but a set of at least four
interconnected problems," with sources that are
technical, organisational, legal, ethical and societal
(Santoni de Sio & Mecacci, 2021). Cooper and colleagues
revisit Nissenbaum's 1996 analysis of four barriers to
accountability in computerised society (Nissenbaum,
1996) for machine learning systems, and the first of
those barriers is the problem of many hands, which, they
write, "obscures lines of causal responsibility" (Cooper et
al., 2022). Another of the four bears directly on entity
coding: "scapegoating computers obscures answerable
moral actors by misleadingly or mistakenly attributing
moral agency to non-moral causes." A sentence that says
"the model discriminates" is, on that account, a candidate
instance of the barrier, and an Entity code of AI records
it without being able to tell. Elish's moral crumple zone
names the pattern in which "responsibility for an action
may be misattributed to a human actor who had limited
control over the behavior of an automated or
autonomous system" (Elish, 2019).

These accounts point in different directions.
Responsibility gaps suggest that sentences will tend to
name the AI where no human can be located; crumple
zones suggest that they will name the nearest human
operator. The repository's Entity split cannot be read as
evidence for either tendency or against it, because it
records which way the sentences went without any
independent measure of which way the responsibility
runs.

5.5 People's attributions follow structure
Experiments on how people assign blame in joint
human-AI failures show that attribution is shaped by the
decision structure, not only by who acted. Awad and
colleagues asked participants to allocate blame when a
shared-control car killed a pedestrian: when one driver
erred, that driver was blamed more whether it was
human or machine, but "when both drivers make errors
in cases of human-machine shared-control vehicles, the
blame attributed to the machine is reduced" (Awad et al.,
2019). Shank and colleagues found that decision
structure had little effect on faulting AIs, but that
humans monitoring AIs were faulted less than solo
humans and humans receiving recommendations, and

that people attributed "more permission and less fault to
AIs compared to humans for the violation in both joint
decision-making structures" (Shank et al., 2019). Lima
and colleagues found in two experiments (N = 200
each) that, for an identical bail-decision task, AI agents
were held causally responsible and blamed similarly to
human agents, while human agents were ascribed more
of the present-looking and forward-looking notions of
responsibility (Lima et al., 2021). Causal responsibility
and the other forms of responsibility came apart in the
same judgment, which is the distinction a single Entity
code cannot hold.

Whether the wording of a description shifts these
judgments is less settled than critics of anthropomorphic
language often assume. Epstein and colleagues found
that perceptions of an AI's anthropomorphism could be
manipulated by describing it as a tool or as an agent,
with consequences for how credit and responsibility
were allocated (Epstein et al., 2020). Three later studies
found small or no effects of anthropomorphic wording:
on trust in two fictitious systems (Inie et al., 2024,
n = 954), on perceptions of AI more broadly (Hou et al.,
2026, N = 815), and on moral judgments of
misbehaving AI across four experiments (Banks et al.,
2026, total N = 1,020), where the type of violation was
the strongest predictor. Abercrombie and colleagues
catalogue the linguistic choices that invite
personification in dialogue systems and recommend care
in how such systems are described (Abercrombie et al.,
2023).

The fair reading is that readers' judgments may be fairly
robust to wording, which is good news for readers of risk
frameworks. It does not rescue the tally, because the
tally is not a measure of readers' judgments. It is a code
applied directly to the wording.

6. Other evidence bases give other splits, for
structural reasons
A natural response is that the repository's number,
whatever its construction, is the only systematic estimate
available. It is not. Several other evidence bases yield
implicit human-versus-AI splits, and each differs from
the repository's for a reason located in how its sample is
drawn. Table 3 collects them. Each row is a published
result, with its source named on the row.

6.1 Misuse studies: the actor is fixed by definition
Marchal and colleagues coded roughly 200 media reports
of generative AI misuse from January 2023 to March
2024 and found that "Nearly 9 out of 10 documented
cases" involved actors exploiting system capabilities
rather than attacking the models; the most common
goals were shaping public opinion (27 percent of cases),
monetisation (21 percent) and fraud (18 percent)
(Marchal et al., 2024). These are human-caused risks by
construction: misuse is defined by a human's intent. The
study is informative about how people use AI to cause
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Table 3. Published results bearing on where AI harms are attributed, by evidence base. Unit and rule are as stated by each source.

Evidence base and source Unit Reported result
Framework risks: Slattery et al. (2026)
v3

1,480 coded risks 38% Human, 42% AI, 20% Other

Misuse reports: Marchal et al. (2024) about 200 cases nearly 9 in 10 exploit capabilities, not attacks
AIID content analysis: Wei & Zhou
(2023)

150 incidents inappropriate use (bad performance) most common, N = 48

Workplace incidents: De Miguel
Velazquez et al. (2026)

214 workplace incidents (from 1,524
incident reports analysed)

83% stem from worker-AI misalignment; 74% of misaligned
tasks attributable to developers

Expert vs incident ranking: Lambros &
Wilson (2026)

6,639 labelled incidents kappa about 0.20, 90% interval crossing zero

Expert survey: Grace et al. (2024) 1,345 respondents top concern: false information, 86% substantial or extreme
Elicitation: Lynch et al. (2025) 16 models, constructed scenarios insider-threat behaviour in some cases for all developers;

none seen in real deployments

harm, and silent on how harms divide between human
and AI actors, because its inclusion criterion settled that
question in advance. A census that drew heavily on
misuse studies would report a human-dominated split for
the same reason the repository's misuse subdomains are
72 to 81 percent human.

6.2 Incident databases: what is reported, and when
Incident databases look like the obvious empirical
counterweight to a census of framework sentences.
McGregor's AI Incident Database was founded on the
analogy with aviation, where industries "collect their
real world failures in incident databases to inform safety
improvements" (McGregor, 2021). Its maintainers and
collaborators have since documented what such
databases can and cannot support. Mengesha and
colleagues note that "simple incident counts conflate
media reporting propensity, system deployment
('exposure'), and harm frequency per unit exposure"
(Mengesha et al., 2026). Abraham and colleagues add
that incident databases "cannot measure 'risk'" as a joint
measure of likelihood and severity without data on how
prevalent the systems are and how often their incidents
are reported (Abraham et al., 2026). Sidhu and
colleagues find a lack of consistency across incident
frameworks in definitions, classification, monitoring and
reporting (Sidhu et al., 2026), and Shaffer Shane argues
that incidents are constructed through networked online
behaviour (Shaffer Shane, 2023), which implies that
what becomes a recorded incident depends on who
notices a failure and amplifies it.

Two further results suggest that the failures incident
databases record often run through deployment
decisions. Raji and colleagues' taxonomy of functionality
failures starts from the observation that "Deployed AI
systems often do not work. They can be constructed
haphazardly, deployed indiscriminately, and promoted
deceptively" (Raji et al., 2022), each of which is a human
decision about a system rather than a system's decision.
An earlier internal-audit framework from overlapping
authors notes that once systems are deployed, "emergent
issues can become difficult or impossible to trace back to
their source" (Raji et al., 2020), which is the attribution

problem in its operational form.

On causation specifically, Paeth and colleagues report
that establishing whether "the harm event in question
would not have occurred if not for the behavior of the AI
system implicated" is "inherently counterfactual" and can
be unattainable and subject to epistemic uncertainty
(Paeth et al., 2024). The Goals, Methods and Failures
taxonomy applied to the same database distinguishes
system goals, which are nearly always known, from
technical failure causes, which are subject to expert
analysis (Pittaras & McGregor, 2022), and Paeth and
colleagues note that it focuses on technical failures,
which sits awkwardly with incidents involving malicious
use or society-level harm without technical failure.
Hoffmann and Frase's harm framework for the database
was designed to standardise the identification of harm,
not to apportion its causes (Hoffmann & Frase, 2023).

The incident studies that do report attributions use rules
different from the repository's. Wei and Zhou's content
analysis of 150 incidents found "inappropriate use (bad
performance)" the most common ethical issue (N = 48),
a category whose name combines a deployer's choice
with a system's failure (Wei & Zhou, 2023). The category
most plainly about a human's intent, "unethical (illegal)
use" by adversaries, has N = 11. De Miguel Velazquez
and colleagues analysed 1,524 incident reports,
identified 214 workplace incidents among them, and
found that "as many as 83% of workplace incidents stem
from worker-AI misalignments" (179 of the 214), then
attributed 74 percent of the misaligned tasks to
developers by comparing the traits of the implicated
systems with the traits developers said they would prefer
(De Miguel Velazquez et al., 2026). That study attributes
the same incidents to the AI's traits as the proximate
cause and to developers' design choices as the distal one,
a non-exclusive attribution the repository's rule could not
express.

Abercrombie and colleagues built a harm taxonomy from
existing taxonomies and a large incident repository, with
crowdsourced annotation testing (Abercrombie et al.,
2024). Popchanovska and colleagues extracted
mitigation actions from 6,893 of 9,705 media-reported
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incident articles and found that the responses fell partly
outside the mitigation categories derived from
frameworks, adding four new categories (Popchanovska
et al., 2026). Both results suggest that incident-grounded
and framework-grounded classifications diverge.

6.3 Expert rankings and incident rankings disagree
The most direct published comparison is not about entity
attribution but about risk prioritisation, and it shows
how weakly a framework-based view can track an
incident-based one. Lambros and Wilson assembled a
corpus of LLM-security incidents (7,714 snapshotted,
6,639 labelled against a 20-entry taxonomy) and
compared the incident-based ranking with the expert
ranking that produced the OWASP Top 10 for LLM
applications. They describe the agreement as weak,
reporting a Cohen's kappa of about 0.20 with a 90
percent interval that crosses zero (Lambros & Wilson,
2026). The published 2026 list blends the expert vote
and the incident data at fixed weights of 0.75 and 0.25.
The authors are careful to frame this as an exploratory
analysis by two working-group members. The
comparison is security-specific and concerns ranking
rather than attribution, but it is the closest published test
of whether what experts write about risk tracks what is
recorded happening, and the answer for that domain was
barely.

6.4 Expert surveys measure concern
Grace and colleagues asked AI researchers how much
concern eleven scenarios deserved over the next thirty
years. Among the 1,345 who answered, the scenarios
most often rated as substantial or extreme concerns were
spread of false information such as deepfakes (86
percent), manipulation of large-scale public opinion (79
percent), AI letting dangerous groups make powerful
tools (73 percent), authoritarian rulers using AI to
control populations (73 percent) and AI worsening
economic inequality (71 percent) (Grace et al., 2024).
Four of those five scenarios correspond to subdomains
the repository codes mostly or plurality human.
Manipulation of public opinion maps to disinformation,
surveillance and influence at scale (4.1, 72 percent
human); dangerous groups' tools to weapons and mass
harm (4.2, 76 percent); authoritarian control to 4.1
again, whose name includes surveillance, or to power
centralisation (6.1, 69 percent); and inequality to 6.2,
where human is only a plurality (46 percent human to
33 percent AI). The first, false information such as
deepfakes, could fall in 3.1, coded 87 percent AI, or in
4.1, depending on whether its source sentence names the
content or the person who made it. That a scenario's
entity code turns on such a choice of wording is the
point of Section 3. The authors note the limit of their
own instrument: a scenario "might be considered
especially disastrous, or especially likely, or both. From
our results, there's no way to disambiguate these
considerations." A concern rating, like a framework

entry, is neither a likelihood nor a causal share.

6.5 Elicitation studies: the AI is the actor because the
scenario was built for it
Among the risks the repository codes as most purely AI-
caused are AI pursuing its own goals (7.1, 74 percent AI)
and dangerous capabilities (7.2, 90 percent AI). Much of
the current empirical evidence for risks of this kind
comes from elicitation studies, and the most prominent
of them report no observation in real deployment. Lynch
and colleagues placed 16 models in constructed
corporate scenarios and found that "In at least some
cases, models from all developers resorted to malicious
insider behaviors" when that was the only way to avoid
replacement or achieve their goals; they also state that
"We have not seen evidence of agentic misalignment in
real deployments" (Lynch et al., 2025). Meinke and
colleagues found in-context scheming in five frontier
models when given a goal in context and told to pursue
it strongly, in environments built to incentivise it
(Meinke et al., 2024). Greenblatt and colleagues found
that a model told it was being trained to answer harmful
queries complied with such queries from users it
believed were monitored for training 14 percent of the
time, versus almost never for others, with explicit
alignment-faking reasoning in almost all such cases
(Greenblatt et al., 2024).

These are real and important results about what current
systems will do. For the attribution question, what
matters is that each was obtained by people who
designed a scenario to make a particular AI behaviour
possible and observable. A framework sentence citing
them will name the AI as the actor, correctly, because
the AI's behaviour is the finding. Whether such
behaviour in deployment would be best attributed to the
system, to its developers, or to the deployer who gave it
the permissions, is not something an elicitation study is
designed to answer, and the repository's code records
only the sentence.

6.6 What the comparison shows
Each evidence base has a selection mechanism that
pushes its implicit split in a predictable direction. Misuse
studies are human by definition. Incident databases over-
represent what is visible and reported. Elicitation studies
are AI-centred by design. Expert surveys measure
concern, which mixes likelihood with severity.
Framework sentences follow their authors' audiences.
None of these is wrong, and none is a census of causes.

7. What the tally can and cannot support
Berman and colleagues interviewed 25 researchers and
practitioners who build or use what they call
sociotechnical outcome taxonomies and found two
problems relevant here. The design choices through
which such taxonomies represent risk "tend to be
invisible to downstream taxonomy users," who "treat the
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resulting categories as exhaustive accounts of risk rather
than as interpretive aids"; and such taxonomies "typically
enumerate harms without linking them to decision
points or actors implicated in their occurrence" (Berman
et al., 2026). Their participants reported that "most
existing SOT do not attempt to identify the decision
points or critical actors who may be responsible for the
catalogued risks occurring." The Causal Taxonomy is the
repository's attempt to link harms to actors, and the
reading this paper argues for is that it links them to the
actors the source sentences name, which Berman and
colleagues' participants would recognise as an
interpretive aid rather than a causal analysis.

On that reading, the tally supports several uses well.

It supports describing discourse conventions. That
frameworks write misuse with a human subject and
misinformation with an AI subject is a real finding: the
subdomain codes in Figure 1(a) are strongly polarised.
Their polarity has held across versions even where their
level has not. For the four subdomains whose shares
version 1 prints in its text, false or misleading
information went from 94 to 87 percent AI, privacy
compromise from 62 to 60 percent AI, fraud and
targeted manipulation from 87 to 81 percent human, and
power centralisation from 92 to 69 percent human. The
last is a reminder that a subdomain code, too, is a
property of its corpus.

It supports gap-finding. A subdomain with few risks, or
with risks mostly coded Other, marks a place where the
literature has not settled on a framing. The repository
uses its domain coding this way, noting that multi-agent
risks appear in 7 percent of frameworks and AI welfare
in 3 percent.

It supports coverage audits of a single framework against
the catalogue, as in Coggins and colleagues' affordance
analysis, which found that one company safety policy
requests evaluation of "a small minority of AI risks"
(Coggins et al., 2025).

It does not support three uses that the causal reading
invites.

It does not support claims about which actor causes
more AI risk, in either direction. The abstract's "cause"
should be read as "are presented as causing."

It does not support allocating policy instruments by
Entity share. A risk coded human because its source
sentence names a malicious user may still be most
cheaply reduced by a technical safeguard; one coded AI
because its sentence says "the model generates" may still
be most cheaply reduced by a deployment rule. Saeri and
colleagues' mitigation review found that terms like "risk
management" and "red teaming" "refer to different
responsible actors, actions, and mechanisms of action to
reduce risk" (Saeri et al., 2025), which is the same
problem at the mitigation end: the actor named is not
the same as the actor who can act.

It does not support tracking change over time. A rising
or falling Entity share across repository versions reflects
the corpus and coding, as Section 4 shows, and cannot
be read as a change in how AI risk is caused.

The measurement-modelling view gives the general form
of this diagnosis. Jacobs and Wallach argue that many of
the harms studied in the fairness literature on
computational systems arise from mismatches between a
theoretical construct and its operationalisation (Jacobs &
Wallach, 2021), and Wallach and colleagues argue that
evaluating generative AI is a social science measurement
challenge and propose a four-level framework, grounded
in measurement theory, for moving from a concept to
the instruments that measure it (Wallach et al., 2025).
The construct the abstract names is the causal
contribution of humans and AI systems to AI risk. The
operationalisation is the grammatical agent of extracted
framework phrases, coded once each, exclusive, and
aggregated by count. The gap between the two is the
subject of this paper.

8. A protocol for an attribution census
The causal question is answerable in principle, and the
repository's catalogue is the right starting point for
answering it. Algorithm 1 states the decision structure an
attribution census would need. It proposes no new score;
each step borrows a published method.

Step S1 changes the unit from the extracted phrase to a
deduplicated scenario, so that granularity in the sources
does not weight the result (Section 3.4). Steps S2 to S4
replace the single presented entity with plural, graded
actual causes (Section 5.1). Step S5 makes the reliability
of the coding a reported quantity, using the coefficient
Hayes and Krippendorff propose as a standard (Section
3.3); the threshold is declared in advance so that it
cannot be chosen after the agreement is seen, and a
census that fails it should not be published as a share.
Step S6 converts scenarios to risks in Kaplan and
Garrick's sense, or says that it cannot (Section 5.2). Step
S7 reports the causal share and the presented share side
by side, so that the gap between framing and attribution
becomes a finding in its own right. Steps S8 and S9 carry
out the leave-one-domain-out and reweighting checks of
Section 4.2 and add an incident-grounded subsample to
test against the selection effects of Section 6.

The protocol is laborious, and much of it may not be
possible for many risks: S2 requires a scenario concrete
enough to model, and S6 requires evidence the field
mostly lacks. Its value is that every step that fails tells a
reader which claim cannot be made. A census that
completes S1 to S5 and S7 without S6 supports an
unweighted attribution share; one that completes S8 and
finds the share moves by more than its reported
difference does not support a claim about which actor
dominates.
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Algorithm 1. Attribution census for a catalogue of AI risks.

Input: catalogue R of risk scenarios; actor set A = {developer,
       deployer, user, third party, AI system, institution}.
S1  Declare the unit: a scenario with an outcome, not a phrase.
    Merge duplicates across frameworks before counting.
S2  For each r in R, write a minimal causal model: the actors
    whose actions or omissions are variables in it.
S3  Code actual causes per actor under a stated definition
    (structural-model actual causation); allow many per r.
S4  Code a degree of responsibility per cause (Chockler-Halpern
    style); normalise within r so the degrees sum to 1.
S5  Double-code a random sample of R; report Krippendorff's
    alpha for S2-S4 separately; stop if alpha is below a
    threshold declared before coding began.
S6  Weight each r by stated likelihood and severity where any
    evidence exists; otherwise report unweighted and say so.
S7  Report per-actor responsibility share = sum over r of
    weight(r) x degree(actor, r) / sum of weights; report
    also the presented-entity share for comparison.
S8  Sensitivity: recompute S7 under (a) leave-one-domain-out,
    (b) document weights, (c) incident-grounded subsample.
S9  Report which of S6-S8 moves the share most; claim only
    what survives all three.

9. Objections
The repository never claimed a causal census. Largely
true, and Section 2.3 credits its body text for being
careful. But the abstract says "cause," presents the
number as overturning an assumption, and the practical
implications use it to divide regulatory effort. A reader
who takes the abstract and the guidance at their word
will read it causally, and nothing in the abstract tells
that reader otherwise.

Coding as presented is the only defensible rule for a
review. Agreed; Section 3.1 argues the same. The
objection is not to the rule but to the inference from
what it measures. A review that codes framings faithfully
has measured framings.

The reweighting shows the split is robust, which
undercuts this paper. It shows that within version 3's
corpus the split is robust to how subdomains are
weighted, and the paper reports that as a point in the
repository's favour. It does not show robustness to which
domains the corpus contains, to recoding, or to the
choice of unit; the version history and the domain-
removal arithmetic show that those levers are large.

The arithmetic in Table 2 and Section 4.1 rests on
rounded percentages. It does. The rebuilt split differs
from the printed one by about three points, and the
version 2 to 3 additions are too few to resolve. The
conclusions drawn are limited to effects much larger
than the rounding: a twelve-point human lean in the v1
to v2 additions with rounding bounds of about one and a
half points on each share, and domain-removal effects of
up to ten points on each share. The narrow reversal
produced by recoding the bias and discrimination
subdomains, under two points, is within that error and is
reported as such.

People are not swayed by anthropomorphic wording,
so the framing concern is overstated. The studies in
Section 5.5 support that readers' judgments are fairly

robust to wording. The tally is not a reader's judgment; it
is a code assigned to the wording. The robustness of
readers is a reason to worry less about framework prose
misleading the public, and no reason to think a code on
that prose measures causation.

The question "humans or AI?" is the wrong question
anyway. Perhaps. Critch and Russell, Kasirzadeh and the
sociotechnical literature all suggest that most
consequential risks involve both. If so, the most
informative number the repository reports may be the 20
percent Other share, and the most useful extension
would be to split it into joint and ambiguous cases.

10. What is not known
How large the coding error in the Entity variable is. No
independent recoding of repository risks has been
published.

Whether risks coded in version 1 were recoded for later
versions, and therefore whether the gap closed because
of the corpus or the rule.

How the per-document granularity of the sources varies,
since per-document risk counts are not printed.

What an attribution census of the kind in Algorithm 1
would report. None has been run on a catalogue of this
breadth.

Whether framework attributions and incident
attributions agree for any risk domain other than LLM
security, where the one published comparison found
weak agreement.

What share of real-world AI harm involves joint human
and AI causes. The incident literature states that whether
a harm would have occurred without the AI system can
be unattainable and subject to epistemic uncertainty
(Paeth et al., 2024).

12

A Tally of Framings Is Not a Census of Causes



11. Conclusion
The AI Risk Repository's Entity split counts the actors
that published frameworks put in the subject position of
their risk sentences, one per sentence, with joint cases
set aside. Read that way it is a careful and useful
description of discourse, robust within its corpus to how
subdomains are weighted, and the repository's body text
mostly reads it that way. Read as a statement about what
causes AI risk, it moves with the corpus, the coding rule
and the domain mix: its gap closed from seventeen
points to four as 31 documents joined the first 43, and
the domain-level variants computed here span from
humans ahead by ten points to AI ahead by twenty-two.
Other evidence bases imply other splits, each for a
reason in how its sample was drawn. The causal question
has a known form, plural and graded actual causation
weighted by likelihood and severity, and a census in that
form is possible in principle starting from the repository's
catalogue. Until one exists, the right sentence is that
frameworks present human decisions as the cause of
nearly as many named risks as they present AI systems as
causing, not that human decisions cause them.
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