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Abstract
Robots driven by artificial intelligence now fail in public: robotaxis block ambulances, surgical instruments break inside
patients and humanoid robots lose control at exhibitions. What society learns about these failures depends on which
incident regime records them. This article compares three regimes for embodied AI between 2021 and 2026: the
mandatory crash-reporting order of the US National Highway Traffic Safety Administration (8,135 incidents involving
automated driving systems or Level 2 driver assistance), the Food and Drug Administration's adverse-event register for
computer-assisted surgical systems (127,627 reports since 2015) and the media-derived AI Incident Database (1,734
incidents). Fifty-four road-vehicle incidents in the media-derived database were hand-coded and linked to mandatory
reports. Twenty of the 21 US crashes in the media-derived database were also reported to the regulator, but only 21 of
8,135 mandatorily reported incidents (0.26%) reached the media-derived database. Contrary to the pre-specified
expectation, media visibility rose with severity: 3.1% of fatal or serious incidents against 0.37% of the rest (odds ratio
8.7; Fisher exact p < 0.001), a gradient that keeps its direction across nine robustness checks. Almost half of the media-
recorded US events (19 of 40) were operational failures without a crash, which a crash-triggered order cannot capture
by design. In the surgical register, a fourfold rise in malfunction reports in 2025 is concentrated in two wear-related
problem codes filed by the manufacturer, while injury reports barely changed. Humanoid robots, the most visible
failures of 2026, fall under no reporting regime. Each regime sees a different class of failure, and none sees the robots
now entering public space.

1. Introduction
Artificial intelligence has acquired a body. In 2026, driverless robotaxis carry passengers in a growing number of US
cities, computer-assisted surgical systems are routine in urology and gynaecology, and humanoid robots have moved
from laboratories to trade fairs, amusement parks and city streets. Unitree, one of the largest Chinese manufacturers,
announced plans to ship up to 20,000 humanoid robots in 2026 (eWeek, 2026). The same year produced a sequence of
public mishaps: a remotely operated humanoid that frightened an elderly woman in Macau and was escorted away by
police (Yahoo Tech, 2026), a humanoid that embraced a dancer during a university performance in Xi'an (Global Times,
2026), a robot that reportedly kicked a boy during a demonstration in Urumqi (AI Incident Database [AIID], 2026), a
humanoid that caught fire after crashing into a barrier at the World Humanoid Robot Games in Beijing (KTLA, 2026), and
a humanoid seized by German police after allegedly touching a 16-year-old girl in Cologne (CBS News, 2026).

These events reach public knowledge through different channels. Some are reported under a legal obligation, others are
filed by manufacturers to a health regulator, and others exist only because a journalist or a bystander published a video.
The arrangement that decides which failures are recorded, by whom and under which trigger is what this article calls an
incident regime. In the vocabulary of risk regulation, it is the information-gathering component of a regime, alongside
standard setting and behaviour modification (Hood et al., 2001). Its design matters because policymakers, insurers,
researchers and the public reason about the safety of embodied AI from whatever the regimes happen to record.

Two bodies of research study robotic incidents, but they rarely meet. Safety research on automated vehicles and
surgical robots analyses one mandatory or regulatory register at a time, such as crash reports filed by robotaxi
operators (Kusano et al., 2024, 2025; Wang et al., 2026) or adverse-event reports for the da Vinci system (Alemzadeh et
al., 2016; Hsieh & Huang, 2026). Research on AI incidents, in contrast, pools voluntary, media-derived collections such
as the AI Incident Database (Wei & Zhou, 2023; May et al., 2024; Tuovinen, 2025; Raghupathi et al., 2026). The editors of
that database acknowledge that uncertainty about cause, severity and scope is unavoidable in AI incident reporting
(Paeth et al., 2025). What has not been measured is how much a media-derived collection misses relative to a
mandatory register for the same technology, and whether what it misses is random or systematic. A Scopus search run
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on 15 October 2026 returned four records at the intersection of robotic incidents, reporting systems and comparative
governance, none of which compares regimes (Appendix A).

This article asks what each incident regime sees of robotic AI failures, and how the regimes differ in the class and
severity of the failures they record. It answers with three public sources that cover the period 2021–2026: the Standing
General Order of the US National Highway Traffic Safety Administration (NHTSA), which obliges named companies to
report crashes involving automated driving systems (ADS) and Level 2 driver-assistance systems; the Manufacturer and
User Facility Device Experience (MAUDE) register of the US Food and Drug Administration (FDA), queried for computer-
assisted surgical systems; and the AI Incident Database (AIID), which catalogues incidents documented in published
reports.

The article makes three contributions. First, it links records across a media-derived database and a mandatory register
for the same technology, which yields the first estimate of media visibility conditional on harm severity for robotic AI.
Second, it decomposes a sudden change in the volume of a regulatory register to show how much of it reflects the
behaviour of the reporter rather than the evolution of harm. Third, it documents that humanoid robots, the newest and
most visible form of embodied AI, are covered by none of the three regimes. The distance between where embodied AI
fails and where those failures are recorded is what the title calls the embodiment gap.

Section 2 reviews the literature on incident regimes and on each of the three channels and states the gap. Section 3
sets out the hypotheses. Section 4 describes the data, the coding and linkage procedure and the statistical methods.
Section 5 reports the results, Section 6 discusses them and Section 7 concludes.

2. Incident regimes and the literature on robotic failures

2.1 Incident registers as information-gathering systems
Hood et al. (2001) describe risk regulation regimes as systems with three control components: gathering information,
setting standards and modifying behaviour. Information gathering is not a neutral mirror of risk. What a register
contains depends on its trigger (which events must be reported), its reporters (who knows about the event and has an
obligation or an incentive to report it) and its filters (who decides whether a report counts). Safety science reached a
similar conclusion from the side of organisations. Reason (1997) argued that reporting cultures determine which near
misses become visible, Vaughan (1996) showed how deviations become normal when they are not recorded as
anomalies, and Leveson (2011) located accidents in the control structure of a socio-technical system rather than in the
failure of a single component. Perrow (1984) had already warned that tightly coupled, complex systems produce
accidents that no single register anticipates. Power (2007) adds that risk management produces auditable
representations of risk, which then become the object of management in their own right.

For emerging technologies, the information-gathering component carries a particular burden. Collingridge (1980)
described a dilemma: early in the life of a technology, its harms are hard to know, and by the time they are known, the
technology is entrenched and hard to change. Incident registers are the main instrument for breaking that dilemma,
because they accumulate evidence about harm while the technology is still being deployed. Their coverage therefore
shapes how early regulators learn.

2.2 The mandatory channel: crash reporting for automated vehicles
Since June 2021, NHTSA's Standing General Order 2021-01 has required the manufacturers and operators it names to
report crashes in which an ADS or a Level 2 system was engaged within 30 seconds of the crash. The criteria differ by
system: ADS crashes are reportable if they cause certain property damage or injury, while Level 2 crashes are reportable
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if they involve a fatality, a struck vulnerable road user, an air-bag deployment or a hospital transport (National Highway
Traffic Safety Administration [NHTSA], 2026). A third amendment, in force since 16 June 2025, streamlined the order:
the most severe crashes are due within five days, less severe ones monthly, and multiple entities no longer report the
same crash unless their information differs (NHTSA, 2025). The agency itself warns that the data are not normalised by
fleet size or distance travelled and that companies with richer telematics will report more crashes simply because they
know about more of them (NHTSA, 2026).

Research on automated-vehicle safety uses these and similar sources. Favarò et al. (2017) analysed collision reports
filed with the California Department of Motor Vehicles; Wang et al. (2026) applied latent class analysis and interpretable
machine learning to Level 4 crashes in California; Kusano et al. (2024, 2025, 2026) compared Waymo's rider-only crash
rates with human benchmarks; Mimi et al. (2026) classified crash severity by automation level using Texas crash
narratives; and Patel et al. (2026), Astle and Haus (2026) and Shah (2026) examined disengagements, roadway context
and injury outcomes. Kalra and Paddock (2016) showed why such registers cannot settle questions of relative safety on
their own: demonstrating a reduction in fatality rates requires exposure measured in hundreds of millions of miles. All
of these studies treat a single register as the population of interest.

2.3 The regulatory channel: adverse events in robotic surgery
Under the US medical device reporting rule, manufacturers and user facilities must report deaths, serious injuries and
certain malfunctions associated with devices, and anyone else may report voluntarily (21 C.F.R. pt. 803). The resulting
MAUDE register has been the main source for studies of robotic surgery safety. Andonian et al. (2008) and Lucas et al.
(2012) reviewed device failures and their clinical consequences; Friedman et al. (2013) focused on instrument failures;
Alemzadeh et al. (2016) analysed fourteen years of reports and counted deaths, injuries and malfunctions, and earlier
proposed a systems-theoretic safety assessment of telesurgical robots (Alemzadeh et al., 2015); Gupta et al. (2017)
developed a classification scheme for da Vinci events; Nik-Ahd et al. (2019), Tapper et al. (2019) and Correa et al.
(2022) examined trends, causes and specialty differences; and recent studies cover a decade of reports (Hsieh &
Huang, 2026) or seventeen years of prostatectomy events (Hammadeh et al., 2026). This literature routinely notes that
passive surveillance under-reports. A systematic review of spontaneous reporting of adverse drug reactions found a
median under-reporting rate of 94% across studies (Hazell & Shakir, 2006). The opposite problem, a register whose
volume grows because of how reporters behave rather than because harm grows, has received less attention.

2.4 The voluntary channel: media-derived AI incident databases
The AI Incident Database was created to give intelligent systems the collective memory of failures that mature
industries such as aviation already have, and it defines an AI incident as a situation in which AI systems caused, or very
nearly caused, real-world harm (McGregor, 2021). Its editors index incidents documented in published reports and
attach independent taxonomies; they report that ambiguity about cause, multiplicity and severity is a structural feature
of the task (Paeth et al., 2025). Studies built on such collections find that service robots and autonomous driving are
among the most frequent application areas (Wei & Zhou, 2023), that autonomous driving and process automation
dominate safety and security incidents (May et al., 2024), that robots form one of five categories of fatal or near-fatal AI
incidents (Tuovinen, 2025), and that topic models of several thousand records reveal stable thematic structures
(Raghupathi et al., 2026).

A media-derived collection inherits the selection logic of the news. Research on news values shows that negativity,
unexpectedness, magnitude and relevance to elite actors raise the probability that an event is reported (Galtung & Ruge,
1965; Harcup & O'Neill, 2017). The social amplification of risk framework adds that the attention an event receives
depends on how it is processed by journalists, institutions and audiences, not only on its physical consequences
(Kasperson et al., 1988). Neither literature predicts unambiguously whether a media-derived incident database will over-
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or under-represent the most harmful events: magnitude favours severe events, while unexpectedness favours novel but
harmless ones.

2.5 Robots without a register and the research gap
Humanoid and service robots operating in public space are not covered by any dedicated incident register comparable
to the crash-reporting order or the device register. In the European Union, the Machinery Regulation sets conformity
requirements for machinery placed on the market (Regulation (EU) 2023/1230), and the AI Act requires providers of
high-risk AI systems to report serious incidents to market surveillance authorities (Regulation (EU) 2024/1689, Article
73). Whether a given humanoid falls within either regime depends on its classification and use.

The gap this article addresses therefore has four parts. The safety literature on automated vehicles and surgical robots
analyses registers one at a time; the AI-incident literature pools voluntary collections without linking them to mandatory
ones; no study has estimated how media visibility varies with harm severity for the same technology; and no study has
decomposed reporter-driven changes in the volume of a robotic register or mapped the humanoid domain against
existing regimes. The Scopus funnel reported in Appendix A confirms that the full intersection returns four records and
that relaxing it returns single-register studies only.

3. Hypotheses
The hypotheses were fixed before the linkage was performed; H3 was formulated after the regulatory series was first
inspected and is labelled exploratory.

H1 (class of failure). The regimes differ in the class of failure they record: media-derived records include operational
failures without physical contact, which a crash-triggered mandatory register excludes by design.

H2 (severity). Among incidents recorded in the mandatory register, the probability of appearing in the media-derived
database is lower for fatal or serious incidents than for less severe ones. The expectation rested on the
unexpectedness criterion of news selection: low-harm but novel robotaxi behaviour could attract more coverage than
conventional-looking collisions with serious consequences.

H3 (exploratory; reporter behaviour). In the regulatory register, large changes in the volume of reports reflect changes in
reporter behaviour more than changes in harm.

4. Data and methods

4.1 Sources
Table 1 summarises the three regimes and the domain without a regime. The NHTSA and openFDA files were
downloaded on 15 October 2026; the AIID file is the weekly export of 12 October 2026. All raw files are included in the
replication package.

Page 5/19



Table 1
Incident regimes for embodied AI compared in this study

Regime Domain and source Obligation and trigger Unit and
coverage

Records

Mandatory,
telemetry-
linked

Road vehicles with ADS or
Level 2 systems, US;
NHTSA Standing General
Order 2021-01 (NHTSA,
2025, 2026)

Named manufacturers and
operators; crash with the
system engaged within 30 s;
severity thresholds differ by
system; third amendment in
force from 16 June 2025

Crash
incident; July
2021–
September
2026

8,135 incidents
(ADS 3,059; Level
2 5,076)

Regulatory,
adverse-
event

Computer-assisted
surgical systems, product
code NAY; FDA MAUDE via
openFDA (U.S. Food and
Drug Administration, 2026)

Manufacturers and user
facilities report deaths,
serious injuries and
malfunctions; others may
report voluntarily (21 C.F.R. pt.
803)

Device report;
2015–
September
2026

127,627 reports

Voluntary,
media-
derived

All AI systems; AI Incident
Database export of 12
October 2026 (AI Incident
Database, 2026)

Editorial inclusion of incidents
documented in published
reports in which AI caused or
nearly caused harm
(McGregor, 2021)

Incident; all
years

1,734 incidents;
road vehicles 90,
surgical robots 1,
humanoid or
legged robots 5

None
identified

Humanoid robots in public
and commercial settings

No dedicated incident register – Five 2026 cases
compiled from
news reports
(Table 6)

Note: ADS, automated driving system (SAE Levels 3–5); Level 2, driver-assistance system providing combined
steering and speed control. Source: author's compilation from the cited sources.

4.2 Mandatory register
The NHTSA files contain one row per report version. The latest version of each report was retained, and reports were
grouped into incidents with the agency's Same Incident ID, which links reports that describe the same crash. The ADS
and Level 2 files of both the archive (second amended order, to 15 June 2025) and the current release (third amended
order, from 16 June 2025) were combined; the file of reports whose automation type was not stated was excluded.
Incidents were kept up to the incident month of September 2026, which yields 8,135 incidents: 3,059 involving an ADS
and 5,076 involving a Level 2 system. Twenty-two incidents dated before July 2021 were reported retrospectively and
are retained. The two versions of the order use different injury scales; they were harmonised into six levels (fatality,
serious, moderate, minor, no injury and unknown) by merging the with and without hospitalisation variants of the current
scale. Severity is unknown for 1.8% of ADS incidents and for 86.1% of Level 2 incidents, and 90.2% of Level 2 narratives
are redacted as confidential business information. Tesla accounts for 87.4% of Level 2 incidents and Waymo for 2,318
of the 3,059 ADS incidents.

4.3 Media-derived database and coding
The AIID Excel export of 12 October 2026 contains 1,734 incidents, the latest dated 3 October 2026. Robotic domains
were identified with regular expressions over the title, description, deployer and developer of each incident. For road
vehicles, every incident dated from July 2021, when the mandatory order began, was read in full; 54 concern ADS or
Level 2 vehicles. Each was coded on four variables: country; system (ADS or Level 2); event class; and, for US crashes,
the matching mandatory report. The event classes are crash (physical contact between the subject vehicle and a road
user, vehicle, animal or object), operational failure (hazardous or harmful behaviour without contact, such as obstructing
emergency vehicles, becoming immobilised in traffic or entering a prohibited area), aggregate (several events without a
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single dated event, such as an investigation) and no event (a perception error without consequence). The coding table,
with a justification for every decision, is part of the replication package.

4.4 Linkage
For each US crash, the mandatory register was searched for reports by the same reporting entity in the same incident
month, then narrowed by city or state, crash partner and narrative keywords. A match is exact when a single candidate
agrees on every available field, and probable when a single candidate agrees on entity, month and city but the narrative
is redacted. Each mandatory incident then receives an indicator equal to one if it is linked to a media-derived record.
The indicator is the basis for the visibility estimates.

4.5 Regulatory register
The openFDA device-event interface (U.S. Food and Drug Administration, 2026) was queried for product code NAY,
computer-controlled surgical instruments; the five most frequent brand names under the code (EndoWrist, da Vinci Xi,
da Vinci 5 and variants) confirm that it covers the da Vinci family. Annual counts by date of receipt were retrieved for
event type, report source, type of report, summary-reporting exemption number and device problem code. Problem
codes are not mutually exclusive, and the interface returns the 100 most frequent codes per year, so small counts in
early years may be incomplete. The register was last updated on 7 October 2026; the 2026 figures cover January to
September.

4.6 Statistical analysis
Media visibility for severity level s is the share of mandatorily reported incidents that are also in the media-derived
database: v(s) = m(s) / n(s), where n(s) is the number of incidents at level s and m(s) the number linked. Intervals are
Wilson score intervals (Wilson, 1927). The main test compares fatal or serious incidents with all other incidents of
known severity using Fisher's exact test. Nine robustness specifications follow: ADS only (R1) and Level 2 only (R2);
unknown severity treated as non-severe (R3); probable matches removed (R4); the match whose reporter disputes that
the system was engaged removed (R5); the second (R6) and third (R7) amended orders separately; a Mantel–Haenszel
odds ratio pooled across systems (R8; Mantel & Haenszel, 1959); and a Cochran–Armitage test for trend across the five
ordered levels of known severity (R9; Armitage, 1955). With 18 linked incidents of known severity, the estimates are read
as contrasts with wide uncertainty, not as population rates. Because none of the regimes records exposure, no
statement is made about the relative safety of any system.

4.7 Humanoid cases
Humanoid incidents of 2026 were compiled from reports by named news organisations and from the AIID itself, and
each was checked against the AIID snapshot. The compilation is purposive and illustrative; it is not used in any
statistical test.

4.8 Use of generative AI and reproducibility
Claude Opus 5.5 (Anthropic) was used under the author's direction to write the analysis code, process the data, search
the literature, produce the figures, draft the text and make a first pass of the incident coding and record linkage. The
author reviewed every coding and linkage decision, checked every reference against its primary source and is
responsible for the content. All tables and figures are produced by a single script from the raw files (Data availability).

5. Results

5.1 What each regime records
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The three regimes differ in volume by orders of magnitude. The mandatory order recorded 8,135 road-vehicle incidents,
rising steadily through both versions of the order (Fig. 1). The regulatory register received 127,627 reports for computer-
assisted surgical systems between 2015 and September 2026, of which 117,170 were malfunctions, 9,873 injuries and
584 deaths. The media-derived database holds 90 road-vehicle incidents, one surgical-robot incident (a 2015 collection
of malfunctions) and five incidents involving humanoid or legged robots across all years; for 2026 alone it records
twelve road-vehicle incidents, no surgical incident and one humanoid incident.

5.2 Classes of failure (H1)
Table 2 reports the coding of the 54 road-vehicle incidents in the media-derived database. Of the 40 single US events,
21 are crashes and 19 are operational failures without a crash, a share of 47.5% (95% Wilson interval 32.9–62.5%). The
operational failures include a robotaxi that drove off during a police stop, vehicles that blocked a fire truck and an
ambulance, fleets immobilised by lost connectivity or a city-wide power outage, a person trapped undetected in a
vehicle's trunk, a robotaxi that remained immobile while vandals attacked it with a passenger inside, and an unoccupied
vehicle swept into a flooded waterway.

Table 2
Coding of road-vehicle incidents in the AI Incident Database, July 2021–October 2026

Event class US Outside US or
unknown

Total US events linked to a mandatory
report

Crash 21 4 25 20 (18 exact, 2 probable)

Operational failure without
crash

19 2 21 0

Aggregate (several events) 6 0 6 –

No event (perception error
only)

0 2 2 –

Total 46 8 54 20

Note: Outside US includes China (3), Taiwan (1) and Germany (1); two video-documented perception errors have no
stated location. Source: author's coding of AI Incident Database (2026); linkage to NHTSA (2026).

Twenty of the 21 US crashes were found in the mandatory register: 18 exact and two probable matches, both involving
Level 2 vehicles with redacted narratives. The unmatched crash is a 2023 collision on the Pennsylvania Turnpike. In one
matched case the reporting company states in its own report that the automated system was not engaged within the
reporting window. None of the 19 operational failures has a counterpart in the register, as expected from its crash
trigger; two of them involved physical damage to the robotaxi itself (the flooded roadway and a firework that set an
unoccupied vehicle on fire) without a matching report. H1 is supported.

5.3 Severity and media visibility (H2)
Only 21 of the 8,135 mandatorily reported incidents (0.26%) appear in the media-derived database. Visibility rises
monotonically with severity (Table 3 and Fig. 2): 3.8% of fatal incidents, 2.4% of serious, 1.1% of moderate, 0.7% of
minor and 0.30% of incidents without injury, against 0.07% of incidents of unknown severity. Fatal or serious incidents
were linked in 5 of 161 cases (3.1%, 95% interval 1.3–7.1%), and other incidents of known severity in 13 of 3,550 cases
(0.37%, 0.21–0.63%). The odds ratio is 8.72 (Fisher exact p = 0.0008).
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Table 3
Media visibility of mandatorily reported incidents by severity, July 2021–September 2026

Highest injury
severity

ADS: linked /
n

Level 2: linked /
n

All: linked / n Visibility (%) 95% CI (Wilson)

Fatality 0 / 3 3 / 75 3 / 78 3.85 1.32–10.71

Serious 1 / 10 1 / 73 2 / 83 2.41 0.66–8.37

Moderate 1 / 36 0 / 56 1 / 92 1.09 0.19–5.90

Minor 3 / 248 0 / 166 3 / 414 0.72 0.25–2.11

No injury 8 / 2,706 1 / 338 9 / 3,044 0.30 0.16–0.56

Unknown 1 / 56 2 / 4,368 3 / 4,424 0.07 0.02–0.20

Total 14 / 3,059 7 / 5,076 21 / 8,135 0.26 0.17–0.39

Note: linked means that the incident in the NHTSA register is matched to a record in the AI Incident Database.
Severity levels harmonise the scales of the second and third amended orders. Source: author's calculations from
NHTSA (2026) and AI Incident Database (2026).

 

The gradient holds across the robustness specifications (Table 4). It is significant for Level 2 vehicles alone (odds ratio
15.5, p = 0.008) and borderline for ADS alone (20.7, p = 0.055), where only one severe incident is linked. The Mantel–
Haenszel odds ratio pooled across systems is 16.5 (95% interval 2.7–100.4), and the trend test across the five ordered
levels gives z = 5.09 (p < 0.001). Removing probable matches leaves the estimate unchanged, because both have
unknown severity. Under the third amended order alone, only four linked incidents remain and the contrast is not
significant (p = 0.13). H2, which predicted lower visibility for severe incidents, is not supported: the association runs in
the opposite direction. 
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Table 4
Severe versus non-severe visibility: main estimate and robustness

Specification Severe: linked / n Non-severe: linked /
n

Odds ratio p-value

Main: ADS+ADAS, known severity 5 / 161 13 / 3,550 8.72 < 0.001

R1: ADS only 1 / 13 12 / 2,990 20.68 0.055

R2: Level 2 only 4 / 148 1 / 560 15.53 0.008

R3: unknown severity coded as non-
severe

5 / 161 16 / 7,974 15.94 < 0.001

R4: probable matches removed 5 / 161 13 / 3,550 8.72 < 0.001

R5: disputed-engagement match
removed

5 / 161 12 / 3,550 9.45 < 0.001

R6: second amended order only (to Jun-
2025)

4 / 102 10 / 1,854 7.53 0.005

R7: third amended order only (from Jun-
2025)

1 / 59 3 / 1,696 9.73 0.128

R8: Mantel-Haenszel, stratified by system – – 16.51 < 0.001

R9: Cochran-Armitage trend, five ordered
levels

– – – < 0.001

Note: severe = fatal or serious. p-values from Fisher's exact test except R8 (Mantel–Haenszel test of a common
odds ratio of one; pooled odds ratio 16.51, 95% CI 2.71–100.41) and R9 (Cochran–Armitage test for trend, z = 5.09).
Source: author's calculations.

The fatal incidents that do not reach the media-derived database are informative. ADS operators reported three fatal
crashes, none of which is in the database. In all three, the operator's narrative describes the robotaxi as stopped or
slowing when another road user initiated the collision. The database's own definition requires that an AI system caused
or nearly caused the harm (McGregor, 2021), so editorial attribution acts as a second filter after media attention.

5.4 Reporter behaviour in the regulatory register (H3, exploratory)
Malfunction reports for computer-assisted surgical systems rose from 11,016 in 2024 to 47,369 in 2025, an increase of
36,353 (Table 5 and Fig. 3). Injury reports moved from 1,778 to 1,833 and death reports from 69 to 98. The increase
came from manufacturer reports, which rose from 94.7% to 99.1% of the total, while reports from user facilities fell
from 449 to 311 and voluntary reports from 231 to 146. The summary-reporting exemption field is empty in every year.
Two problem codes account for most of the change: Material Split, Cut or Torn rose from 694 to 26,867 reports and
Material Frayed from 54 to 5,039. Together they equal 85.7% of the excess, an upper bound because codes can co-
occur. Follow-up reports also rose, from 6,285 to 30,914. The pattern is consistent with H3: the manufacturer began
reporting a specific instrument wear mode at scale, while reported harm changed little. Because the decomposition
uses problem codes rather than narratives, it identifies where the change is concentrated, not why the manufacturer
changed its reporting.
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Table 5
Reports for computer-assisted surgical systems (product code NAY) in MAUDE, by year of receipt

Year Malfunction Injury Death Manufacturer
share (%)

User
facility

Voluntary Split,
cut or
torn

Frayed Unintended
motion

2015 1,537 146 34 89.9 108 66 0 67 11

2016 890 170 17 84.7 109 56 0 16 0

2017 844 177 14 82.4 80 105 0 4 3

2018 893 156 13 80.8 86 120 0 3 1

2019 959 176 17 85.2 84 87 7 4 2

2020 1,175 344 35 87.3 113 85 49 4 4

2021 1,420 532 43 85.4 162 129 302 21 41

2022 4,346 1,275 100 95.8 114 125 313 76 342

2023 9,137 1,694 63 97.2 186 119 518 106 765

2024 11,016 1,778 69 94.7 449 231 694 54 800

2025 47,369 1,833 98 99.1 311 146 26,867 5,039 1,924

2026* 37,584 1,592 81 99.2 195 115 16,550 4,375 1,730

Note: *January–September 2026. Problem codes can co-occur within a report and are drawn from the 100 most
frequent codes per year. Unintended motion sums all codes beginning with 'Unintended'. The summary-reporting
exemption field is empty in all years. Source: author's calculations from U.S. Food and Drug Administration (2026).

 

Problem codes that describe unintended motion of the system (Unintended Movement, Unintended System Motion,
Unintended Collision and related codes) offer a bridge to the loss-of-control events seen in humanoid robots. They
appeared in at most 11 reports a year between 2015 and 2020, then in 342 reports in 2022, 800 in 2024, 1,924 in 2025
and 1,730 between January and September 2026.

5.5 Humanoid robots: a domain without a regime
Table 6 lists five humanoid incidents of 2026 reported by named outlets. Only one, the Urumqi demonstration, is in the
media-derived database. The Macau and Xi'an incidents, which occurred six to seven months before the snapshot, are
absent; the Beijing fire occurred seven weeks before it, and the Cologne case was reported after it, so their absence
may reflect indexing delay. None of the five falls under a mandatory or regulatory reporting obligation comparable to
those analysed above. 
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Table 6
Humanoid robot incidents reported in 2026 and their coverage

Date
(2026)

Place Event as reported Source In AIID snapshot

12
March

Macau,
China

A remotely operated humanoid used in a
promotion stopped behind a 70-year-old woman
and could not move around her; police escorted
it away and returned it to its owner with a
warning

Yahoo Tech
(2026)

No

April Xi'an,
China

A humanoid embraced a student during a
choreographed university performance; the
company attributed it to signal interference

Global Times
(2026)

No

1 June Urumqi,
China

A humanoid identified as a likely Unitree G1
reportedly kicked a boy during a public
demonstration

AI Incident
Database
(2026), incident
1536

Yes

26
August

Beijing,
China

A humanoid caught fire after hitting the barrier at
the end of the 100 m final of the World Humanoid
Robot Games

KTLA (2026) No (seven weeks
before snapshot)

October Cologne,
Germany

Police seized a humanoid after it allegedly
touched a 16-year-old girl; legal experts noted
that harassment law requires direct contact
between persons

CBS News
(2026)

Not assessable
(reported after
snapshot)

Note: purposive compilation for illustration; not used in statistical tests. Snapshot: AI Incident Database export of
12 October 2026. Source: author's compilation from the cited sources.

6. Discussion

6.1 Three filters, three blind spots
The results describe three filters, each with its own blind spot. The mandatory order sees crashes in volume, most of
them minor, because telemetry tells operators about every contact. It cannot see operational failures without contact,
even when they affect public safety, such as a robotaxi blocking an ambulance or a fleet freezing when traffic lights go
dark. The media-derived database sees those operational failures and over-represents the most severe crashes, but it
misses more than 99% of the crashes the regulator receives and filters out crashes in which the robot was not at fault.
The regulatory register for surgical robots sees what the manufacturer decides to file; its volume can quadruple in a
year without a comparable change in reported harm.

These findings fit the risk-regulation view that information gathering is shaped by triggers, reporters and filters (Hood et
al., 2001). The crash trigger of the mandatory order defines the incident narrowly, which is the price of objectivity. The
telemetry-based reporter overcomes the under-reporting that afflicts passive surveillance (Hazell & Shakir, 2006), but
only for the events the trigger names. The rejection of H2 is consistent with the magnitude criterion of news selection
(Galtung & Ruge, 1965; Harcup & O'Neill, 2017) and with the amplification of severe events (Kasperson et al., 1988); the
unexpectedness criterion shows up instead in H1, through the large share of novel, harmless or near-harmless
operational failures. The media channel therefore does not distort severity downwards; it compresses the distribution to
its extremes, the most severe crashes and the most surprising behaviour.

For researchers, the implication is that a single register cannot stand in for the population of failures. Studies that pool
media-derived incidents to characterise AI harm inherit both a severity filter and an attribution filter; studies that analyse
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crash registers inherit a definition of incident that excludes operational failures; and trend analyses of device registers
need to separate reporter behaviour from harm before they speak about safety.

6.2 The embodiment gap and its governance
Humanoid robots expose the gap most clearly. Their failures in 2026 involved loss of control, unwanted physical
contact and alleged misuse in public spaces, the same classes of event that the crash order and the device register
were built to capture in their own domains. Yet no register obliges anyone to report them, and the media-derived
database records them late, if at all. The Collingridge (1980) dilemma applies with force: the period in which humanoid
deployment can still be shaped is the period in which almost nothing about its failures is systematically recorded.

Four design implications follow, offered as options for technology assessment rather than as tested remedies. First,
crash-triggered orders could add a category for operational failures without contact that affect public safety, such as
obstruction of emergency services, immobilisation in live traffic or entry into closed areas; several such events already
lead to recalls. Second, deployments of humanoid robots in public or commercial settings could carry a light
notification duty for physical contact with people, loss of control and emergency stops, borrowing the trigger logic of
the crash order: system engaged within a short window before the event, and faster deadlines for the most severe
cases. Third, voluntary and mandatory registers could share identifiers so that researchers can link records without
manual matching. Fourth, in the European Union, the serious-incident duty of the AI Act (Regulation (EU) 2024/1689,
Article 73) and the Machinery Regulation (Regulation (EU) 2023/1230) leave open how general-purpose humanoids are
classified; clarifying that scope would determine whether European humanoid incidents enter any register at all.

6.3 Limitations
The coding and linkage were performed by a single coder, with every decision documented for audit. Linkage relies on
month-level incident dates and, for Level 2 vehicles, on redacted narratives, so two matches are probable rather than
exact. Severity is unknown for most Level 2 incidents, which leaves most Tesla crashes outside the main contrast;
treating them as non-severe strengthens the result (R3). With 18 linked incidents of known severity, interval estimates
are wide, and the contrast under the third amended order alone rests on four links. The media-derived database is
English-language and US-centric, and its indexing lags events, which affects the most recent humanoid cases. The
regulatory decomposition uses problem codes, which co-occur and are truncated to the most frequent 100 per year.
Domain identification by regular expressions may miss incidents described in unusual terms. Finally, none of the
regimes records exposure, so the article says nothing about whether any system is safer or less safe than human
operation.

7. Conclusion
This article compared what three incident regimes record about robotic AI failures between 2021 and 2026. Record-
level linkage showed that the media-derived AI Incident Database contains almost every US crash it reports in the
mandatory NHTSA register, but only a quarter of one per cent of the crashes the register holds. The pre-specified
expectation that media coverage would favour harmless novelty over harm was not supported: visibility rises with
severity, with an odds ratio of about nine between fatal or serious incidents and the rest. Novelty appears instead in a
different class of failure: almost half of the US events in the media-derived database are operational failures that a
crash trigger cannot capture. In the surgical register, a fourfold rise in malfunction reports traced back to two wear
codes filed by the manufacturer, with little change in reported harm.

The contribution is a measured account of the embodiment gap: each regime sees a different slice of failure, the slices
barely overlap, and the humanoid robots now entering public space fall outside all of them. For technology assessment,
the lesson is that the safety of embodied AI cannot be read from any single register, and that the design of reporting
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triggers deserves as much attention as the design of the robots themselves. Future work can extend the linkage to
state-level registers and non-English incident collections, code device narratives to separate wear from failure, and test
notification schemes for humanoid deployments before those deployments become routine.
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Figure 1

Incidents reported under NHTSA's Standing General Order by month of occurrence, July 2021–July 2026

Note: incidents deduplicated by NHTSA's Same Incident ID; August and September 2026 omitted because reports for
those months were still accruing. Source: author's elaboration from NHTSA (2026).

Figure 2

Share of mandatorily reported incidents that appear in the AI Incident Database, by severity
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Note: points are shares; bars are Wilson 95% intervals; labels give linked incidents over all incidents at each level.
Source: author's calculations from NHTSA (2026) and AI Incident Database (2026).

Figure 3

MAUDE reports for computer-assisted surgical systems (product code NAY) by event type, 2015–2026

Note: logarithmic scale; *2026 covers January–September; years with zero unintended-motion reports are not plotted.
Source: author's elaboration from U.S. Food and Drug Administration (2026).
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