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Autonomous vehicle collision reports offer a rare view of how autonomous driving systems perform in mixed traffic, but they are
difficult to analyse at scale because they combine structured form fields, visually marked elements, and free text narratives. We
analysed 970 publicly available California Department of Motor Vehicles collision reports, with dated reports spanning October 2014
to March 2026, using a ChatGPT 5.4 Thinking extraction pipeline to derive a structured dataset for empirical analysis. The largest
scenario classes were rear end crashes stopped by AV (266, 27.4%), intersection lateral conflicts (180, 18.6%) and lane change or merge
conflicts (156, 16.1%). Reports captured coarse scenario structure much more reliably than fine interaction detail, with a mean coarse
context score of 0.97 versus 0.48 for fine context. The results suggest that many reported collisions occur in mixed traffic situations

where prediction, coordination, and road user expectations are difficult to align.
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1 Introduction

Autonomous vehicles (AVs) are widely expected to improve road safety, traffic efficiency, travel convenience, and
environmental performance of transport systems [58, 61]. However, these expectations depend on the assumption
that AVs can operate robustly in the complexity of real world traffic. In practice, AVs do not drive in isolation. They
interact with manually driven vehicles (MDVs), cyclists, pedestrians, and other road users whose behaviour is diverse,
context dependent, and often difficult to anticipate. Understanding the safety of AV operation for both vehicle occupants
and surrounding road users therefore requires attention not only to the technical capabilities of autonomous driving
systems, but also to how AVs negotiate intent, priority, and expectations in mixed traffic [29, 48].

Current AVs remain vulnerable to a wide range of technical and operational limitations. Their performance depends

on detection systems, perception and prediction algorithms, software reliability, and the ability to deal with unusual or
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degraded traffic conditions [15, 17]. Well known fatal crashes illustrate how these limitations can arise through different
combinations of technical, human and organisational failure [43, 44]. In the 2016 Williston, FL (US) crash, a Tesla
operating with Tesla’s Autopilot suite, specifically Traffic Aware Cruise Control (TACC) and the Autosteer lane keeping
system, corresponding to SAE Level 2 partial driving automation, struck a tractor semitrailer crossing its path, revealing
limits in hazard detection along with driver inattention and overreliance on automation [4, 43]. In the 2018 Tempe, AZ
(US) crash, a test vehicle controlled by Uber’s developmental automated driving system struck and killed a pedestrian,
with the subsequent investigation pointing not only to perception and supervision problems, but also to weaknesses in
safety risk assessment and operator oversight [39, 44]. Together, these cases show that autonomous driving failures can
not arise from a single fault alone, but from the interaction of perception limits, human supervision, and organisational
safety practice [39, 43, 44]. The differences in sensing strategies and system design between manufacturers further
shape how such limitations appear in practice. Some AV platforms rely on extensive sensor fusion and detailed map
support, whereas others prioritise camera based perception and real time learning [33, 54, 57]. These differences may
influence how AVs perform in similar situations and how they fail when conditions become challenging.

At the same time, AV safety cannot only be understood through the lens of automation failure. Human road users
introduce substantial behavioural variability. Driving behaviour differs between individuals and situations in terms of
speed choice, gap acceptance, lane changing, compliance with traffic rules, reaction time, risk taking, and responses
to complex traffic events [50, 60]. This heterogeneity is influenced by demographic, psychological, situational, and
cultural factors [1, 6, 23, 32, 55]. In mixed traffic, AVs must therefore interpret and respond to behaviour that may be
inconsistent, strategic, or ambiguous. The challenge is not simply to perceive the environment, but to negotiate with
road users whose intentions are often only partially observable [48].

Interaction in mixed traffic is further shaped by trust, expectation, and communication. Drivers of MDVs can calibrate
their behaviour differently when they encounter recognisable AVs [52]. Trust in automation also varies between
individuals and can affect attention, reliance, and intervention behaviour [30, 36, 41]. In addition, road users often rely
on subtle social cues such as eye contact, gestures, and implicit conventions to communicate intent [28, 40, 62]. These
cues are often absent, weakened, or transformed in interactions involving AVs [5, 19]. Consequently, collisions involving
AVs may reflect not only sensing or control limitations, but also broader breakdowns in coordination, expectation, and
communication in mixed traffic.

For this reason, collision reports involving AVs provide an important empirical resource for understanding how
autonomous driving systems perform outside controlled testing environments. In California (US), public collision
reporting has been part of the DMV’s autonomous vehicle testing framework since 2014, when the state began its
Autonomous Vehicle Tester Programme [13]. Under the current DMV framework, manufacturers must report within 10
days any collision involving a vehicle able to drive autonomously that results in property damage, bodily injury, or death
[10]. The DMV currently defines an autonomous test vehicle as one whose autonomous technology, when activated,
performs the dynamic driving task, while excluding driver assistance systems that require constant human control or
active monitoring [12]. These reports combine structured fields, such as vehicle details, damage, and environmental
conditions, with free text descriptions of crash circumstances. Previous work has used these reports to identify recurring
collision types, severity patterns, and possible contributing factors. In studies, rear end crashes have often been found
to be the most frequent type of collision, many reported crashes have involved low speeds, and in many cases the
non AV party has been considered fault [7, 18, 24, 25, 38, 59]. Other work has explored themes in crash narratives,
such as manual transitions, overtaking conflicts, stopped rear end crashes of AV, and spatial clustering in dense urban

environments [3, 14, 46]. Together, these studies demonstrate the value of AV collision reports, but also show that
Manuscript submitted to ACM
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current understanding still depends heavily on manually coded variables, predefined feature sets, or relatively narrow
analytical tasks.

Recent advances in generative Al have opened new possibilities for analysing such reports at scale. Large language
models (LLMs) have begun to be used to interpret crash narratives, answer structured questions about reports, and
compare model outputs across different crash analysis tasks [22, 42]. More broadly, LLMs have also been used to model
road user reasoning in autonomous driving contexts, for example, by estimating whether a pedestrian would decide
to cross in front of an autonomous car with an external human machine interface [2]. This is relevant because AV
safety is not only a matter of sensing and control, but also of interpreting interaction, expectation, and intent. In
parallel, vision language models (VLMs) and related document understanding models have shown strong capability in
extracting information from visually rich documents that combine text, layout, and graphical structure [31, 35, 37].
This is particularly important for AV collision reports, which contain not only narrative text but also form structure,
checkboxes, and layout dependent information that are difficult to process using conventional rule based pipelines
alone.

Despite this progress, several limitations remain. First, many existing studies still rely on manually coded or pre
selected features, which constrain the analysis to assumptions made in advance. Secondly, the effort required to read and
code hundreds of reports makes it difficult to keep up with the growing volume of available data. Third, studies often
focus on isolated variables even though collisions emerge from combinations of road user behaviour, environmental
context, vehicle state, and interaction dynamics. Existing Al based work has often focused on specific tasks, such as
interpreting crash narratives or comparing model answers, rather than on systematically assessing which fields can be
extracted robustly, which remain ambiguous, and which aspects of the reports are underspecified. This kind of study is
therefore needed because existing work has more often described AV collisions through isolated variables or narrowly
defined tasks than through interaction patterns across cases and has paid less attention to what the reporting format
itself makes visible or leaves underspecified. The novelty of the present work lies in treating AV collision reports not
merely as a source of predefined variables, but as a basis for deriving an empirical taxonomy of recurring scenarios,

identifying reporting blind spots and examining the robustness of extracted information at scale [29, 34].

1.1 Aim of the Study

The aim of this study is to examine traffic collisions involving AVs in California by combining large scale report
processing with an interaction centred interpretation of the resulting data. Although recent research has analysed
autonomous vehicle (AV) crashes, these studies focus primarily on visualising descriptive statistics [56]. Rather than
treating collision reports only as a source of isolated variables, we use a language model based coding pipeline to derive
a structured representation of publicly available reports, identify recurring incident scenarios, and examine what the
reports reveal and fail to reveal about collisions involving AVs in mixed traffic. In doing so, the study contributes an
empirical taxonomy of recurring collision scenarios, an assessment of reporting blind spots, and a methodological basis

for analysing AV collision reports at scale.

2 Method
2.1 Data Source and Corpus Construction

We collected 970 publicly available autonomous vehicle collision reports from the California Department of Motor Vehi-
cles website on 4 April 2026 and used them as the source corpus for the study. Among the reports with recoverable dates,
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SECTION 6 — CERTIFICATION

e ek

Fig. 1. Example autonomous vehicle collision report from the California Department of Motor Vehicles corpus used in this study
(Apple Inc., 24 August 2018; file: Apple_082418.pdf). The three page PDF illustrates the document structure processed by our
pipeline: page 1 contains manufacturer and crash metadata together with a vehicle damage diagram, page 2 contains the other
party information and narrative crash description and page 3 contains checkbox based fields for weather, lighting, roadway surface,
roadway conditions, movement preceding collision, type of collision and other associated factors.

the corpus ranged from 14 October 2014 to 18 March 2026. These reports were downloaded from the Autonomous Vehicle
Collision Reports portal (https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/autonomous-
vehicle-collision-reports). AV manufacturer information was recoverable for 968 of the 970 reports. Within this subset,
the five most frequent manufacturer labels were Waymo LLC (424 cases), Cruise LLC (137), GM Cruise LLC (102),
Zoox, Inc (86) and Zoox Inc (56), accounting for 805 cases in total. The remaining 163 cases were distributed across
49 other labels, including Apple Inc (23), Pony.ai, Inc (13), Google Auto LLC (11), GOOGLE AUTO LLC (10) and Lyft,
Inc (6). This pattern suggests that the corpus was dominated by a small number of AV reporting entities, while also
containing a long tail of rarer and inconsistently named manufacturer entries. Figure 1 presents an example of the report
format used in the corpus. Each report documents a traffic collision involving a permitted autonomous test vehicle,
but the reports are not police generated records written at the crash scene. According to California DMV rules, the
manufacturer must submit a Report of a traffic collision involving an Autonomous Vehicle (OL 316) within 10 days of
any collision on a public road resulting in property damage, bodily injury, or death [8, 11]. The OL 316 form is completed
by the manufacturer and certified under penalty of perjury by an authorised representative or programme director; it
may also include additional attached information, including a law enforcement agency report, where available [8, 9].
Consequently, the documents combine structured fields, such as manufacturer details, vehicle information, crash time
and location, injuries and damage, and environmental conditions, with a narrative description of the event prepared for
regulatory reporting rather than as an on-site police investigation [9, 24].

n

2.2 Prompting Procedure and Response Collection

To analyse the reports, we used the ChatGPT web interface with GPT-5.4 Thinking and the Standard thinking effort

(https://openai.com/index/introducing-gpt-5-4). In this study, the model was used as a controlled document analysis
Manuscript submitted to ACM
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tool to extract structured information from visually rich collision reports under a fixed prompting protocol, rather than
as a source of open ended interpretation.

The prompt design was treated as the main methodological step. Because the California autonomous vehicle collision
reports are multi-page PDF documents that combine form fields, narrative text, diagrams, and checkbox-marked
categories, we designed the prompts to minimise ambiguity, support consistent field extraction, and limit unsupported
inference. Previous work on prompting for structured documents and document-level information extraction has
similarly highlighted the importance of explicit task definition, schema-aligned outputs, and constrained response
formats for improving reliability [16, 47, 49]. The instruction prompt, query document, and example reports are provided
in section 5.

For each report, we initiated a new interaction and first entered an instruction prompt that defined the task and its
constraints. The prompt stated that two documents would be provided: the collision report itself and a second document
containing the extraction questions. It also specified that the AV should always be treated as Vehicle 1 and the other
involved road user as Vehicle 2 or Other Party, consistent with the reports. To keep the extraction grounded in the
source document, the prompt instructed the model to answer each question only from the designated report section,
to avoid adding text beyond what was requested, and to avoid using external knowledge unless a question explicitly
required online lookup. The prompt also required the model to return NA whenever the confidence in an answer was
less than 50%. This structure was intended to support consistent role assignment, section-bounded extraction, compact
field-level responses, and explicit abstention when the report did not support a confident answer [45, 47].

The query document contained 25 questions, labelled Q0-Q24, designed to extract both descriptive and analytic
information from the reports. Q0 asked for an overall judgement of whether the AV was responsible for the collision,
together with an explanation, a main contributing factor, and a confidence estimate. Q1-Q3 covered manufacturer
details, vehicle attributes, accident date and time, and crash location. Q4-Q6 explicitly requested online lookup based
on the extracted address and time to determine the number of lanes, street type, speed limit, and whether the street was
likely to be busy at the reported time. Q7-Q17 extracted damage, injury, other party information, AV operating mode,
movement, lane position, intersection involvement, direction of travel, and textual descriptions of damage. Here, v1
refers to the autonomous vehicle and v2 to the other involved party, so variables such as v1_lane, v2_lane, v1_speed and
v2_speed denote the lane position and the pre-collision speed for the respective parties. Q18-Q24 focused on page 3 of
the reports and targeted bounded categories such as weather, lighting, roadway surface, roadway conditions, movement
preceding collision, type of collision, and other associated factors. Many of these questions referred to checkboxes or
visually marked options and, therefore, required the model to recover information from the document layout and text.
The complete query set and field definitions are provided in section 5.

The prompts were refined iteratively through several rounds of pilot tests before the full corpus was processed. In
each round, we applied the prompt set to a randomly selected sample of reports, reviewed the output, and revised the
wording of the queries to improve clarity, grounding, and consistency. This pilot phase was used to stabilise the role
definitions, section-specific instructions, answer format, and abstention rule before applying the final prompt set to the
full corpus.

After entering the instruction prompt, we uploaded the collision report PDF together with the query document in
the same interaction. The responses generated for each report were recorded verbatim and then stored in tabular form

for further parsing and analysis.
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2.3 Post Processing and Derived Analytical Variables

The recorded model outputs were post processed using a rule based parsing pipeline developed for this study. The parser
converted the semi structured responses to Q0-Q24 into a canonical schema by matching answer labels to predefined
field aliases and normalising the extracted values. This produced structured variables covering report metadata, fault
related judgments, vehicle and location information, online enrichment fields, injuries and damage, movement and
intersection variables, and checkbox based environmental and collision attributes. It also derived a unified collision type
from the first available collision field, standardised boolean and categorical values, and retained row level metadata
together with the original raw response so that each structured entry remained traceable to the model generated text.

The pipeline then derived analysis facing variables that transformed field level extractions into grouped represen-
tations of road user type, road user vulnerability, AV mode, AV movement, other party movement, collision group,
blame group, intersection context, environmental friction profile, harm scope, and scenario class. Scenario classes were
assigned using explicit rule based combinations of AV movement, other party movement, collision group, intersection
context, road user vulnerability, and selected cues from the explanatory text. The resulting taxonomy included AV
stopped rear end, intersection lateral conflict, lane change or merge conflict, turn across path conflict, curbside or parked
vehicle conflict, low speed stop or obstruction case, vulnerable road user interaction, and other or ambiguous. For each
assignment, the pipeline also retained the rule trigger, evidence source, and an evidence count so that later analyses
could distinguish more and less determinate cases.

To characterise the quality, interpretability, and robustness of the report, we grouped the fields into four provenance
types: bounded form fields, bounded checkbox fields, narrative fields, and online enriched fields. These groupings were
used to calculate provenance specific availability counts and rates, report completeness, report explicitness, coarse
and fine context scores, and a context granularity gap between higher level and more detailed contextual information.
Report completeness was defined as the proportion of non missing values across a fixed set of core fields covering
collision type, blame related fields, weather and lighting, and selected lane, speed, and intersection variables. Report
explicitness was defined as a weighted availability score in which bounded form and checkbox fields contributed more
strongly than narrative fields, and online enriched fields contributed the least. The coarse context score was defined
as the proportion of contextual variables available at the higher level, while the fine context score was defined as the
proportion of detailed contextual variables available, such as lane position, speed, intersection participation, direction
of travel, lane number, street type, and street busyness. The context granularity gap was calculated as the difference
between the coarse and fine context scores.

Additional diagnostic variables were derived to assess internal consistency and interpretability. These included
scenario determinability, movement consistency status, stopped AV subtype, intersection detail quality, blame conflict
flags, blame confidence alignment, blame evidence strength, and external enrichment level. Together, these variables
allowed us to analyse not only recurring collision scenarios, but also how strongly those scenarios were supported by
the reporting infrastructure.

Missing values were retained as NA instead of removed by complete case filtering. This allowed incomplete or
under specified reports to remain part of the analysis while making patterns of missing data visible in later blind spot
summaries and descriptive figures. This choice follows broader guidance in missing data analysis, which warns against
routine list deletion when incomplete observations may still contain useful information and when patterns of missing
data may themselves be analytically meaningful [20, 51]. In the final configuration used in this study, all 970 parsed

rows were retained for analysis, and missingness was explicitly examined through blind spot summaries, contradiction
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audits, and related review output. The post processed dataset was then exported together with run level summary
tables, including taxonomy counts, field provenance summaries, movement inconsistency audits, contradiction reports,

and validation samples for manual review.

2.4 Analytical Strategy

The analysis was organised in two complementary stages. In the first stage, we used the structured dataset to characterise
recurring patterns in collisions involving AVs. This stage focused on descriptive distributions of scenario class, road
user type, blame attribution, environmental profile, and related grouped variables, together with visual summaries such
as general Sankey diagrams, sunburst plots, categorical histograms, and taxonomy focused figures. The goal of this
stage was to identify the dominant collision situations represented in the corpus and to examine how these patterns
varied between road users, movement configurations, and accountability groups.

In the second stage, we examine the reporting and extraction process itself. Rather than treating all structured
variables equally well supported, we analysed missingness, field provenance, completeness, explicitness, coarse versus
fine context coverage, scenario determinability, movement consistency, blame confidence alignment, and contradiction
signals. This stage was intended to assess not only what the reports reveal about recurring AV collision scenarios, but
also how strongly these interpretations are supported by the reporting format and the extracted evidence.

Importantly, incomplete cases were retained in the analysis rather than excluded by listwise deletion. Missing values
were preserved as NA and explicitly examined by blind spot summaries and descriptive figures. This choice follows
broader guidance in missing data analysis, which warns against routine complete case filtering when incomplete
observations may still contain analytically useful information and when missingness itself may be substantively
informative [20, 51]. Taken together, this two stage strategy allowed us to study AV collision reports not only as a
source of crash data, but also as a reporting infrastructure whose structure supports some forms of interpretation while

leaving others underspecified or fragile.

3 Results

The final corpus contained 970 report entries. In the final pipeline configuration, all 970 entries had a usable model
generated response in the selected Output column, and all 970 were parsed successfully. Figure 2 provides a corpus
level overview of how cases are distributed across road user type, AV mode, movement preceding collision, collision
group, blame group, and scenario class. Across the entire corpus, the mean report explicitness score was 0.79, indicating
that a substantial share of report information could be recovered in structured form, although not all field types were
equally well supported. The mean coarse context score was 0.97, while the mean fine context score was 0.48, giving a
mean context granularity gap of 0.50. In other words, the reports captured the broad scenario structure much more
consistently than the detailed context at the interaction level.

The scenario distribution was concentrated in a small number of recurring patterns. The largest scenario class was
AV stopped rear end with 266 cases (27.42%), followed by other or ambiguous with 212 cases (21.86%), intersection lateral
conflict with 180 cases (18.56%) and lane change or merge conflict with 156 cases (16.08%). The remaining scenario classes
were curbside or parked vehicle conflict with 116 cases (11.96%), vulnerable road user interaction with 17 cases (1.75%),
turn across path conflict with 14 cases (1.44%) and low speed stop or obstruction case with 9 cases (0.93%). This overall
pattern is shown in Figure 3. The other involved party was classified as a vehicle in 901 cases (92.89%), unknown in 46
cases (4.74%), a cyclist in 14 cases (1.44%), a pedestrian in 3 cases (0.31%) and a skateboarder, a steel drain cover, a kerb,

an animal, a utility valve cover, and a skateboard in 1 case each (0.10% each). The reported blame was assigned to the
Manuscript submitted to ACM



365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394

396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411

412

8 Alam et al.

Who Where What When Why

Intersection roadway a
Rear end
Afternoon
Intersection twe-way
a\ - &
N \ —Pedestrian
Vel Non intersgé'\tig)r\\.'/lzoadway Side swipd 'v,/ Momin\;Z or other road user
LNon intersect ] .
™ ’ UBroadside "’;
AN “l,\ %
WL AN : g :
Dlntersectlolm, onesway. ‘ ‘Object L Night
/ 7, O \
-4 ‘ Non intersectioh one-way HNA - - \
- ALK . . V1 or AV
ENA - Eg?ﬁﬁefd location—= [|other Evening .
Cyclist =Two-way Others=
—0ne-way | [Head"on NA Weather or roadt

Fig. 2. Sankey diagram showing how collision cases are distributed across the main analytical dimensions in the dataset.

other road user in 804 cases (82.89%), to the AV as the primary party in 136 cases (14.02%), to environmental or road
conditions in 28 cases (2.89%) and remained unclear in 2 cases (0.21%). Figure 4 shows that these accountability patterns
varied across scenario classes rather than being distributed uniformly in all collision situations.

The reports were substantially more informative for coarse scenario structure than for fine grained interaction detail.
The highest missingness rates were observed for v2 speed (87.94%), v2 lane (78.04%), street busy (77.84%), v1 lane (76.49%)
and vI speed (75.57%). The missing was also substantial for the description of the damage of v2 (52.47%), the number of
lane (49.79%) and the type of the street (44.12%). Mean field availability differed across provenance groups, with the
highest availability for bounded form fields (0.85), followed by bounded checkbox fields (0.76), narrative fields (0.70)
and online enriched fields (0.48). This pattern is consistent with the difference between the mean coarse context score
(0.97) and the mean fine context score (0.48), indicating that the reports captured a broad scenario structure much more
consistently than the detailed context of the interaction level. Scenario determinability was classified as high in 720
cases (74.23%), medium in 241 cases (24.85%) and low in 9 cases (0.93%), indicating that most cases could be assigned to
a scenario class, although often with weaker support for detailed contextual reconstruction.

Additional indicators pointed to substantial limits in interaction level detail. Movement consistency was classified as
consistent in 284 cases (29.28%) and inconsistent in 686 cases (70.72%). Among inconsistent cases, 515 (75.07%) were
labelled as within the report conflict or parser issue and 171 (24.93%) as context of an ambiguous scenario. The strength
of the blame evidence was classified as strong in 943 cases (97.22%), conflicting in 25 cases (2.58%) and weak in 2 cases
(0.21%), while the alignment of the blame confidence was classified as aligned or unclear in 931 cases (95.98%) and as
high confidence with low evidence in 39 cases (4.02%). The friction profile of the environment was classified as nominal
in 860 cases (88.66%), compounded degradation in 36 cases (3.71%), visibility degraded in 33 cases (3.40%), unusual
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Fig. 3. The distribution of scenario classes in the collision corpus. Each bar represents the number of cases assigned to a given scenario
class, allowing comparison of the most common recurring collision situations, including AV stopped rear end crashes, intersection
lateral conflicts, lane change or merge conflicts, curbside or parked vehicle conflicts, turn across path conflicts, vulnerable road user
interactions, low speed stop or obstruction cases and cases that remained other or ambiguous.

road surface in 25 cases (2.58%) and surface degraded in 16 cases (1.65%). Among the stopped AV cases, the largest
subtype was the rear end stopped with 269 cases (56.99%), followed by stopped at the intersection with 108 cases (22.88%),
traffic stop with 67 cases (14.19%), stop for obstruction or uncertainty with 23 cases (4.87%) and other stopped case with 5
cases (1.06%). The quality of the details of the intersection was classified as contextualised intersection in 502 cases
(51.75%), not intersection focused in 444 cases (45.77%) and intersection flag only in 24 cases (2.47%). Taken together,
these results show that the reports support broad scenario classification and blame attribution more consistently than
detailed reconstruction of lane level, speed related and contextual interaction dynamics.

As shown in Figure 5, the field level missingness profile reinforces this pattern. The most severe blind spots were
concentrated in lane position, speed, and traffic context, whereas higher level contextual variables such as direction of
travel and intersection involvement were available for most reports. This suggests that the reports are considerably more
informative for broad scenario characterisation than for fine grained reconstruction of how the interaction unfolded in
detail.

4 Discussion

The results indicate that collisions involving AVs in California are concentrated in a limited set of recurring situations
rather than being evenly spread over many unrelated crash types. The most prominent patterns were AV stopped
rear end, intersection lateral conflict, lane change or merge conflict and curbside or parked vehicle conflict. As shown in
Figure 2 and Figure 3, these scenario classes account for most of the corpus, although a substantial minority of reports
remained in the other or ambiguous category. Taken together, this pattern suggests that many reported AV collisions
arise in common mixed traffic situations in which prediction, coordination, and timing are especially important. In such
situations, the challenge is not only for the AV to perceive the scene correctly, but also to anticipate the behaviour of
other road users and to respond in ways that align with human expectations. The prominence of rear end and other low
speed interaction cases is broadly consistent with earlier studies of California DMV reports [7, 24, 25]. Our contribution
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Unclear Other or ambiguous IZ

Curbside or parked vehicle conflict -23
Environment or conditions
Other or ambiguous IS

Curbside or parked vehicle conflict _54
Lane change or merge conflict -33
Other or ambiguous - 28

AV primary
Intersection lateral conflict -17
AV stopped rear end |3

Vulnerable road user interaction |1

AV stopped rear endt | 263
Other or ambiguous _ 177
Intersection lateral conflict _ 163
Lane change or merge conflict _ 123
Curbside or parked vehicle conflict _39
Vulnerable road user interaction - 16

Other road user

Turn across path conflict - 14

Low speed stop or obstruction case .9

Count

Fig. 4. The distribution of blame attribution across scenario classes in the collision corpus. For each scenario class, the bars indicate
how many cases were assigned to the AV, the other road user, environmental or road condition factors, or remained unclear, allowing
comparison of accountability patterns across different types of collision situations.

extends this line of work by organising these collisions into a more explicit scenario based structure, rather than treating
them primarily as separate crash variables.

The prominence of AV stopped rear end and intersection lateral conflict likely reflects the particular demands of mixed
traffic interaction. At intersections, road users must judge priority, speed, intent, and possible future paths in a short
time, often under uncertainty and without complete information. These situations require not only perception, but also
the interpretation of behavioural cues and expectations. A similar challenge appears in stopped AV rear end crashes.
In these cases, the AV may behave conservatively or legally, but the driver behind it may not expect the timing or
extent of its braking or stopping. More generally, these findings suggest that safety problems in mixed traffic are not
limited to dramatic system failures. They also emerge from ordinary but interaction heavy situations in which AVs and
human road users must continuously coordinate with each other. The high share of cases assigned to the other road
user in the reported blame distribution, shown in Figure 4, is consistent with this interpretation and with previous work
on California AV crash reports [24, 59]. At the same time, this pattern should be interpreted as reported attribution
rather than as direct ground truth about causal responsibility, because fault in these reports is itself shaped by narrative
framework, reporting practice, and legal context.

A second major finding is the large gap between coarse and fine contextual information. The reports were generally
sufficient for broad scenario assignment, but often lacked lane level, speed related, and traffic context detail. This pattern
is reflected both in the high missingness rates for variables such as v2 speed, v2 lane, street busy, v1 lane , and v1 speed
and in the large difference between the mean coarse context score and the mean fine context score. By contrast, higher

level variables such as scenario class, blame group, and collision group were much more consistently available. One
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V2 speed

88%
V2 lane 78%

78%

Street busy

V1 lane

76%

V1 speed 76%

V2 damage desc|

52%

Lane number| 50%

Field

Street type| 44%

V2 intersection 18%

Direction 10%

V1 damage desc| 7%

V1 intersection

6%

QO confidence 0%

=)

0.2 0.4 0.6 0.8 1
Missing rate

Fig. 5. Field-level missingness for selected blind-spot variables in the collision report corpus. The figure shows the proportion of reports
in which fine-grained contextual variables, including speed, lane position, street busyness, lane number, street type, intersection
detail, direction and damage descriptions, were unavailable after extraction. Higher missingness rates indicate dimensions of crash
reconstruction that are systematically under-specified in the source material. Overall, the pattern shows that the reports support
broad scenario interpretation more consistently than detailed interaction-level reconstruction.

plausible reason is that the California collision form is designed primarily for administrative documentation and legal
reporting rather than for detailed reconstruction of the interaction. Broad facts such as crash type, location, operating
mode, and damage are easier to record in standardised form, whereas fine grained movement and interaction detail
often depend on narrative description, interpretation of the scene, or information that may not have been observed or
documented systematically at the time of reporting. This helps explain why the reports are well suited to identify broad
crash patterns but less well suited to describing the detailed structure of negotiation and movement in mixed traffic.

The provenance analysis supports this interpretation. Bounded form fields had the highest mean availability, followed
by bounded checkbox fields and narrative fields, while online enriched variables had the lowest availability. This
suggests that the most consistently recoverable information is information that the reporting form already expects and
structures explicitly. Narrative fields remain valuable, but their usefulness depends on how the event was described, by
whom, and with how much detail. Online enriched variables add potentially useful contextual information, but they
also introduce an additional layer of uncertainty because they are not recorded directly in the report itself. Together,
these findings indicate that the reporting infrastructure shapes the kinds of question that can be answered reliably. The
reports and our interpretation pipeline are well suited to recovering the occurrence of a crash and some of its broad
properties, but they are less robust for recovering the fine grained interaction context that would be needed for deeper
behavioural or causal analysis.

The results of determinability and consistency reinforce this point. Most reports were classified as having high or

medium scenario determinability, indicating that available information was generally sufficient for a broad scenario
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assignment. At the same time, the large size of the other or ambiguous category shows that not all reports can be
confidently placed into a narrow scenario class. This may reflect genuinely unusual events, but it may also result from
unspecified reports, incomplete narratives, or missing fine context. In other words, ambiguity is not only a property of
the crash itself. It can also be a property of the way the crash was documented. The high level of inconsistency in the
movement points in the same direction. These inconsistencies should not be interpreted simply as a model error. More
likely, they reflect a combination of partial mismatch between structured and narrative fields, limits of the parser, and
genuine ambiguity in the source reports themselves.

The environmental results add an additional layer of interpretation. Most reports were classified as occurring under
nominal conditions, with only a small share involving degraded visibility, unusual road conditions, or degraded surface
conditions. This suggests that many reported collisions did not require extreme weather or severe road conditions to
occur. Instead, they occurred under conditions that were relatively ordinary from an environmental point of view. One
possible explanation is that interaction complexity, rather than physical degradation, is the most common challenge
in these reports. Another is that environmental conditions are easier to record in coarse categories than the detailed
dynamics of the interaction that unfolds between road users. The results of the stopped AV subtype are especially
consistent with this view. Most stopped AV cases were classified as stopped rear end crashes, followed by stopped
at intersection and traffic stop cases. This pattern is also broadly in line with earlier observations that AVs are often
struck from behind while stopped [25]. These cases are important because they sit at the boundary between lawful AV
behaviour and the expectations of surrounding road users. They therefore point to the importance of understanding
not only whether an AV followed the rules but also how its behaviour is interpreted by others in the traffic stream.

Taken together, the findings suggest that AV collision reports can support meaningful large scale analysis of recurring
crash scenarios, but that they also reveal clear limits in what can be recovered reliably. The reports support broad
scenario classification, descriptive blame patterns, and high level contextual analysis. They are less well suited for
detailed reconstruction of motion, lane level interaction, and traffic context. This distinction is important both for
research and for practice. For research, collision reports suggest that they are most informative when used to identify
recurring interaction patterns and reporting gaps rather than to infer detailed causal chains from the sparse evidence.
In practice, it suggests that current reporting forms could be improved by capturing more explicit information about
lane position, relative motion, intersection configuration, and the behaviour of the other road user. Such changes would
make future reports more useful not only for compliance and investigation, but also for understanding the human and

interactional challenges of autonomous driving in mixed traffic.

4.1 Limitations and Future Work

The findings of this study should be interpreted in light of the source on which they are based. The analysis is based
on collision reports from a single reporting system, namely the California Department of Motor Vehicles. Although
this corpus is important and has been used in earlier studies of AV collisions, it reflects reporting practices, regulatory
setting, operational conditions, and road use norms of only one jurisdiction [18, 22, 24, 46]. The results should therefore
be read as findings from this reporting context rather than as a complete account of AV safety, more generally. In
particular, the study does not support conclusions about how collision patterns, reporting practices, or interaction
norms may differ between jurisdictions or cultural contexts. This matters because the reports are not ground truth
records of the crash. They are secondary documents that can omit detail, simplify events, or frame responsibility in
ways that do not fully capture the causal chain. In autonomous driving, especially, rare but consequential events must

be interpreted against a much broader background of overall system performance [34]. For that reason, the present
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study characterises reported crashes and reported crash circumstances rather than the full safety performance of AVs in
naturalistic driving.

A further limitation lies in the structure and completeness of the reports themselves. Several variables that would be
highly informative for the analysis of interaction, including lane position, speed, and traffic context, were frequently
missing or under specified. Earlier work on California AV reports has similarly noted limited narrative detail and
difficulty in determining some variables directly from reports 3, 18]. As a result, the taxonomy developed here is more
robust at the level of broad scenario classes than at the level of detailed movement reconstruction. This is not only
a limitation of the extraction workflow, but also of the reporting infrastructure from which the evidence is drawn.
Retaining incomplete cases as NA made these blind spots visible, but it did not resolve the underlying imbalance by
which some aspects of interaction are documented much more sparsely than others.

The analytical pipeline also introduces its own constraints. The variables used in the analysis were derived through
a combination of model generated responses and rule based post processing. This design was intended to preserve
transparency and traceability, yet it also means that some results depend on modelling and coding choices made by the
authors. Scenario classes, blame related indicators, determinability, and consistency measures are therefore derived
representations rather than direct observations from the reports themselves. Although the prompts were refined through
pilot testing and the outputs were parsed under a fixed protocol, the study does not yet provide full external validation
against an independently hand coded gold standard. The online enrichment variables, including lane number, street
type, speed limit, and inferred street busyness, introduce an additional source of uncertainty because they depend on
external search rather than solely on the report. More broadly, reports are visually structured documents that combine
checkboxes, layout cues, and form elements that are not fully reducible to plain text. Recent work on multimodal
document understanding suggests that models designed for layout rich documents may offer stronger support for
extracting this kind of visually encoded information [31, 37].

These limitations also point to several directions for future work. An important next step would be to validate the
extracted variables in a manually annotated subset, allowing scenario class, blame group, determinability, and related
outputs to be systematically compared against human coding. It would also be valuable to compare the present workflow
across different models, prompt strategies, and document understanding approaches, including multimodal systems
designed explicitly for forms such as inputs and visually structured pages [22, 31, 37]. The scope of the analysis could be
further broadened by linking collision reports with other data sources, such as disengagement reports, police records,
insurance records, or naturalistic safety data, to examine whether the scenario patterns observed here extend beyond
the California DMV corpus [25, 34]. Comparative studies across jurisdictions would also be valuable for examining
whether reporting practices, mixed traffic interaction patterns, and road user expectations differ across regulatory and
cultural settings. There is also a clear potential to connect this kind of report analysis to scenario generation and safety
tests, as recent work has shown that accident reports can be transformed into structured and reusable scenarios for
the evaluation of autonomous driving [26, 53]. Finally, the findings suggest that future work should not only analyse
collision reports, but also improve them. More explicit reporting fields for lane position, relative motion, road user intent,
intersection configuration, and control transitions would make these reports more useful both for crash investigation

and for studying human interaction with autonomous vehicles in mixed traffic [2, 19, 27, 29].
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5 Supplementary Material

In line with current open science practices and recommendations for transparency in automotive research [21],

the authors openly provide these research artefacts to support reproducibility, collaboration and further advance-

ments in the field. The analysis code, query and responses of LLMs are available at https://www.dropbox.com/scl/fo/
k7kqrj86x0ib5n4x6ttab/ ADwuUh3Xex8TjfEIdt3sdEo?rlkey=4810n7zxzlni10gxpb6ogv2dj&st=a7tréuav. A maintained

version of code is available at https://github.com/bazilinskyy/llm-events.
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