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LLM-assisted Systematic Review of Inaccurate Mental Models for Driving
Automation Systems: Constructs, KPIs and Measurements
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Research on the interaction between users and driving automation systems (DAS) is growing rapidly. To support safe interaction,
researchers have examined how drivers comprehend these systems, yielding the concept of mental models. The literature shows that
users naturally form incomplete representations, termed inaccurate mental models (IMM). However, research on measuring IMM
remains fragmented: studies typically isolate single dimensions, relying on declarative knowledge questionnaires, behavioural indicators,
or related constructs such as miscalibrated trust, and no coherent framework links these metrics to the cognitive mechanisms underlying
safety-critical risks. In this systematic review, we investigate how IMM is interpreted and assessed in in-vehicle human–DAS interaction
at SAE Levels 1–4, with the goal of developing a unified assessment framework that supports systematic diagnosis. Methodologically,
we used a large language model (GPT-5.2) as an independent second reviewer working in parallel with a human expert, introducing
a collaborative human–LLM screening strategy for human–machine interface review research. Of 1,178 unique records, 53 were
included (38 empirical and 15 theoretical). We organise the evidence into an initial mental model (explicit and implicit conceptions) and
a situational mental model (situational understanding, situational attitude, and behaviour). Across these five dimensions, we identify 7
constructs and 30 key performance indicator (KPI) categories and map them to measurement methods, automation levels, and driving
contexts. The framework supports developers and researchers in choosing complementary measures and converting abstract cognitive
risks into quantifiable data, with the aim of diminishing inaccurate mental models for safe human-machine interaction (HMI).

Additional Key Words and Phrases: Inaccurate mental model, human-automation interaction, driving automation system, assessment
framework, systematic review, large language model

1 Introduction

Humans do not always require a precise understanding of technology to be able to interact with it. Often, technology is
so intricate that it cannot be fully grasped by its users, so people instead depend on an internal model that captures only
the most important elements—one that is naturally incomplete (Norman, 1983b). The notion of a mental model emerged
to account for this meta-cognitive process: an internal representation of the world to test potential actions and anticipate
their consequences before carrying them out in the physical environment (Craik, 1967, Johnson-Laird, 1983, Moore and
Golledge, 1976). Within this tradition, mental models are understood as dynamic inferential frameworks (Collins and
Gentner, 1987, Gentner, 1983, Johnson-Laird, 1983) and become central to the domain of human–automation interaction,
where users must cope with increasingly opaque digital systems. We adopt the definition of a mental model as an
evolvable rather than static mechanism (Beggiato and Krems, 2013, Beggiato et al., 2015, Hegarty et al., 2013), through
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2 Fang et al.

which a user explains, interprets, and predicts (Johnson-Laird, 1983, Norman, 1983a) the purpose, functioning, and state
of a complex automation system (Parasuraman and Riley, 1997, Parasuraman et al., 2000).

Building an adequate mental model is fundamental for safety when people use driving automation systems (DAS) (Beg-
giato and Krems, 2013, Qiao et al., 2024). Nonetheless, establishing such amodel has always been challenging, particularly
in the context of automated driving. Contemporary vehicles span a spectrum of automation as defined by the Society of
Automotive Engineers (SAE International, 2021), from Level 0 (fully manual) to Level 5 (fully automated), with this
spectrum filling rapidly but unevenly. Mercedes-Benz and BMW launched certified Level 3 conditional automated
driving (CAD) in 2022 and 2024 in Germany (BMW Group, 2023, Mercedes-Benz Group, 2022), respectively, enabling
drivers to legally disengage from the driving task within specified operational design domains. By contrast, Tesla’s
Full Self-Driving (Supervised), fundamentally a Level 2 driver assistance feature (Council, 2026), received provisional
European type approval from the RDW in April 2026 (RDW, 2026), allowing immediate deployment in the Netherlands
while EU-wide approval is still pending. Although all are nominally positioned on the same SAE scale, these systems
differ markedly in naming, capability, and the moment-to-moment demands they place on the user. Consequently,
these largely technology- and regulation-oriented levels may not reflect how users actually understand control author-
ity (Tabone et al., 2021, Yang et al., 2017). Recent real-world crashes show some misunderstanding can be fatal, as in the
Xiaomi SU7 collision involving its Level 2 motorway assistance system (Reuters, 2025), which regulators and analysts
warn may cause users to misinterpret its function and be unready to intervene when required.

We use inaccurate mental model (IMM) to describe incomplete or erroneous representations of system capability
and responsibility (Badke-Schaub et al., 2007, Harari et al., 2019, Kwon et al., 2016, Santos et al., 2016). We argue that
such inaccuracies should not be seen simply as user failings, as if users ought to grasp every technical nuance of
ever more complex automation. Instead, IMM should be interpreted as a diagnostic indicator of how effectively the
automated system supports the interaction and sufficiently conveys its status, capabilities, and limitations, thereby
enabling safe interaction (Carsten and Martens, 2019, de Winter et al., 2023, Tinga et al., 2023). Therefore, the primary
objective of automated driving research is to enhance HMI quality so that it reliably closes the gap between machine
logic and human expectations, ultimately enabling safe automated vehicles.

However, research on assessing IMM is fragmented into three primary strands, each marked by distinct structural
shortcomings: (i) The first strand defines mental model accuracy along a single dimension only, most often through
standardised questionnaires that assess declarative knowledge about how the system operates (Beggiato et al., 2015,
Boelhouwer et al., 2019, Seupke et al., 2025a). These instruments assess what the system can do, the conditions under
which it operates, and the aspects for which the driver remains responsible, and are often tailored to specific system
features under SAE Levels 1–4. (ii) the second line represents IMM derived from behavioural indicators, such as
observable patterns of misuse, disuse, or unjustified reliance on automation (Banks et al., 2018, Parasuraman and Riley,
1997, Wörle and Metz, 2023). (iii) A third stream approaches IMM through related constructs, such as miscalibrated
trust (Hoff and Bashir, 2015, Lee and See, 2004), mode confusion (Eom and Lee, 2015, 2022), or diminished situation
awareness (de Winter et al., 2014, Endsley, 1995), and treats these phenomena as downstream indicators from which
inaccuracies in mental models can be inferred. However, each strand, taken alone, captures only a partial slice of
the construct and leaves systematic blind spots. It is important to recognise that a user’s mental model is neither a
fixed measure of knowledge nor just one specific behaviour or attitude. What people claim does not always align
with how they actually behave: users who state they understand these limits may still misjudge what is required of
them when they must intervene in time-critical scenarios (Boelhouwer et al., 2019), or still exhibit over-reliance on
the system (Victor et al., 2018) even while maintaining "eyes on the road and hands on the wheel". A mental model is
Manuscript submitted to ACM
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a dynamic process linking perception (Novakazi, 2025), interpretation, and action across contexts, spanning pre-use
beliefs, in-the-moment sense-making and the way experiences reshape understanding. Therefore, a knowledge gap
remains: without a shared framework for fully evaluating IMM, researchers are left with a piecemeal toolkit, inferring
how isolated measures map onto the cognitive mechanisms underpinning safety-critical issues.

1.1 Aim of study

To resolve the existing fragmentation, this paper presents a systematic review of how IMM is conceptualised and
assessed. We focus specifically on the internal perspective of the driver–automation relationship from SAE Levels 1–4,
encompassing a shifting allocation of control: from continuous driver assistance (e.g., ACC, LKA at SAE Level 1/2),
to conditional automation requiring fallback readiness (SAE Level 3), up to highly automated driving (SAE Level 4)1.
Our core objective is to move beyond isolated metrics by identifying exactly which theoretical constructs and key
performance indicators (KPIs) genuinely signal an IMM. This architecture explicitly maps underlying cognitive
constructs to their corresponding subjective and objective KPIs. By synthesising these elements, we provide researchers
and practitioners with the precise diagnostic tools necessary to evaluate automotive HMI design in the aforementioned
context, translating abstract cognitive risks into measurable and actionable data.

To guide this synthesis, the review addresses the following overarching research questions:

• RQ1: Conceptualise IMM.Which constructs are employed to characterise the IMM in human–DAS interaction,
and how are these constructs defined and differentiated across the various studies?

• RQ2: Operationalise and apply IMM assessment.Which KPIs and assessment methods are used to make
IMM-related constructs measurable (e.g., questionnaires/interviews, probes/tasks, logs/telemetry, eye track-
ing/physiological signals), and how are these combinations distributed across automation levels, driving
functions, and traffic scenarios?

1.2 Conceptual framework

To systematically map this cognitive landscape, we firstly propose a two-layer mental model framework for concept
distinction (Figure 1): (i) the initialmentalmodel is viewed as stable knowledge structures in long-termmemory (Craik,
1967) that persist across situations (Gentner, 1983, Jones et al., 2011, Rouse and Morris, 1986), which in context of
automated driving, represent users’ prior beliefs, experiences, and knowledge about how the automated system works
before the actual interaction (Carsten and Martens, 2019, Novakazi et al., 2025, Seupke et al., 2025a, Walker et al., 2023);
(ii) the situational mental model is seen as short-lived constructions in working memory, built to reason about a
particular unfolding situation (Durso et al., 2007, Endsley, 2015, Johnson-Laird, 1983, Kintsch, 1998).

Our framework additionally distinguished five dimensions to specify constructs and measurement approaches in
the context of human-DAS interaction. We anchor the initial mental model in Nelson and Narens’ meta-memory
framework (Nelson, 1990), resulting in two dimensions. D1 Explicit conception represents an object level, encompassing
the user’s declarative knowledge (Anderson, 2013) regarding the system features (its capabilities, limitations, and mode
logic) (Seupke et al., 2025a). D2 Implicit conception represents a meta-level, that is, what users believe they understand
and how confident they feel about that understanding, regardless of whether this feeling is correct (Greenwood et al.,
2022, Metz et al., 2024). Thus, a user may feel very confident while harboring substantial misconceptions (Sanbonmatsu
et al., 2018), or feel uncertain despite in fact possessing an essentially adequate model. The situational mental model is

1Here, SAE Level 4 refers specifically to driver-facing dual-mode vehicles rather than pure Level 4 systems operating without any human intervention.
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Fig. 1. Conceptual Framework of the development of mental model in human-AV interaction

the live cognitive structure when users actively use DAS, where prior knowledge combines with real-time interface
feedback and vehicle behaviour, shifting them from ‘espoused theory’ (what they say they know) to ‘theory in use’
(how they actually interpret and act). We capture this theory in use through the framework’s final three dimensions: D3
Situational understanding concerns whether the user correctly grasps the vehicle’s immediate intent and can anticipate
its next actions in a given scenario (Novakazi, 2025). D4 Situational attitude captures momentary trust and acceptance
in the specific driving context (Seupke et al., 2025b, Walker et al., 2023). It is a short-lived, context-bound judgement of
how satisfied the user is and how willing they are to rely on the system for the current hazard. D5 Behaviour comprises
observable actions that reveal this internal cognitive state, indicating whether the driver’s “theory in use” supports safe,
well-coordinated interaction with the vehicle.

2 Method

We conducted the systematic review with PRISMA 2020 guideline (Page et al., 2021). In parallel with human screening,
we integrated the Large Language Model as a collaborative second reviewer to improve the rigour and efficiency of study
selection. Study identification involved: (i) a database search and (ii) a collaborative, dual-reviewer screening procedure
in which a human reviewer and a Large Language Model (GPT-5.2) 2 independently applied the same eligibility criteria
during both title, abstract and full-text screening. The study selection procedure is illustrated in Figure 2.

2.1 Database search

Four bibliographic databases were selected: ACM Digital Library (https://dl.acm.org), IEEE Xplore (https://ieeexplore.
ieee.org), Scopus (https://www.scopus.com), and Web of Science (https://www.webofscience.com). ACM and IEEE were
chosen for their strong coverage of human-computer interaction and automotive research, including key venues in
driving automation and in-vehicle interface design. Scopus was included to broaden coverage across interdisciplinary

2GPT-5.2 was selected as the highest-performing general-purpose LLM available at the time of screening (January 2026 ). We acknowledge that LLM
capabilities evolve rapidly; this choice reflects the state of the art during data collection rather than an endorsement of a specific vendor.
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Table 1. General query structure for all searches

Context Keywords

Automated Driving “automated driving” OR “autonomous driving” OR “automated vehicle” OR “operatorless”
OR “self-driving”

Mental Model “mental model” OR awareness OR understanding
Interaction “HMI” OR “human–automation interaction” OR “human–vehicle interaction” OR “human–

machine interaction”
Safe Safe
Negative Factors “error” OR “false” OR “misalignment” OR “mismatch” OR “incorrect” OR “inaccurate” OR

“confusion” OR “surprise”

journals and conference proceedings, while Web of Science provided complementary indexing and an additional
cross-check for retrieval completeness.

2.1.1 Search queries and filters. To identify relevant publications, we formulated database-specific search strings
using Boolean operators. The search query comprised keywords from five conceptual blocks, which were searched
separately: automated driving, mental models/understanding, interaction/HMI, and terms representing negative factors.
The structure of the query and the keywords used in each block are presented in Table 1.

Additionally, three filters were applied consistently across databases to improve relevance: (i) Publication year. We
limited the search to studies published between 2000 and 2025 to capture both foundational work on mental models in
human–automation interaction and more recent evidence reflecting contemporary automated-driving technologies and
in-vehicle HMI developments; (ii) Publication type restricted to peer-reviewed journal articles and conference papers;
(iii) Language restricted to English.

2.1.2 Search results. Using the predefined search queries (Table 1), the database search identified a total of 1,541 records
(ACM: 546; IEEE: 489; Scopus: 467; Web of Science: 39). The database search was executed on 06 November 2025, on
which date all retrieved records were exported, combined into a single dataset, and stored as a CSV file. Since individual
publications may appear in multiple databases, duplicate entries and clearly ineligible records were subsequently
removed using a Python-based deduplication workflow, leaving 1,178 unique records for title and abstract screening
after the exclusion of 363 records (49 duplicates; 314 proceedings front-matter records).

2.2 Eligibility criteria

We defined eligibility criteria as a priori to ensure that included studies explicitly addressed IMM in the context of
in-vehicle human–automation interaction in automated driving, and that evidence was grounded in human factors
data. The criteria were developed to align with the study aim and research questions, and were operationalised as three
inclusion criteria (IC1-IC3) and six exclusion criteria (EC1-EC6).

2.2.1 Inclusion criteria. Studies were included if they met all of the following:

• IC1 Direct interpretation or measurements of mental model. The title/abstract explicitly framed the
work as mental-model–relevant in human–AV interaction (e.g., understanding/interpretation, (mis)perception,
misunderstanding, expectation mismatch, mode confusion, automation surprise, or misuse/disuse attributable
to incorrect understanding).
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• IC2 Relevance of mental model. The study employed constructs or measures that can diagnose users’
inferences about system capability or state (i.e., mental model content), and interpreted outcomes as evidence
of users’ understanding or belief. Eligible measures included cognitive/interpretive indicators (e.g., system
comprehension, situation awareness when framed as correctness regarding ADS state/limits, perceived capability,
explicit knowledge/probe tests, prediction tasks), behavioural/performance indicators (e.g., mode errors, takeover
errors, inappropriate reliance/misuse/disuse, intervention timing, incorrect actions relative to system limits),
and trust/workload/attention measures only when explicitly interpreted as reflecting incorrect beliefs/inferences
or miscalibrated reliance (rather than generic workload or attention differences).

• IC3 Review/Conceptual eligible. Include if the paper defines/argues mechanisms of inaccurate understanding
(complacency, mode awareness, misuse/disuse pitfalls) or synthesises evaluation methods relevant to diagnosing
user understanding.

2.2.2 Exclusion criteria. Studies were excluded if any of the following applied:

• EC1 Not peer-reviewed. Not peer-reviewed or not accessible (e.g., white papers, posters, or non-peer-reviewed
preprints).

• EC2 Not in context of automated driving. Studies outside SAE J3016-defined automotive driving automation
(e.g., maritime, aviation), and studies of manual driving or SAE Level 0 vehicles in which no sustained driving
automation is present (since IMM as conceptualised here requires the existence of automation capability to be
misrepresented).

• EC3 Absence of human factors. System-only contributions without human participants, human data, or
human-in-the-loop evaluation, and without cognitive/behavioural/perceptual/subjective measures relevant to
users.

• EC4 UX-only or non-critical without safety link. Primarily comfort, acceptance, preference, aesthetics,
or general UX in routine driving without a safety-relevant link to misalignment (e.g., misuse/disuse, delayed
reactions, or other safety-critical behaviour).

• EC5 Non-English publication. Not written in English.
• EC6 Out-of-scope interaction types. Exterior eHMI/pedestrian or other road-user interaction; operators

outside the vehicle; remote operators in L4; passenger-only interaction; other road users(ORU)-AV interaction.

2.3 Screening

The study selection followed a two-stage screening process comprising: (i) title and abstract screening and (ii)
full-text screening, based on PRISMA 2020 recommendations for transparent reporting of selection procedures (Page
et al., 2021). The overall screening workflow and the corresponding record numbers are presented in Figure 2. The
screening was conducted in parallel by two independent reviewers (human and LLM), and any disagreements were
addressed using a structured resolution procedure. At every stage, both reviewers independently applied the same
eligibility criteria (IC1-IC3; EC1-EC6).

2.3.1 Manual title and abstract screening. The first author screened all remaining records in the title and abstract
screening process against the eligibility criteria (see Section 2.2). Of the 1,178 records screened, 52 were judged eligible
for full-text assessment and 1,126 were excluded at this stage (Figure 2).
Manuscript submitted to ACM
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Fig. 2. A structured process of review illustrating study selection and the human-LLM dual-reviewer process.

2.3.2 LLM title and abstract screening. Prior work has shown that LLMs can effectively support systematic re-
view (Borges et al., 2026, Chen et al., 2026), conducting title and abstract screening (Dennstädt et al., 2024, Zhuang et al.,
2025). In this study, we used an LLM as a second independent reviewer for two main reasons: (i) tomitigate human
error and maximise recall. Evidence shows that even with two human reviewers resolving conflicts, about 3% of
relevant citations are missed; this rises to 13% with a single reviewer (Gartlehner et al., 2020). Serving as a non-fatigable
verification layer, the LLM increases sensitivity. Recent trials suggest that although LLMs may have lower precision
than humans, they can attain near-perfect recall (96-100%) in binary screening tasks (Guo et al., 2024), functioning as a
"safety net" for relevant papers that fatigued human reviewers may overlook. (ii) to address a methodological gap
in the specialised domain of Human-Machine Interaction (HMI). While LLM-assisted reviewing is becoming
common in clinical research (Scherbakov et al., 2025), its use for the complex, non-standard terminology typical of
HMI remains limited. Unlike clinical trials with standardised reporting, HMI design studies on human-automation
interaction in HCI often use diverse, qualitative, and non-standardised language. In this context, Asadi et al. show that
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standard prompting is often inadequate (Asadi et al., 2025). By iteratively embedding research goals into the prompt,
they improved human–AI agreement to 73%, highlighting the need for context-aware instructions rather than simple
keyword matching in HMI reviews.

We operationalised the LLM-assisted screening workflow using a Python script. It read 1,178 records with title
and abstracts, prompted the model (GPT-5.2) through an API call with the research questions plus explicit eligibility
criteria in Section 2.2 and a hierarchical decision rule. Data were gathered between 27 and 28 Jan 2026. The decision
rule explicitly states that a paper is excluded if it is outside the eligible interaction scope or if it meets any exclusion
criterion (EC1-EC6); otherwise, it is included only when it explicitly addresses inclusion criteria (IC1-IC3), otherwise
everything else is excluded. For the output, the model must return a JSON array. The outputs were then exported to a
CSV (with the article ID, criteria met, decision, and a brief evidence-based rationale). After screening, the LLM included
54 records and excluded 1,124 records (Figure 2). The agreement between the human reviewer and the LLM at the title
and abstract screening was moderate (Cohen’s 𝜅 = 0.5257). Of the screened records, 29 were selected by both reviewers,
whereas 48 received discrepant decisions: 23 were included only by the human reviewer and 25 only by the LLM. To
minimise erroneous exclusions, the union of all potentially eligible 77 records, comprising overlapping and conflicting
selections, was advanced to full-text screening for adjudication.

Importantly, we emphasise that the LLM was used to support double screening rather than replace human judgement,
consistent with the PRISMA 2020 guidance to transparently report the role of automation tools in study selection.

2.3.3 Conflict resolution: human and LLM full-text screening. To reduce the likelihood of mistakenly excluding studies
at the title and abstract screening stage, all records for which the first author (human reviewer) and GPT-5.2 disagreed
were retained and moved forward to full-text assessment. As a result, the combined set of 77 peer-reviewed articles
deemed potentially eligible by at least one of the two reviewers proceeded to full-text screening (Figure 2). Full texts
were then evaluated independently using the same inclusion criteria, resulting in substantial agreement between
reviewers (Cohen’s 𝜅 = 0.7996).

Final decisions on study inclusion were made by the human reviewer, who explicitly analysed the model’s rationales
and re-read the full texts to substantiate any disagreements. In total, 53 papers were synthesized. Of the 77 articles
screened, 47 were selected by both reviewers, while 6 were chosen by the human reviewer but rejected by the LLM
reviewer (Chai et al., 2025, Forster et al., 2019, Nobari and Bertram, 2025, Novakazi et al., 2022, Pipkorn et al., 2021,
Schwindt-Drews et al., 2024). These papers predominantly focused on trust and behaviour-related outcomes that
implicitly diagnose users’ mental model about automation (e.g., behavioural errors consistent with misunderstanding
or ambiguous system interpretation), despite not explicitly labelling the construct as an inaccurate mental model. We
retained these studies because they operationalise relevant constructs and provide conceptual links to user understanding,
thereby strengthening the completeness of the KPI inventory we aim to build.

2.4 Data extraction process

Data were extracted from the 53 included articles using a structured form developed from the research questions. We
proceeded with the extraction at two levels. Firstly, at the factual level, we recorded, as reported, study type, automation
level, system feature, experiment setting and driving scenario, sample characteristics, measurement instrument, and
operationalised KPIs. The KPI labels were kept close to the operationalisations described by the original authors. The
extraction data was gathered between November 2025 and May 2026 and subsequently consolidated into a .csv file.
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Fig. 3. Full-text reviewed literature to interpret and measure IMM from 2000 to 2025: five dimensions

Secondly, at the interpretive stage, connecting each measure to a KPI, construct, and dimension (D1–D5) represents
framework-based judgments by the review team. The complete codebook is available in the supplementary material.

3 Results

3.1 Study characteristics and framework distribution

Figure 3 traces the temporal distribution of research across the five IMM dimensions over the 2000-2025 review window.
Of the 53 included studies, 38 were empirical (71.7%) and 15 were theoretical (28.3%). Together, these studies covered all
five dimensions in SAE Levels 1-4. Research activity remained sparse before 2018 but increased markedly thereafter,
reaching its highest annual volume in 2025, with 11 publications.

Figure 4 presents the cross-dimensional links among the 53 studies at the level of constructs and KPIs. Each shaded
cluster is one dimension; within a cluster, larger nodes are constructs and smaller nodes the KPIs operationalising
them, with the number in parentheses giving how many studies used each. Because the coding was multi-label, one
article could contribute to several dimensions; consequently, the dimension percentages are non-exclusive and are not
expected to sum to 100%. Among the constructs, mode confusion (D3) is the most frequently operationalised, featuring
in 10 studies, followed by misuse (D5, 8 studies), over-trust (D4, 5 studies), and impoverished situation awareness (D3, 4
studies), satisfaction(D4, 4 studies), under-trust (D4, 3 studies), and abuse in only one. At the KPI level, the pattern is
both flatter and sparser: knowledge accuracy (D1) is the most common, used in 7 studies, whereas most other KPIs are
employed in only one or two. Many studies also span more than one cluster, drawing on cognitive, attitudinal, and
behavioural indicators in combination. The framework groups these as complementary evidence.

3.2 D1 Explicit conception

Explicit conception externalises the user’s internal representation (Norman, 1983a) into declarative knowledge (An-
derson, 2013, Rouse and Morris, 1986) that can be checked against an objective ground truth of the system’s design
specification. Studies in the context of automated driving assess this using scored instruments, where each item has a
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Fig. 4. Hierarchical network of IMM assessment: dimensions (D1–D5), constructs, KPIs and the studies operationalising them.

clearly identifiable correct response tied to particular ADAS features (Beggiato and Krems, 2013, Seupke et al., 2025a).
The corresponding KPIs are shown in Table 2, and are applied both objectively and subjectively across studies (N = 10).

On one hand, most studies (N = 7) score responses objectively: items on structured questionnaires assessing knowledge
accuracy are tied to specific system features and marked against the design specification, even though the concrete
implementations vary considerably. Beggiato et al. proposed this paradigm by depicting the mental model of a Level
1 ACC system as a scorable knowledge profile, categorized as correct, incomplete, or incorrect (Beggiato and Krems,
2013). The mental model is assessed using a 35-item instrument, which is summarized into a composite score. Later
work has introduced instruments tailored to specific aims: Forster et al. examined four items of operational knowledge
with condition-dependent scoring that differentiated L2 from L3 systems (Forster et al., 2019); Buchner proposed a
correctness continuum (−3 to +3 plus a “don’t know” option) (Buchner et al., 2024); Barré et al. combined a true/false test,
a fill-in-the-blank (cloze) task and a diagram-drawing task into a 20-point composite index for a parking assistant (Barré
and Yousfi, 2025). Seupke et al. employed a 28-item questionnaire that administers knowledge testing across L2 to
L4 (Seupke et al., 2025a). Multiple studies have highlighted the development of mental models over time through
longitudinal evaluations (Beggiato and Krems, 2013, Beggiato et al., 2015, Seupke et al., 2025b).
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Table 2. D1 Explicit conception: key performance indicators (KPI) and measurements indicating IMM.

KPIs Measurements Study setting Scenarios Articles

Knowledge
accuracy

Questionnaire Driving simulator L1 ACC (Beggiato and Krems, 2013)

Questionnaire On-road L2, L3;
mode transitions

(Buchner et al., 2024, Forster
et al., 2019, Matsuo et al.,
2024, Seupke et al., 2025a,b)

Questionnaire
composite tasks

Test track Parking assistant (Barré and Yousfi, 2025)

Incorrect
statements

Semi-structured
interviews; think-
aloud

Qualitative interview
study

L1, L2, L3;
mode transitions;
system-initiated
take-over requests

(Jenness et al., 2019, Nees
et al., 2020, Novakazi et al.,
2025)

Table 3. D2 Implicit conception: key performance indicators (KPI) and measurements indicating IMM.

KPIs Measurements Study setting Scenarios Articles

Perceived
comprehensibility

Questionnaire,
single-item Likert

On-road study L2 (Buchner et al., 2024)

Questionnaire,
single-item Likert (con-
fidence rating);
response time

Online survey L2 (Liu et al., 2022)

Questionnaire,
multi-item Likert

Online simulated
drives

L2, L3, L4;
mode transitions

(Tinga et al., 2022)

Perceived confusion Questionnaire,
single-item Likert

Driving simulator L1, L2, L3;
mode transitions

(Eom and Lee, 2015,
2022)

Observed or self-
reported confusion

Post-hoc interview;
observation

L2, L3 (Kim et al., 2025)

Workload Questionnaire,
NASA-TLX

On-road study
Driving simulator

L2
L3

(Buchner et al., 2024)
(Zang and Jeon, 2025)

On the other hand, explicit conception is accessed in a subjective manner and labeled as “incorrect statements,” which
are derived from open-ended, semi-structured elicitation approaches (Table 2) (N = 3). In these scenarios, participants
expressed their own understandings of the system’s limitations and its overall interaction logic in relation to the
system’s HMI (Novakazi et al., 2025), which researchers noted did not align with the ground truth (Jenness et al., 2019).
Additionally, researchers highlight several potential origins of these incorrect beliefs: flawed interactions based on
past driving experience (Novakazi et al., 2025); exaggerated media portrayals that foster excessive trust in system
capabilities (Carsten and Martens, 2019); and misleading terminology, marketing, and social discourse that establish
preconceived expectations which carry over into subsequent interaction (Nees et al., 2020, Novakazi et al., 2025).
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3.3 D2 Implicit conception

Implicit conception refers to the driver’s own reported judgement of whether the interaction feels understandable,
controllable, and manageable. Its diagnostic power stems from the fact that it is not tied to the objective accuracy
of the driver’s knowledge, since these measures capture confidence rather than correctness: a driver may claim to
fully understand what is happening even when their underlying mental model is clearly misaligned. We found three
corresponding KPIs in the literature (N = 7) in Table 3. (i) perceived comprehensibility (N = 3) asks drivers how well they
believe they grasp the system. Buchner et al., collected two single-item agreement ratings after each L2 drive—one
targeting understanding (“I understood the system functionality”) and one targeting self-perceived competence (“I
have the feeling that I can use the system competently”) (Buchner et al., 2024) . Liu et al., operationalised perceived

comprehensibility as functional transparency in an online L2 survey: for each static HMI state, drivers rated how
confident they were in that judgement, and how long they took to reach it (Liu et al., 2022). Tinga et al., instead applied
a multi-item scale across L2-L4, in which drivers rated how well they understood when they needed to focus on the
driving task (Tinga et al., 2022). These items were probed around event-driven mode changes (urban/rural/highway
transitions, roadworks, missing lane markings, and fog), anchoring the judgement to concrete situational demands. (ii)
Perceived confusion (N = 3) captures the driver’s own acknowledgement that system state and expectation can no longer
be reconciled. Eom et al., used a single post-hoc Likert item to assess how confused drivers were about the system’s
current mode (“I experienced mode confusion”), administered in scenarios with mode transitions across L1–L3 (Eom
and Lee, 2015, 2022). (iii)Workload (N = 2) is an indirect index, on the premise that the effort of managing an interaction
reflects how well the driver’s model supports it. The two empirical studies used NASA-TLX (Hart and Staveland, 1988)
which aggregates mental, physical and temporal demand, performance, effort and frustration. Buchner et al., tracked
workload alongside objective knowledge accuracy (Table 2) across rising situational complexity (rural to urban), treating
it as a companion marker of a developing mental model; notably, however, workload and mental model were analysed
in parallel rather than formally linked (Buchner et al., 2024). Zang et al., instead treated workload as a consequence of
interface design, indicating that a moderate level of L3 agent’s transparency reduced workload and enhanced situation
awareness (Zang and Jeon, 2025). Taken together, workload functions as a double-edged indicator of IMM: both the
overload of trying to reconcile the mismatched expectation and the underload that comes from disengaging from it can
signal an inadequately supported mental model (de Winter et al., 2014).

3.4 D3 Situational understanding

3.4.1 Impoverished situation awareness. When understood as an observable cue, this construct suggests that the
driver’s mental model is no longer synchronized with the system state (de Winter et al., 2014) and changing circum-
stances (de Winter et al., 2023, Fu et al., 2025, Tinga et al., 2023). Impoverished situation awareness consistently appears
as a distinct construct in the reviewed literature (N = 13), with the majority of these contributions being conceptual or
review articles (de Winter et al., 2014, Pečečnik, 2023).

We found three corresponding KPIs in Table 4 across empirical literature (N = 4). (i) SA score, derived from SAGAT
freeze probes, is measured by disrupting the drive and evaluating drivers’ responses about the situation against ground
truth across Endsley’s three levels—perception, comprehension, and projection (Endsley, 1995, 2015). This method has
been used at predefined critical moments in L4 urban scenarios (Lindemann et al., 2018) as well as during take-over
situations in L3 (Zang and Jeon, 2025). (ii) Impoverished situation awareness statements are captured through concurrent
think-aloud across L2–L4 traffic and mode transitions, coding utterances that reveal incorrect awareness through
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Table 4. D3 Situational understanding (impoverished situation awareness): key performance indicators (KPI) and measurements
indicating IMM.

KPIs Measurements Study setting Scenarios Articles

SA score Questionnaire
SAGAT, freeze-probe

Driving simulator L3, L4; (Lindemann et al.,
2018, Zang and Jeon,
2025)

Impoverished sit-
uation awareness
statements

Concurrent think-
aloud

Online simulated
drives

L2, L3, L4;
mode transitions

(Tinga et al., 2022)

Perceived-tension Questionnaire, single-
item

Driving simulator L2;
warning; take-over

(Qiao et al., 2024)

Table 5. D3 Situational understanding (mode confusion): key performance indicators (KPI) and measurements indicating IMM.

KPIs Measurements Study setting Scenarios Articles

Error rate of current
mode recognition

Self-reported mode an-
swers; freeze-probe

Driving simulator L1 ACC (Eom and Lee, 2015,
Horiguchi et al.,
2006)

Self-reported mode an-
swers; freeze-probe

Driving simulator L1, L2, L3;
ACC, LKA, sys-
tem initiated lane
change (SI-LC);

(Eom and Lee, 2022)

Comprehension score
of current mode

Researcher rating open-
ended descriptions

Online survey L1, L2, L3;
ACC, LKA

(Perrier et al., 2021)
(Quaresma et al.,
2023)

Perceived confusion
over control authority

Questionnaire,
single-item Likert

Driving simulator L2, L3 (Bhardwaj et al.,
2021)

Misattribution of post-
intervention control
responsibility

Questionnaire Online survey L2, L3; (Kim et al., 2024)

Inappropriate NDRT
engagement

Count of finger inputs
on a secondary task

Driving simulator L2, L3 (Forster et al.,
2020a)

Incorrect mode com-
prehension

Observation; post-hoc
interview

On-road study L2 (Wilson et al., 2020)

Concurrent think-aloud Online simulated
drives

L2,L3,L4;
event-driven mode
changes

(Tinga et al., 2022)

verbal coding (Tinga et al., 2022). (iii) Perceived-tension is employed by Qiao et al. as a post-hoc, single-item measure to
quantify the deviation between drivers’ perceived tension and the actual level of tension in L2 warning and take-over
scenarios. (Qiao et al., 2024).

3.4.2 Mode confusion. Mode confusion recurred as a distinct construct across the reviewed literature (N = 19). Here
mode is not merely the nominal level of driving automation but the current configuration of the driver-system interaction:
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which functions are active, and how control authority and monitoring responsibility are allocated between driver and
system (Janssen et al., 2019, Kim et al., 2025, Kurpiers et al., 2020, Parasuraman et al., 2000). A mismatch on either facet
counts as mode confusion (Carsten and Martens, 2019, Sarter and Woods, 1995). Prior work has linked this mismatch to
complex mode transition logic (Carsten and Martens, 2019, de Winter et al., 2023), has identified IMM as a primary
source of the problem (Eom and Lee, 2022), or has introduced formal approaches to estimate when drivers’ awareness
and system state become misaligned (Rheem et al., 2024).

Among the remaining empirical evidence (N = 10), we found six corresponding KPIs (Table 5), which differ in
whether the mismatch is probed, rated, or inferred. IMM, therefore, registers as a gap between the assumed and the
actual system feature, particularly in terms of identity, how responsibility is assigned, and what permissions are in
place. The error rate of current-mode recognition probes it directly: the drive is frozen, at random (Eom and Lee,
2015, Horiguchi et al., 2006) or after scripted events (Eom and Lee, 2022), and the self-reported mode is scored against
the actual one (Eom and Lee, 2022). Comprehension scores instead of current mode rate participants’ open-ended
descriptions of modes and HMI symbols against researcher criteria (Perrier et al., 2021, Quaresma et al., 2023). Two
questionnaire measures mode confusion through testing if participants understand the control authority under specific
modes: a single-item rating of perceived confusion over control authority (Bhardwaj et al., 2021), and a large-scale
scenario survey (N = 838) that benchmarks the share of respondents attributing speed, distance and steering control
to “driver” versus “car” after each intervention against commercial transition logic (Kim et al., 2024). The remaining
KPIs infer confusion from behaviour or verbal statements. Forster et al. used the count of finger inputs on a secondary
task indexes drivers’ mode awareness (Forster et al., 2020a). In on-road observation, post-drive interviews (Wilson
et al., 2020) and concurrent think-aloud coding (Tinga et al., 2022) captured mode confusion, such as drivers assuming
automation remained engaged after an unintended disengagement.

3.5 D4 Situational attitude

This dimension captures drivers’ momentary attitudinal states during the interaction with the system (Gold et al.,
2015, Lee and See, 2004) and recurred across the reviewed literature (N = 15) through three constructs: under-trust,
over-trust, and satisfaction. Instead of functioning as a straightforward indicator, attitude is used to infer the state
of the mental model (Hoff and Bashir, 2015, Lee and See, 2004). Its diagnostic utility stems from calibration (Walker
et al., 2023)—whether the attitude aligns with the system’s actual capabilities. We found three constructs (Table 6) that
each capture a distinct manner in which this calibration can break down. Across the empirical studies (N = 9), eleven
matching KPIs were identified, all of which involved combining a subjective rating with an objective channel that could
serve as a reference for evaluating IMM.

3.5.1 Under-trust. This construct denotes reliance that is inappropriately low relative to the system’s demonstrated
capability, and thereby reveals an IMM that underrates automation competence or exaggerates situational risk. Its KPIs
take two forms in empirical studies (N = 3): reduced reliance on a capable system, and over-intervention in benign situa-
tions (Table 6). Neuhuber et al. operationalised it by low trust ratings coinciding with minimal system usage, identifying
that under-trust appeared when participants declined the system when it was demonstrably capable (Neuhuber et al.,
2022). Nobari et al. additionally performed real-time integrated measurements, recording from the simulator all instances
of braking, steering, or other control inputs made during automated L2 car-following that were objectively non-critical,
and pairing these with elevated skin-conductance responses—i.e., increases in the skin’s electrical conductance caused
by involuntary sweating under arousal and captured via electrodermal activity (EDA) (Nobari and Bertram, 2025).
Manuscript submitted to ACM
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Table 6. D4 Situational attitude: key performance indicators (KPI) and measurements indicating IMM.

KPIs Measurements Study setting Scenarios Articles

Under-trust
Low self-reported trust +
minimal DAS usage

Questionnaire; be-
haviour log

On-road study L2 (Neuhuber et al.,
2022)

Unnecessary takeover Takeover logs (binary);
SCR amplitude (EDA)

Driving simulator L2; non-critical
events

(Nobari and
Bertram, 2025)

Self-reported distrust + low
perceived reliability

Semi-structured inter-
view

Interview study L2, L3 (Strano et al., 2018)

Over-trust
High self-reported trust +
non-monitoring gaze rising

Questionnaire; eye-
tracking ROI

On-road L3 (Seupke et al.,
2025b)

High self-reported trust +
delayed response time

Questionnaire; be-
haviour log by times-
tamps

On-road L2; conflict
events

(Pipkorn et al., 2021)

High trust + minimal moni-
toring

Questionnaire; eye-
tracking

On-road study L2, L3 (Neuhuber et al.,
2022)

Overgeneralised capability
statements

Semi-structured inter-
view

Interview study L2, L3 (Strano et al., 2018)

“Switched-off” monitoring
(eyes closed, prolonged off-
road glances)

Observation; post-hoc
interview

On-road study L2 (Wilson et al., 2020)

Satisfaction
Usability Questionnaire (SUS),

multi-item
Driving simulator;
on-road study

L2, L3 (Forster et al., 2019,
2020b, Schwindt-
Drews et al., 2024)

User experience Questionnaire (UEQ),
multi-item

On-road study L3 (Schwindt-Drews
et al., 2024)

Experiential safety Semi-structured in-
terview; self-reported
emotion delta

Workshop, inter-
view study

L2, L3 (Strano et al., 2018)

3.5.2 Over-trust. This construct refers to reliance that exceeds system limitations and reflects an overly optimistic or
boundary-insensitive mental model (e.g., assuming the system can manage scenarios outside its operational design
domain) (Seupke et al., 2025b, Strano et al., 2018). Automation complacency is the attentional consequence of such
patterns, where prolonged reliable performance produces declines in vigilance (Chu and Liu, 2023, de Winter et al.,
2023, Victor et al., 2018). Its KPIs take three forms in empirical studies (N = 5), escalating from belief to consequence:
overgeneralised capability beliefs, withdrawn supervision under high trust, and delayed intervention when the system
reaches its limits (Table 6). The first appears in interview statements assuming the system can handle situations beyond
its actual envelope (Strano et al., 2018). The second pairs high trust ratings with objectively reduced monitoring: learned
trust (LETRAS-G) rose together with non-monitoring gaze over four weeks of on-road L3 use (Seupke et al., 2025b);
high ratings co-occurred with minimal monitoring that barely adapted as risk increased (Neuhuber et al., 2022);and, at
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the extreme end, observers recorded instances of “switched-off” behaviour—closed eyes, extended glances away from
the road—which participants themselves attributed to overconfidence (Wilson et al., 2020). The third form captures the
safety-critical consequence: in an on-road cut-out conflict event, high-trust drivers awaited an intervention the system
could not deliver and therefore responded later along the video-coded chain of surprise reaction, hands-on-wheel,
steering and braking, with the eventual “crashers” showing the longest delays (Pipkorn et al., 2021). Pipkorn et al.
attribute the delay to an expectation the system’s capability could not meet.

3.5.3 Satisfaction. This construct reflects how users subjectively judge the quality of the interaction. Instead of
capturing reliance or knowledge directly, it bears on whether the HMI supports a workable mental model. Forster et al.
read low usability after mode transitions as a sign that the interface failed to convey how the system works. (Forster
et al., 2019, 2020b). The corresponding KPIs represent three types of experience quality: usability, user experience
and experiential safety in empirical studies (N = 4). Usability is measured after driving with the ten-item System Usability
Scale (SUS) (Brooke and others, 1996), administered after simulator-based L2/L3 mode transitions (Forster et al., 2019,
2020b) and after first contact with a L3 system in real traffic (Schwindt-Drews et al., 2024); the latter study also rated
user experience with the User Experience Questionnaire (UEQ) (Laugwitz et al., 2008). Experiential safety was assessed
qualitatively: during board-game workshops that simulated L2/L3 scenarios with unexpected incidents, participants
rated their emotional states, which were identified as frustration, anxiety, and perceived lack of safety that indicated
expectation violation (Strano et al., 2018).

3.6 D5 Behaviour

This dimension illustrates observable outcomes of interactions, highlighting how users apply their understanding of
automation during real driving tasks. This concept recurs throughout the literature that we reviewed (N = 13) and
is divided into two main constructs based on intent: (i) misuse, which occurs when operational limits are breached
unknowingly, and (ii) abuse, where these limits are deliberately violated (Parasuraman and Riley, 1997). Behavioural
deviations reveal the moments directly when the IMM of a driver fails to guide actions effectively. We identified five
corresponding KPIs across empirical studies (N = 10) as shown in Table 7.

3.6.1 Misuse. This construct makes IMM observable at the moment when an inaccurate belief authorizes an action
that the system does not endorse. Four KPIs were identified in the reviewed literature (N = 9), spanning successive
stages of automation use: invalid activations, insufficient monitoring, incomplete take-over responses, and interaction
errors (Table 7). The first captures misuse at the boundary of the operational design domain. During on-road Wizard-
of-Oz L2/L3 drives, in-vehicle video recorded drivers’ repeated attempts to activate automation where its use was
not permitted. Measurements were conducted with think-aloud protocols and post-drive interviews that linked these
attempts to specific misconceptions (Kim et al., 2025, Novakazi et al., 2025). The second KPI captures the misuse of
the supervisory role. After automation was downgraded from L3 to L2, drivers continued to behave as though the
permissions of the previous mode were still applied: they maintained the participation in secondary-tasks, kept their
gaze away from the road, responded late or not at all to automation errors, and made more false interventions (Feldhütter
et al., 2018). The third captures incomplete or delayed take-over responses via simulator data (de Winter et al., 2023).
Chai et al. conducted it in a critical motorway cut-in with a four-second take-over budget, simulator logs registered
steering without braking, delayed brake onset, and unstable steering, the latter measured by the standard deviation
of steering-wheel angle during the 20s following the request (Chai et al., 2025). The fourth KPI concerns errors in
executing system interactions. In simulator studies, these were measured through logged wrong button presses and
Manuscript submitted to ACM
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Table 7. D5 Behaviour: key performance indicators (KPI) and measurements indicating IMM.

KPIs Measurements Study setting Scenarios Articles

Misuse
Invalid activations Behaviour logs; con-

current think-aloud;
post-drive interviews

On-road study L2, L3 (Kim et al., 2025, No-
vakazi et al., 2025)

Insufficient monitoring Simulator logs; eye-
tracking

Driving simulator L2, L3;
mode transition

(Feldhütter et al.,
2018)

Incomplete take-over
responses

Simulator logs Driving simulator L2, L3; critical
take-over (mo-
torway cut-in
scenarios)

(Chai et al., 2025,
Zang and Jeon, 2025)

Simulator logs Driving simulator L2; take-over
when automa-
tion fails (curves,
fog scenarios)

(Matsuo et al., 2024)

Interaction errors Simulator logs (wrong
button presses, tim-
ing); Researcher rating
interaction

Driving simulator L2, L3;
mode transitions

(Forster et al., 2019,
2020b)

Video-coded error
counts

Test track Parking assistant (Barré and Yousfi,
2025)

Abuse
Deliberate hands-free
or mind-off driving

Semi-structured inter-
view

Interview study L2 (Tesla Autopi-
lot/FSD)

(Nordhoff et al., 2023)

task-completion times, supplemented by researcher ratings of interaction success (Forster et al., 2019, 2020b); on a
test track, they were measured as video-coded error counts during repeated use of a parking assistant (Barré and
Yousfi, 2025). The decline of these errors with training and repeated experience indicates that they reflect remediable
knowledge deficits rather than stable behavioural dispositions (Barré and Yousfi, 2025, Forster et al., 2019).

3.6.2 Abuse. This construct differs from misuse in that the operator deliberately breaches operational limits rather than
misinterpreting them across studies (N = 1). Nordhoff et al. identified such behaviour via semi-structured interviews
with Tesla FSD users (Nordhoff et al., 2023), documenting purposeful hands-free driving in situations where it is not
allowed and deliberate “mind-off” driving in which drivers consciously withdraw from supervisory duties. From an
IMM standpoint, abuse constitutes a borderline case: it may reflect a correct understanding of system capabilities
combined with a deliberate choice to operate beyond safe limits. Due to this ambiguity, behavioural data alone cannot
reliably differentiate abuse from misuse without additional evidence regarding the user’s underlying knowledge state.

4 Discussion

The principal contribution of this review is a framework that organises how IMM is conceptualised and assessed in
human-DAS interaction (Figure 5). Overall, the review delineated 7 constructs and 30 KPIs, and linked them to their
relevant measurement instruments, automation levels, and traffic conditions. In conclusion, we situate the findings
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Fig. 5. IMM diagnostic constructs and KPIs derived from the five-dimension framework.

within this framework by explicitly interpreting constructs and classifying KPIs, which can be evaluated relative to a
defined system state or capability. These direct and proxy indicators still provide valuable evidence and underpin a
defensible IMM diagnosis, supported by corresponding measures of the driver’s beliefs and converging evidence that
rules out plausible alternative explanations.

4.1 RQ1: How is IMM conceptualised?

RQ 1 asked how is inaccurate mental model (IMM) of driving automation conceptualised in the reviewed literature, that is,
which constructs are used to characterise it and how are they differentiated? The synthesis shows that these constructs
describe different locations in a connected process rather than mutually exclusive outcomes. It reveals a key challenge
in our reviewing process: the constructs used to interpret IMM in practice partially explain, mediate, or operationalise
each other. For instance, within D3 situational understanding, we distinguish the constructs using terminology
in human factors (de Winter et al., 2023): (i) impoverished situation awareness (de Winter et al., 2014) encompasses
an extensive "out-of-the-loop" perception following perceptual–comprehension–projection chain (Endsley, 1995). It
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manifests as generic cognitive disengagement due to IMM in the human-DAS interaction (de Winter et al., 2014, 2023,
Qiao et al., 2024, Tinga et al., 2022, 2023); (ii) ”mode confusion” (Carsten and Martens, 2019, Rushby et al., 1999) provides
a narrower diagnostic window focused on whether the driver’s situational belief about the current system state matches
its actual state (Eom and Lee, 2015, 2022, Kim et al., 2025, 2024). However, the taxonomy differentiates constructs by their
theoretical locus, that is, the particular cognitive function each is intended to diagnose, rather than by the instruments
used to measure them. Accordingly, we argue that researchers employing the assessment inventory should be aware that
relying on a single construct–KPI pairing creates a risk of misattribution. For instance, A ”delayed takeover” response
captured as a behavioural KPI in D5 behaviour cannot, on its own and without accompanying cognitive or attitudinal
evidence from D3 situational understanding or D4 situational attitude, reliably discriminate between ”mode confusion”,
”impoverished situational awareness”, over-trust, or the more general notion of expectation violation that helps to account
for all of these. Therefore, we emphasise that this framework functions not only as a classification scheme but also as a
decision-support device, indicating when multi-dimensional triangulation is required for a valid diagnosis.

4.2 RQ2: How is IMM operationalised and applied?

RQ2 asked how is IMM of driving automation operationalised and applied in the reviewed literature, that is, which KPIs
and measurement methods are used to make it observable? The inventory contains 30 KPI categories: 9 objective (30.0%),
13 subjective (43.3%), and 8 combining objective and subjective evidence (26.7%). Among the 38 empirical studies with a
coded analysis approach, 26 were quantitative (68.4%), 9 used mixed methods (23.7%), and 3 were qualitative (7.9%).
These results reveal a measurement-validity gap. Subjective measures reveal what drivers believe or how they explain
an event, whereas behaviour logs, gaze, physiological signals, and ground-truth-scored questionnaires show what they
detect or do. Either channel can be misleading alone, and divergence between them may itself be diagnostic (Neuhuber
et al., 2022).

Our synthesis brings together three knowledge gaps. Firstly, individual KPIs are operationalised internally and offer
only limited comparability across different studies. The construct of mode confusion in D3 situational understanding

illustrates this most acutely. The reviewed studies make use of fairly well-targeted measures, including freeze-trial
mode recognition tasks (Eom and Lee, 2015, Horiguchi et al., 2006), event-triggered self-reports of current mode
status (Eom and Lee, 2022), researcher-assigned comprehension scores (Perrier et al., 2021, Quaresma et al., 2023),
and questions about responsibility allocation (Kim et al., 2024). However, each of these approaches is closely linked
to the particular system’s mode architecture, which in turn is shaped by its branding, HMI design, and the specific
experimental configurations used. For instance, a mode-recognition error rate from a random-freeze protocol in an L1
ACC simulator study (Eom and Lee, 2015) is not directly comparable to one derived from event-triggered freezes across
L1–L3 multi-mode transitions (Eom and Lee, 2022).

Secondly, KPIs were operationalised in imbalanced scenarios. Of the 38 empirical studies, 14 were motorway-based
(36.8%), 7 examined mixed urban and motorway traffic (18.4%), and only 4 focused on urban traffic (10.5%); the remaining
12 (34.2%) formed a heterogeneous “Other” category including online, static-interface, closed-track, parking, or otherwise
non-comparable settings. Automation-level coverage was also concentrated: the non-exclusive counts were 29 studies
for L2 (76.3%), 19 for L3 (50.0%), 9 for L1 (23.7%), and 4 for L4 (10.5%). This imbalance is not merely a sampling limitation
but a diagnostic one: different scenario types selectively activate different dimensions of the framework. Motorway-like
scenarios involve sustained, steady-state automation with infrequent mode transitions, making them effective at
exposing knowledge of activation conditions and takeover readiness (Chai et al., 2025, Forster et al., 2019, Novakazi
et al., 2025). Urban traffic, by contrast, generates continuous ambiguity, raising denser interaction with vulnerable
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road users, socially negotiated right-of-way, frequent intent changes, and automation behaviours such as slowing,
yielding, or hesitating. That shifts the diagnostic challenge from mode recognition toward situational comprehension
of not only what the system is doing but why. Current KPIs, which are largely built around binary state-detection
tasks or single-event response measures, appear too coarse-grained to reflect this level of nuance. This shortcoming
is particularly problematic for L3 systems or above, which are being deployed with increasing frequency in urban
operational design domains but are still assessed mainly under motorway conditions. None of the studies in the reviewed
corpus explicitly conceptualises scenario selectivity, indicating that scenario selection is still treated as a matter of
convenience in experimental design rather than as a diagnostic choice aligned with the construct being examined.

A further gap concerns temporality. Most of the available evidence comes from single-session simulator tasks or
isolated drives; however, a subset, 26.3% (N=10) of 38 experimental studies, indicates that the precision of the mental
model does not remain stable once formed initially. Seupke et al. found that dynamically evolving learned trust and
mental model development unfold together during repeated real-world use of L3 automation (Seupke et al., 2025b), and
Beggiato and Krems observed that, with repeated exposure to ACC, drivers’ mental model profiles gradually converge
toward greater accuracy (Beggiato and Krems, 2013). Together, these results suggest that observable behavioural
competence can conceal persistent misunderstanding and that misconceptions may endure or reappear in novel contexts
even after models appear calibrated. Consequently, future IMM research should address not only whether a driver’s
mental model is inaccurate at a particular point in time, but also how that inaccuracy emerges, stabilises, or reoccurs
over the course of the interaction history.

4.3 Using LLM in systematic review

Incorporating an LLM as a supportive screener into a PRISMA-compliant study selection workflow can enhance the
efficiency of human reviewers, although it still exhibits several recurring limitations that should be refined in future
research. Its errors were nonetheless systematic. Firstly, the LLM tended to rely heavily on superficial cues under limited
context of screening titles and abstracts, in contrast to a human expert with established knowledge of human factors in
automated driving. For example, it disproportionately favored work labeled as “human–machine” or “shared control,”
and at times included engineering-oriented papers that mentioned these terms in the abstract but did not present any
human-factors evidence. The model also showed weak handling of absence-of-evidence, at times inferring plausible
but unsubstantiated details. This issue was particularly evident when abstracts used vague terms (e.g., “awareness” to
indicate vigilance rather than understanding), a distinction the deployed model cannot detect within the context of
our review criteria. Moreover, domain-specific conventions—for instance, interpreting participants’ grasp of system
symbols as evidence of their underlying mental models without explicitly invoking terms like “mode confusion”, were
not reliably captured by the model. This inconsistency indicates that the effectiveness of screening still depended
strongly on the exact wording of prompts and the disciplinary context in which they were used, particularly in niche
fields such as HMI where terminology lacks standardisation.

5 Limitations and future work

Several limitations should be acknowledged. First, study selection and limitation of LLM-screening performance was
observed on GPT-5.2, OpenAI’s strongest available model at the time (OpenAI, 2025). Later releases, including GPT-
5.6 and Claude Fable 5, report improved reasoning and long-context performance (Anthropic, 2026, OpenAI, 2026),
suggesting that some failure modes may now be less frequent. This possibility nevertheless requires task-specific
validation because screening performance varies across models, prompts, and datasets in future work (Dennstädt
Manuscript submitted to ACM
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et al., 2024, Hilkenmeier et al., 2026). Second, the five-dimension framework and the construct–KPI inventory were
derived synthetically from the reviewed literature rather than empirically validated through independent data collection;
the taxonomy reflects how the field currently operationalises IMM, not a ground-truth cognitive architecture. Third,
construct assignment required interpretive judgement, particularly for studies that did not explicitly frame their
measures as mental-model diagnostics, meaning that alternative coding decisions could yield a somewhat different
inventory. Finally, the review scope was bounded to in-vehicle human–automation interaction at SAE L1–L4, excluding
exterior communication (eHMI), remote operation, and passenger-only contexts, which limits generalisability to the
broader automated mobility ecosystem.

Supplementary material

The screening record set, the paired human and LLM screening decisions csv files, the complete codebook, and
the relevant coding scheme are available for peer review in an anonymised link (https://www.dropbox.com/scl/fo/
0r709awp695257vv1pqxv/AGiCYHhnxRTX1-XlD32ENFw?rlkey=b9wt27mm1p7ucx3sx90a4blc6&st=xd5j5rfu&dl=0) and
are archived under a persistent DOI supplied to the editorial office. Both the dataset and a maintained version of the
code will be made publicly available upon acceptance.

Declaration of generative AI and AI-assisted technologies in the manuscript preparation process

During the preparation of this work the authors used a large language model (GPT-5.2) as an independent second
reviewer during title, abstract and full-text screening; this use is part of the study method and is described in full
in Section 2. In addition, the authors used a large language model to check grammar and to improve the readability
of the manuscript text. After using these tools, the authors reviewed and edited the content as needed and take full
responsibility for the content of the published article.
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