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Abstract

Autonomous driving acceptance research is characterized by hy-
pothetical scenarios, user perspectives distinguishing drivers from
passengers, a behavior intention gap and the impact of time on
measurements. Traditional acceptance models focus on system
design characteristics, yet real-world adoption depends on broader
attitudinal evaluations, how users appraise a technology’s overall
role and consequences. Usage Perception (UP) addresses this gap
by capturing holistic judgments about technology usage and im-
pact beyond system design. This contribution shows preliminary
findings from a longitudinal in-field study that examines whether
UP can account for real driving behavior across user perspectives
and time. Eighty-two participants accumulated 164 hours on Ger-
man autobahns with Society of Automotive Engineers Level 2+
automation, occupying both driver and passenger seats across two
sessions in two measurement waves. UP significantly anticipated
both behavior intention and use across all conditions. UP remained
consistent across perspectives and time, suggesting its potential
value for field-based acceptance research in autonomous driving.
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1 Introduction

Current acceptance research on autonomous driving technologies
is facing several research challenges. Theoretically, dominant accep-
tance frameworks in HCI emphasize system design characteristics
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[1]. However, users of autonomous systems form attitudes ex-
tending beyond functional assessments. They evaluate whether
automation belongs on public roads, whether relinquishing con-
trol feels appropriate, and what societal consequences widespread
adoption entails [2, 3]. Overall, these broader appraisals influence
real-world engagement yet remain underrepresented in HCI-related
design-focused acceptance models [4-6].

Furthermore, in applied research, investigations predominantly
employ simulator environments or questionnaire-based assess-
ments of imagined scenarios [7, 8]. Real on-road experiments where
individuals engage with functioning automation under everyday
traffic conditions remain exceptionally rare [9, 10]. As automation
increases, occupants transition between controlling the vehicle and
observing as passengers, involving fundamentally different engage-
ment [11]. In HCI research, active interaction entails direct control
and performance-related demands, whereas passive observation
involves reduced agency and system-guided experience [12, 13].
Higher automation corresponds with negative attitudes despite
stable usability ratings [14]. Additionally, time enables behavioral
adaptation while introducing overreliance risks, underscoring the
need to conceptualize interaction as ongoing recalibration [15, 16].
Furthermore, surveys indicate growing willingness to adopt au-
tomation, yet actual activation remains selective and situational
[17, 18]. This intention-behavior gap represents a persistent chal-
lenge in HCI research: behavioral intention explains only modest
portions of observed use [19-21]. To address these research chal-
lenges, we integrate Usage Perception (UP), a summative and ab-
stract attitudinal measurement, capturing users’ holistic appraisal
of a technology’s usage and impact beyond mere interface charac-
teristics [22]. We test whether UP maintains stability and predictive
relevance under authentic driving conditions through a longitu-
dinal in-field study with Society of Automotive Engineers (SAE)
Level 2+ automation, examining real traffic behavior from both
driver and passenger perspectives across repeated measurement
occasions.

2 Layered Attitudes and Hypothesis

2.1 Attitudinal Dimensions in Technology
Evaluation

Complex technologies elicit additional evaluative responses that
transcend design characteristics [4]. Users form judgments about
whether a technology should exist, who benefits from its deploy-
ment, what risks accompany widespread adoption, and how its
presence reshapes social contexts. In autonomous driving, such
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appraisals manifest as concerns about relinquishing control, moral
implications of algorithmic decisions, privacy considerations, and
societal readiness for automation [2, 3]. These evaluations oper-
ate independently from interface quality; a system may function
smoothly yet evoke skepticism about its broader role. This distinc-
tion reflects the layered nature of attitudes toward highly complex
technology, specifically autonomous driving [6, 23]. One layer
addresses design and interaction quality; another addresses deploy-
ment, consequences, and societal integration. Applied models in
autonomous driving research predominantly capture the former
while underrepresenting the latter [7, 24].

2.2 Usage Perception as an Anchor

Attitudinal constructs possess theoretical properties relevant to
field-based acceptance research. Attitudes demonstrate tempo-
ral persistence through cognitive mechanisms stabilizing existing
beliefs [25, 26]. Simultaneously, attitudes connect to behavior en-
actment; they influence motivation and effort individuals invest
in translating intentions into action [27, 28]. This combination of
stability and behavioral relevance positions attitudes as anchors for
understanding acceptance across varying conditions.

UP operationalizes this higher-order attitudinal layer [22]. The
construct captures users’ summative cognitive appraisal of a tech-
nology’s overall usage and impact, which remain conceptually
distinct from interface assessments. UP reflects whether users en-
dorse a specific and directed use of a technology in their lives and
society, independent of interface intuitiveness or interaction pleas-
antness. Prior research established UP’s psychometric properties
and capacity to stabilize acceptance models [29]. But can UP ex-
plain autonomous driving interaction, in-field, over time, with real
use data and across user perspectives?

2.3 Interaction Conditions in Autonomous
Driving

2.3.1 User Perspective. User Perspective distinguishes active from
passive interaction. As automation increases in autonomous driv-
ing, the user’s role shifts from driver to passenger, dissolving tradi-
tional boundaries [11]. Drivers maintain supervisory responsibility
and experience automation as agency extension. Passengers ob-
serve without control authority, experiencing automation as an
external agent. Higher automation corresponds with negative atti-
tudes and reduced perceived control, despite stable usability ratings
[14]. In HCI research, active interaction involves heightened emo-
tional involvement and performance-related demands, whereas
passive interaction supports emotional regulation and development
[12,13].

2.3.2  Temporal Exposure. Temporal Exposure captures evaluation
evolution through repeated interaction. Time functions as a struc-
turing factor enabling behavioral adaptation while introducing
overreliance risks in autonomous driving contexts [15, 16]. Initial
encounters involve novelty and uncertainty; subsequent sessions
permit familiarization and calibrated expectations.

2.3.3 Behavioral Engagement. Behavioral Engagement refers to
actual system use. Acceptance research frequently measures in-
tentions rather than behavior, yet considerable discrepancy exists
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between stated willingness and actual engagement. This intention-
behavior gap represents a persistent challenge in HCI research
[19-21].

2.4 Hypothesis

We hypothesize that UP demonstrates stability across repeated
real-world exposure while maintaining predictive relevance for
actual behavior. This is contextualized within a research model as
visualized in Figure 1.

H1: UP remains a stable predictor of behavioral intention across
repeated usage.

H2: UP positively predicts actual system use behavior.

H3: This holds for both active (driver) and passive (passenger)
user perspectives.

3 METHOD
3.1 Study Design

We conducted a longitudinal in-field driving experiment across
multiple locations in Germany, including Berlin, Munich, Stuttgart,
and Diisseldorf. The study employed a within-subjects design with
two measurement points separated by intervals ranging from 24
hours to seven days (median = 2.4 days). At each measurement
point, participants experienced both active (driver) and passive
(passenger) perspectives by completing a predefined driving route
once behind the steering wheel and once in the front passenger
seat. Perspective order was counterbalanced across participants.
Each driving session lasted approximately 90 minutes with two
participants per vehicle, switching roles after roughly 30 minutes.
A trained researcher occupied the back seat throughout all drives
to monitor procedures, ensure safety compliance, and document
behavioral observations without intervening unless required for
safety. This design yielded 164 total driving hours across 82 par-
ticipants. Data, analysis scripts, and supplementary materials are
available at [https://osf.io/gxykv/overview]. To examine the demo-
graphics of the sample, please refer to Appendix A.1.

3.2 Apparatus & Procedure

The vehicle was a Mercedes-Benz E-Class equipped with SAE Level
2+ advanced driver assistance, enabling continuous longitudinal
and lateral control during highway driving. The system supported
adaptive cruise control, active steering assist, automated accelera-
tion and braking, and fully automated lane changes, autonomously
initiating overtaking maneuvers when lane markings and sufficient
space were detected. Navigation-based route guidance enabled
anticipatory lane selection for highway transitions. The system
operated up to 130 km/h with driver responsibility enforced via
capacitive sensors requiring hands-on steering contact. All sessions
followed a predefined Autobahn route. Before highway driving,
participants familiarized themselves with the vehicle for one to two
kilometers. In the first measurement round, participants received
standardized instruction on system activation, deactivation, and
functional boundaries, using the system at least twice before en-
gaging freely. In the second round, no additional instruction was
provided; participants decided independently when and how to use
the automation.
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Figure 1: Research Model. Own presentation. The structural model was estimated separately across two measurement occasions
(Time 1 and Time 2) and across two user-perspective groups (active vs. passive use). Dotted lines are not tested. The graphical
model depicts the hypothesized structural relations only and is identical across groups and time points.

3.3 Measures

All questionnaire items were adapted from established scales using
six-point response formats. Performance Expectancy (@ = .888) as-
sessed perceived usefulness with four items [1]. Effort Expectancy
(o = .905) evaluated perceived ease of use with four items from
the same source [1]. User Experience (¢ = .846) was measured
using twelve items reflecting affective experience components [30].
Usage Perception (¢ = .903) was assessed through eight semantic
differential items capturing cognitive representation of the tech-
nology [22]. Behavioral Intention (o = .890) employed three items
reflecting future usage plans [1].

Use was calculated from behavioral driving data representing
aggregated actual system engagement. Three indicators captured
distinct engagement dimensions: execution success (proportion of
aborted relative to initiated autonomous actions), perceived safety
(penalizing risk-driven human interventions), and usage intensity
(proportion of initiated autonomous actions relative to all opportu-
nities).

3.4 Analysis

Statistical analyses employed partial least squares structural equa-
tion modeling (PLS-SEM) in R, chosen for robustness under limited
distributional assumptions appropriate for field-based data. Models
specified participant random intercepts accounting for repeated
measurements. Bootstrapping with 5,000 resamples generated con-
fidence intervals for all path coefficients. H1 examined UP stability
across time via multi-group analysis comparing measurement oc-
casions; H2 tested direct paths from UP to actual Use; H3 analyses
were conducted separately for active and passive user perspectives.

4 Results

Across all models, indicator loadings for core constructs were sta-
tistically significant (A = .63-.92) with discriminant validity sup-
ported (HTMT = .31-.85). Use indicators showed lower loadings
(A = .25-.49) reflecting naturalistic behavioral variability. All struc-
tural paths within the technology acceptance model not explicitly
examined in the hypotheses remained significant and stable across
conditions. To examine full models, please refer to the Appendix
A.2.

UP significantly predicted BI in the overall sample (f = .32, 95%
CI [.19, .44]), remaining stable at Time 1 (f = .31, 95% CI [.14, .46])
and Time 2 (f = .36, 95% CI [.15, .56]). PLS multi-group analysis
(5,000 bootstrap samples) revealed no significant between-occasion
differences (p = .645). This stability held for active users at Time 1
(B = .26, 95% CI [.07, .44]) and Time 2 (f = .33, 95% CI [.07, .62]),
and for passive users at Time 1 (f = .33, 95% CI [.06, .56]) and
Time 2 (f = .40, 95% CI [.02, .66]). All remaining structural paths
demonstrated comparable stability across time and perspectives.
UP showed a significant direct effect on Use in the full sample (f =
28, 95% CI [.13, .54]), explaining 8% of variance (R? = .08) alongside
67% in BI (R? = .67). For active users, UP significantly predicted
Use (B = .37, 95% CI [.16, 1.18]; R? = .13); for passive users, UP
likewise predicted Use (8 = .27, 95% CI [.10, .86]; R? = .08). These
results provide preliminary support for H1, H2, and H3.

5 Discussion and Conclusion
5.1 Discussion

UP significantly predicted behavioral intention across both mea-
surement occasions, demonstrating temporal stability. This finding
aligns with theoretical accounts characterizing attitudes as hybrid
psychological structures that balance persistence with adaptability
through cognitive mechanisms stabilizing existing beliefs [25, 26].
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This stability persisted for both active and passive user perspec-
tives, indicating that holistic attitudinal appraisals transcend the
positional differences in control and engagement [11, 14]. UP signif-
icantly predicted actual system use across all conditions, providing
initial evidence for its capacity to bridge the intention-behavior
gap. This pattern supports theoretical propositions that attitudes
influence the motivation and effort individuals invest in translating
intentions into action [27, 28]. The pattern held across user per-
spectives, though with notable differences. Active users showed
stronger UP-to-Use relationships (f = .37) compared to passive
users (f = .27), suggesting that holistic attitudes translate more
directly into behavior when individuals exercise control over sys-
tem engagement. This aligns with research indicating that active
interaction involves heightened emotional involvement and direct
agency [12]. Passive users demonstrated slightly stronger UP-to-BI
relationships (f = .40 at Time 2), consistent with findings that pas-
sive interaction supports attitudinal development and emotional
regulation [13].

5.2 Theoretical & Practical Implications

The stability of UP across repeated exposure and user perspec-
tives positions it as a potential construct for overcoming central
challenges in autonomous driving acceptance research. For prac-
titioners, influencing overall perceptions of system deployment
and societal impact may prove more consequential than optimizing
isolated design features; communication strategies and public dis-
course shaping how users perceive autonomous driving’s broader
role may substantially influence adoption beyond interface improve-
ments.

5.3 Limitations & Future Directions

The field-based design incorporated ecological noise inherent to
authentic driving conditions. Behavioral Use indicators exhibited
higher variability than attitudinal constructs, reflecting naturalistic
data heterogeneity rather than measurement deficiency. The self-
selective participant pool, predominantly technology-interested
individuals positive toward autonomous driving, potentially limits
generalizability to skeptical populations. The temporal interval
(24 hours to 7 days) captures short-term stability; longer designs
spanning months would clarify UP’s extended predictive relevance.
Finally, the SAE Level 2+ system required continuous driver su-
pervision; generalizability to higher automation levels involving
complete control transfer remains untested. A future paper build-
ing on this work in progress should engage more deeply with HCI
literature, particularly in terms of contextualization and theoretical
implications of the preliminary empirical evidence presented.

5.4 Author Declaration
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originality, and content rests solely with the author.

5.5 Conclusion

These findings present preliminary empirical evidence from in-field
autonomous driving contexts. Across 164 hours of real highway
driving, findings suggest UP is a stable attitudinal anchor that reli-
ably anticipated both future use intentions and observed system en-
gagement. These patterns persisted whether participants controlled
the vehicle or observed from the passenger seat, and across repeated
exposure. The findings underscore UP as a practically valuable con-
struct for field-based acceptance research, demonstrating that users’
holistic appraisals of technology deployment advance understand-
ing of autonomous driving adoption beyond design-focused metrics
and intention-based predictions, providing a possible solution for
persistent research challenges.
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A APPENDICES
A.1 Demographic Sample

Eighty-two individuals participated through local recruitment chan-
nels and university networks across all four locations. The sample
represented demographic diversity across age, gender, education,
employment, and income. Participants ranged from 19 to 70 years
with a mean age of 32 years, predominantly young adults. Gen-
der distribution included 65.9% female and 34.1% male participants.
Educational attainment varied broadly: 29.3% held general higher
education entrance qualifications, 26.8% bachelor’s degrees, 20.7%
master’s degrees, and 17.1% completed vocational training. Regard-

ing employment, 64.6% were employed and 28.0% were students.
Monthly net income reflected diverse economic backgrounds, with

35.4% earning under € 1,000 and distributions extending above €
10,000. All participants provided informed consent. The study ad-
hered to German Road Traffic Regulations. Participants received
information about applicable rules, responsibilities, and insurance
coverage at least two weeks before participation.

A.2 Statistical Models Results
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Table 1: Full Statistical Models Across Conditions

Path Full Sample Time 1 Time 2 Passive Active
UP — BI 32 31 36 29 34

[.19, .44] [.14, .46] [.15, .56] [.13, .44] [.14, .52]
UP — Use 28 23 54 27 37

[.14, .53] [.06, 1.01] [.26, 1.73] [.10, .80] [.15, 1.15]
PU — BI 57 .60 53 62 54

[.45, .69] [.46, .75] [31, .73] [.46, .77] [.36, .73]
PEU — PU 39 34 47 44 36

[.27, 51] [.17, .50] [31, .63] [.27, .60] [.20, .53]
UX — UP 85 86 85 83 88

[.80, .90] [.79, .92] [.77, .93] [.75, .90] [.81, .95]
UX — PEU 53 .59 43 .58 48

[.43, .63] [.46, .71] [.27, .60] [.44, .71] [.34, .63]
R? BI 67 .68 67 .70 63
R%PU 15 A1 22 19 13
R? PEU 28 35 .18 33 23
R%UP 73 74 73 68 78
R? Use .08 .05 30 .08 13

Values are standardized path coefficients (f) with 95% bootstrapped confidence intervals in brackets. BI = Behavioral Intention; UP = Usage
Perception; PU = Perceived Usefulness; PEU = Perceived Ease of Use; UX = User Experience. R? values denote explained variance of
endogenous constructs.
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