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Figure 1: Conceptual diagram of the proposed Profile–State Adaptive (PSA) framework. Developed through three phases 
(Observation, Co-design, and Proposal), it illustrates how driver profile (selection patterns) and driver state (cognitive load) are 
extracted to adapt the in-vehicle touchscreen interface. 

Abstract 
Although in-car touchscreens expand interaction possibilities, they 
risk compromising driver safety and vigilance. We propose a data-
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and expert-informed framework for designing adaptive touchscreens 
that respond to a driver’s usage profile and cognitive state, max-
imizing usability while mitigating safety risks. First, in a driving 
simulator study, we find that cognitive load slows touchscreen but-
ton selections by 20% and produced shorter, more frequent off-road 
glances. We also find that enlarging buttons improves selection 
speeds by 0.3 seconds but at the cost of requiring more display 
pages. Next, these findings informed a co-design session with expert 
in-cabin designers, generating guidelines for adaptive interfaces 
that balance usability and safety. These guidelines form the basis 
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of our Profile-State Adaptive (PSA) framework, which integrates 
driver profiles with cognitive states to guide interface adaptations. 
We then extend the framework to include a quantitative Time-Cost 
model as well as design patterns for adaptive layouts across usage 
profiles and cognitive demands. 

CCS Concepts 
• Human-centered computing → Touch screens; Interaction 
design process and methods; Empirical studies in interaction 
design. 
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Adaptive User Interfaces, Automotive User Interfaces, Cognitive 
Load, Driver Distraction, Touchscreen Interaction, Eye Tracking 
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1 Introduction 
Modern cars integrate navigation, communication, entertainment, 
and advanced driver assistance into unified displays and controls, 
thereby offering drivers a broad range of functions. As large touch-
screens proliferate, flexible interface layouts support this broad 
range of functions. However, integrating multiple functions into 
touchscreens while removing physical buttons reduces tactile guid-
ance and raises safety concerns. When driving, limited visual-
cognitive resources are split between the road and secondary tasks, 
and even brief, well-timed glances can elevate risk [36, 43, 85, 86]. 
To address these issues, adaptive in-cabin interfaces have been 
proposed that adapt to a driver’s context and cognitive state to 
minimize distractions and reduce touch and gaze demands. 

Adaptive user interfaces are broadly defined as systems that 
adjust displays and available actions to match a user’s present 
goals and abilities [95]. Prior studies have shown that adaptive 
user interfaces can improve user interaction with a system, includ-
ing through facilitating system use, minimizing the need for help 
requests, helping manage complex systems, and preventing cog-
nitive overload [22, 100, 104]. Vehicle research into adaptive user 
interfaces has primarily focused on optimizing recommendation 
algorithms for touchscreen UI elements, particularly by promoting 
frequently used functions to upper screen regions based on con-
textual relevance or by simplifying or disabling certain features 
[2, 32, 59, 70, 88, 102]. These approaches have proven effective in 
reducing driver distraction by lowering the number of interactions 
required during driving. 

Prior research emphasizes that safe and effective in-vehicle UI 
design requires consideration of for whom and under what circum-
stances, and various computational models have been applied to 
predict or explain driver behavior in traditional static UIs (e.g., 
Adaptive Control of Thought-Rational (ACT-R) [4] and Goals, Opera-
tions, Methods, and Selection Rules (GOMS) [14, 56, 89]). However, 

these models prioritize behavior prediction within static settings 
rather than adaptive systems that dynamically account for a dri-
ver’s state or context. They also do not provide practical design 
guidelines or tools [74]. Moreover, translating these considerations 
into adaptive user interfaces requires balancing adaptability against 
stability so that a system adapts its display and interaction methods 
to a user’s cognitive state and context without undermining user ex-
pectations. Indeed, because adaptive user interfaces alter a system’s 
behavior, they can reduce predictability and consistency, which 
may jeopardize a system’s usability and ultimately driver safety. A 
practical design framework for in-vehicle adaptive user interfaces 
that accounts for both driver characteristics and driving context 
remains a current research gap. Motivated by this gap, our work 
introduces the Profile-State Adaptive (PSA) framework for guiding 
development of in-vehicle adaptive user interfaces, which we de-
velop in a three-phase approach: through Observation, Co-Design, 
and Proposal. 

In the Observation phase, we measured how drivers use an 
in-car touchscreen (similar to Android Auto [72]) under different 
cognitive load levels and UI configurations (button size, number of 
items, pagination). We confirmed that higher cognitive load slows 
touch selection and leads drivers to alternate their gaze between 
the road and the screen more frequently, and for shorter time pe-
riods. We also observed a layout tradeoff: larger and fewer items 
across multiple pages facilitate interactions with on-screen items 
but hinder access to items on other pages. In the Co-Design phase, 
we worked with experienced in-vehicle UI designers to turn these 
findings into principles for adaptive UIs. The experts emphasized: 
(1) adaptations should balance stability and adaptability, so drivers 
can predict where things are in the interface; (2) some adaptations 
should reflect a user’s long-term preference profile, while others 
should react to the current situation state; and (3) touch and gaze 
effort should be kept low, such as by keeping a few fixed anchors. 
These ideas shaped the core policies of our Profile-State Adaptive 
(PSA) framework. In the Proposal phase, we then show how these 
policies can be implemented. For profile-level adaptation, we use an 
empirical Time-Cost model to choose layouts that match a driver’s 
button-use pattern under different cognitive load conditions, us-
ing an expected-value-based formulation [3, 33, 106]. For state-level 
adaptation, we suggest design patterns that increase the salience 
of important controls without relocating targets, using small ani-
mations and gating rules so that adaptations do not interfere with 
driving. 

The contributions of this work are as follows: 

• Empirical quantification of how cognitive load and interface 
layout jointly shape touch performance and gaze behavior 
in a driving simulator. 

• The Profile-State Adaptive (PSA) framework, which includes: 
(1) Co-design-informed policies that reconcile adaptability 

with stability via long-term profile-based structure and short-
term state-based surface-level cosmetic adaptations. 

(2) A principled Time-Cost model that operationalizes profile-
based layout selection using observed selection-time func-
tions and driver-specific usage distributions. 
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(3) Design patterns for state-based adaptation that reduce 
search burden without relocating targets, preserving spatial 
predictability during driving. 

2 Related Work 
This section reviews prior research on driver cognitive load, in-
vehicle touchscreen design, and adaptive automotive user inter-
faces. 

2.1 Effects of Driver Cognitive Load 
Cognitive load is an important topic in driving research [11], par-
ticularly in efforts to detect and reduce safety risks of distracted 
driving. Studies in real-world and simulated driving environments 
find that high cognitive load reduces people’s attention to cues 
in their surrounding environment and increases unsafe behaviors 
[5, 12, 25, 39, 45, 93]. For example, an on-road study by Harbluk et 
al. [45] found that drivers who are performing a mental arithmetic 
task focus their gaze primarily on the center of the road. This shift 
in gaze led drivers to ignore peripheral cues in their mirrors or at 
intersections and increased frequency of dangerous hard-braking 
events. A meta-analysis by Caird et al. [12] found that conversations 
while driving (i.e., on a phone, with a passenger) lower vigilance 
to external events, slow driver reaction times, and increase risk of 
collisions. 

In response to driving safety risks, regulators have proposed 
legislation mandating in-vehicle systems that detect and mitigate 
cognitive distraction [16]. In parallel, researchers have explored de-
sign interventions aimed at reducing cognitive demands, including 
haptic feedback [107, 108], driving difficulty prediction [34, 35], user 
interface design [1, 35, 68, 112], and input interaction techniques 
[13, 41, 44, 109]. For instance, Wang et al. [107, 108] applied haptic 
guidance torque on the steering wheel to reduce lane departure 
risks and Galarza et al. [34, 35] adapted interface functionality to 
anticipated driving complexity in on-road contexts. Other work has 
investigated interface modalities that reduce visual and cognitive 
demands of secondary tasks. Off-road glances and perceived work-
load can be reduced with approaches such as combining head-up 
displays (HUDs) with auditory earcons and gestures [13], designing 
low-visual-demand user interfaces [109], and employing gestures 
as alternatives to touch input [41, 44]. 

In sum, many factors can elevate cognitive load, deplete atten-
tional resources, and constrain driver capacity to respond effectively. 
Actionable guidelines for closed-loop, adaptive touchscreen inter-
action design derived from driver behavior could help manage both 
visual distraction and cognitive demand. 

2.2 Effects of In-Vehicle Touchscreens 
In-vehicle touchscreens offer entertainment and navigation func-
tions that enrich the driving experience. However, the growing num-
ber of functional interfaces has raised concerns about increased 
cognitive and visual demands, which may overload drivers and 
compromise safety [71]. Prior research has therefore examined 
how aspects of in-car touchscreen interactions (e.g., layout, target 
size, spatial organization) affect driving performance and visual 
distraction. 

Spatial layout of touchscreen elements directly shapes driver 
attention and control. Lamble et al. [66] and Wittmann et al. [113] 
demonstrated that distraction grows exponentially as the distance 
between a driver’s primary visual field and touchscreen interaction 
point increases. Wu et al. [116] further emphasized that homepage 
layout significantly affects mean glance time, glance count, lat-
eral lane deviation, and speed variability, showing that even small 
changes in spatial arrangement can alter driving stability. Likewise, 
menu depth and breadth increase task completion time and visual 
demand [40, 75]. Menu traversal mechanics also influence glance 
duration variability, indicating that interface design modulates dis-
traction [64, 65, 67]. 

Button size and density also affect visual attention. Increasing 
button quantity or reducing button size elevates visual demand, 
whereas larger and fewer buttons yield more efficient glance be-
havior [27, 63, 98]. These findings directly link spatial density and 
target size to distraction risk, highlighting the trade-off between 
information richness and safety. Complementary work on visual 
salience shows that arranging elements closely together can en-
hance search efficiency [87], but overly dense configurations may 
lead to crowding effects, reducing recognition of individual targets 
[105]. Moreover, Yoon et al. [118] observed that visual features such 
as icon dimensions, density, and color variability significantly affect 
perceived complexity and thus impact search efficiency. Beyond 
layout and density, physical touchscreen properties also influence 
driver attention. Ma et al. [76] and Brown et al. [10] found that 
larger screens led to significantly longer glances, but also fewer 
glances, thereby increasing long-glance risk without necessarily 
impairing steering wheel control. 

Taken together, interface design characteristics systematically af-
fect glance behavior, workload, and driving performance. However, 
most studies have focused on static design guidelines or isolated 
factors, which are difficult to translate into actionable, context-
sensitive guidance on adapting to the dynamic driving demands. 

2.3 Adaptive User Interfaces in Driving 
Contexts 

Adaptive user interfaces have been designed and deployed across 
multiple domains, including desktop productivity software [21, 81, 
90], mobile and small-screen interfaces [28], and pointing/target-
selection tools [52], enabling systems to accommodate diverse users 
and contexts [1, 55]. Some adaptive interfaces have similarly been 
shown to improve task performance in driving contexts [68]. For 
example, Meiser et al. [82] proposed a workload-contingent auto-
motive interface that adapts to environment-induced driver mental 
workload, and Lavie et al. [68] found that an in-vehicle telematics 
system reduced task completion time and lane deviation. Adap-
tiveVoice [111] adapts the brevity of voice interactions to support 
driving performance under high cognitive load. Other work re-
duces distraction by attenuating voice or visual information when 
hazards are detected [35, 102]. CARSI II [112] develops a context-
aware recommender system for infotainment content, whereas 
DriverSense [59] reconfigures smartphone UIs during driving based 
on environmental context and driver preferences. 

However, potential downsides of excessive or ill-timed adapta-
tions remain underexplored. In unfamiliar situations, fully adaptive 
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interfaces can increase cognitive workload and impair performance 
[68]. Designing and evaluating adaptive in-car systems therefore 
requires accounting for both benefits and risks. Designers could 
benefit from a generalizable framework linking adaptation policies 
and actionable UI design guidelines to cognitive load and driver 
characteristics, as well as computational models providing practical 
and usable predictions tied to interface design [74]. 

Classical computational models offer both foundations and a 
point of comparison. Adaptive Control of Thought-Rational (ACT-R) 
[4] offers a compact account of how drivers schedule visual and cog-
nitive resources across primary and secondary tasks, while Goals, 
Operations, Methods, and Selection Rules (GOMS) [56] decomposes 
touchscreen workflows into primitive operators that estimate task 
time and associated eyes-off-road costs. The framework we develop 
in the following sections builds on ACT-R and GOMS (as well as 
their automotive follow-ups [89]). Our framework integrates em-
pirical findings with expert knowledge and a predictive model to 
support design patterns that helps designers better account for the 
complex interplay between user preferences and real-time user 
state. 

3 Phase 1 – Observation: The Target 
Size/Pagination Trade-Off under Varying 
Cognitive Load 

To develop a framework for in-vehicle adaptive user interface de-
sign, we first observed driver behavior to identify factors influenc-
ing driver touch performance and interaction patterns. This section 
describes our Observation phase in which we conducted a driving 
simulator study where participants operated a touchscreen un-
der varying levels of cognitive load to measure trade-offs between 
layouts that vary button size and number of icon pages. Across 
six experimental conditions, we measured the impact of cognitive 
load and touchscreen configurations on touch performance and 
driving-related behavior. 

3.1 Experiment Design 
We conducted the study in a driving simulator (see Section 3.1.1). 
Driving scenarios were implemented using Town 10 in the open-
source CARLA simulator [20]. Participants drove along the route 
shown in Figure 2, a continuous circuit along the map’s outer 
perimeter road, while keeping a constant speed of 30 mph and 
staying within their lane. The repeatable route and constant-speed 
instruction were chosen to minimize primary-task variability (e.g., 
speed, steering), so observed differences could be better attributed 
to manipulations of layout and cognitive-load, consistent with prior 
distraction-assessment research using simple, traffic-free, straight 
courses [6, 80, 96]. 

Along with the driving task, participants tapped designated but-
tons on a touchscreen, as shown in Figure 2. A Samsung Galaxy Tab 
S9 FE with a 10.9-inch display was mounted to the right of the sim-
ulator seat, and the in-vehicle touchscreen UI was simulated using 
the Unity game engine. This layout mirrored a typical in-vehicle 
touchscreen UI, with interactive buttons on the left two-thirds of 
the screen and a navigation map with the driving route on the right 
one-third (e.g., a typical arrangement in Android Auto systems [72]). 

The experiment was conducted using a within-subjects design. 
Each participant experienced three touchscreen layout conditions 
and two levels of cognitive load, experiencing a total of six experimen-
tal conditions. The following sections describe: (1) how the three 
touchscreen layouts were designed and what tasks participants 
performed, and (2) how the two cognitive load conditions were 
designed and what tasks participants performed. 

Touchscreen Layouts. Each touchscreen layout comprised 16 but-
tons organized into one of three configurations (Figure 2). Each 
configuration varied the number of buttons on a page and the num-
ber of pages across which buttons were placed. In the 4×4 layout 
condition, all 16 buttons were visible on a single page. In the 4×2 
layout condition, the 16 buttons were split across two pages. In 
the 2×2 layout, the buttons were split across 4 pages. Participants 
could use a swipe gesture to access different pages. The buttons 
always occupied two-thirds of the touchscreen, such that buttons 
were larger for layout configurations with fewer buttons per page. 

During the task, participants were instructed to find and tap 
buttons in each layout. Each button was labeled with a single letter 
and voice commands told participants which button to tap. Par-
ticipants were instructed to respond as quickly and accurately as 
possible and completed trials until they had successfully tapped 
each button twice (i.e., 32 trials per condition). Correct taps caused 
buttons to light up blue and play a bell sound. Incorrect taps caused 
the button to turn red and play a beep sound. After each tap, the 
interface returned to the first page before the next trial. To prevent 
learning, button positions and sequences were randomized for each 
condition. 

Cognitive Load. To manipulate cognitive load during driving and 
touchscreen tasks, participants were asked to perform the Serial-7s 
task [99], a widely-used method for inducing cognitive load. Par-
ticipants started at 100, subtracted 7 at each step, and verbalized 
the resulting number aloud (e.g., 100, 93, 86, 79, ...). Participants 
were required to verbalize a number every three seconds to main-
tain consistent cognitive load over time and to prevent deliberate 
slowing to reduce load. We defined the low-load condition as the 
absence of the Serial-7s task and the high-load condition as the 
presence of the Serial-7s task. 

3.1.1 Simulation Implementation. We conducted the experiment 
using the Town10 map of CARLA, an urban environment depicted 
in Figure 2. The simulator employed a Fanatec Podium Wheel Base 
DD2 steering wheel and Fanatec Clubsport Pedals V3, both mounted 
on a frame with a Sparco racing seat. A 49-inch widescreen monitor 
was affixed to the simulator frame. Seat position, steering wheel 
height, and pedal distance were fully adjustable to individual pref-
erences. Gaze behavior was captured using the Pupil Labs NEON, 
a head-mounted, video-based eye tracker with 1.8° accuracy that 
includes an accelerometer, magnetometer, and gyroscope to track 
head position and orientation. 

3.1.2 Perceived Workload. Workload was measured using the NASA-
TLX questionnaire [46, 47]. Participants completed the question-
naire after each condition to report the perceived workload experi-
enced while performing the task. 
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Figure 2: Experimental simulation environment consisting of a steering wheel, pedals, seat, and monitor, with CARLA and the 
adaptive UI simulation running on this platform. 

3.1.3 Driving Behavior. Driving performance was analyzed using 
lateral deviation variance and pedal variance, both commonly used 
to assess driving performance [31, 48, 73, 98, 101, 103]. Lateral de-
viation variance was calculated as the variance of the distance be-
tween the center of the vehicle and the center of the lane, reflecting 
steering control. Pedal variance was calculated as the variance of 
normalized accelerator input (scaled 0 − 1), reflecting speed control. 

3.1.4 Touchscreen Behavior. Touchscreen performance was assessed 
by measuring selection time (i.e., between a voice instruction and 
a corresponding button tap). Voice instructions and touch events 
were recorded within the Unity game engine at a frame rate of 
60 fps. 

3.1.5 Gaze Behavior. Gaze patterns were measured using 2D gaze 
coordinates, inertial measurement unit (IMU) quaternions, and raw 
accelerometer channels available on the Pupil Labs NEON sensor 
[92]. Head orientation was estimated from IMU quaternions using 
the Pupil Labs Library [91]. Forward head direction was defined as 
the IMU-local 𝑦-axis rotated into world space to obtain a unit vector 
f . From this, we formed an orthonormal basis for a head-oriented 
plane: r = f ×ẑ

∥f×ẑ∥ (falling back to ˆ x if f is nearly collinear with 

ẑ) and u = r×f 
∥r×f ∥ . The plane’s width and height were set by the 

tracker’s horizontal/vertical FOVs (103° and 77°, respectively). The 
settings yields a head-stabilized local screen for each sample that 
moves with the participant. Raw gaze arrived as pixel coordinates 
on a nominal 1600 × 1200 surface. For valid gaze sample data, we 
computed normalized coordinates and mapped them to the plane 
and projected into world coordinates. Thus, every valid time sample 
produced a head-referenced 3D gaze point. Using these 3D gaze 
coordinates, we derived two gaze metrics: screen transitions and 
off-road gaze time percentage [18, 94, 97, 98, 119]. screen transitions 
denote how many times the driver’s gaze shifted between the road 
and the touchscreen. off-road gaze time percentage denotes the 
proportion of total time the driver was not looking at the road. 
All data were cleaned by removing outliers beyond ±2 standard 
deviations. 

3.1.6 Participants. Twelve participants (mean age = 39.5, SD = 
15.4; 7 men, 5 women) were recruited. All were aged 18 or older 
with a valid driver’s license and were not wearing glasses to en-
sure eye-tracking accuracy. Exclusion criteria included pregnant 
individuals, individuals with pacemakers, those with sensitive skin, 
and those highly susceptible to motion sickness in 3D simulation 
environments. Participants received $120, and the total duration of 
the experiment was 90 minutes. All procedures were approved by 
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our organization’s Institutional Review Board and all participants 
provided informed consent. 

3.1.7 Procedure. After adjusting their seating position, partici-
pants completed a minimum five-minute driving practice session 
to become familiar with the simulator and the route. During this 
practice, they were instructed to maintain a steady speed consis-
tent with their usual driving habits while prioritizing safe driving. 
Participants next completed a touchscreen task practice session. Fol-
lowing spoken instructions, they tapped the indicated buttons until 
all 16 buttons had been tapped at least twice. Finally, participants 
received instructions for the Serial-7 task and completed a mini-
mum three-minute practice session. Additional practice time for 
any of these tasks was provided upon request to ensure participants 
were comfortable before the experiment began. 

After two practice sessions, participants put on the eye-tracker 
and completed the six experimental conditions. The six conditions 
(three touchscreen layouts × two levels of cognitive load) were 
ordered using a balanced Latin Square. Across participants, each 
condition appeared equally often in each serial position and pre-
ceded every other condition an equal number of times. 

At the beginning of each condition, participants were instructed 
to drive at a constant speed of 30 mph within the designated route 
while prioritizing safe and steady driving over the secondary tasks 
(i.e., the touchscreen task and, when applicable, the Serial-7 task). 
When the vehicle first reached 30 mph, participants began the 
touchscreen task and the Serial-7 task (i.e., according to the assigned 
condition). After all 16 buttons had been tapped twice, participants 
stopped the vehicle and completed the NASA-TLX [46, 47] on the 
tablet. A rest period of at least five minutes was provided before 
the next condition, with additional rest upon request. 

3.2 Results: Quantitative Findings 
3.2.1 Driver Cognitive Load. We first verified that the Serial-7s 
task successfully increased participant perceived mental workload 
(Figure 3). Participant NASA-TLX scores were higher in conditions 
where participants performed the Serial-7s task in addition to the 
touchscreen task (using an analysis of variance based on the aligned 
rank transform [50, 51, 79, 114]: (𝐹 (1, 50.19) = 170.38, 𝑝 < .001). 
Moreover, touchscreen layout did not influence NASA-TLX ratings 
(𝐹 (2, 50.37) = 3.12, 𝑝 = .053) and there was no cognitive load 
by layout interaction (𝐹 (2, 50.19) = 0.33, 𝑝 = .719). These results 
indicate that our manipulation successfully increased cognitive load 
whereas load did not vary as a function of touchscreen layout. 

3.2.2 Driving Performance. We next examined the influence of cog-
nitive load on driving performance (Figure 4). Overall, cognitive 
load did not have an influence on our measured driving metrics 
(gamma GLMM for lateral deviation [26]: 𝜒 2 (1, 𝑁 = 59) = 1.98, 
𝑝 = .159; pedal variance: 𝜒 2 (1, 𝑁 = 59) = 0.18, 𝑝 = .671). Ad-
ditionally, touchscreen layout did not influence driving metrics 
(lateral deviation: 𝜒 2 (2, 𝑁 = 59) = 0.59, 𝑝 = .743; pedal variance: 
𝜒 2 (2, 𝑁 = 59) = 4.64, 𝑝 = .098) nor did we observe any cognitive 
load by layout interactions (lateral deviation: 𝜒 2 (2, 𝑁 = 59) = 5.01, 
𝑝 = .082; pedal variance: 𝜒 2 (2, 𝑁 = 59) = 2.02, 𝑝 = .364). As such, 
driving performance was consistent across conditions, suggesting 

Figure 3: Participants’ NASA–TLX scores by layout and by 
presence/absence of the Serial-7 task; error bars indicate stan-
dard deviations. 

that drivers followed our instructions to prioritize driving perfor-
mance and safety over secondary tasks (i.e., touchscreen presses 
and Serial-7s). 

3.2.3 Touch Selection Time. An analysis of variance using mixed 
gamma regression with random intercepts for participant indicated 
a statistically significant effect of cognitive load on selection time 
(𝜒 2 (1, 𝑁 = 70) = 25.49, 𝑝 < .001), and the effect of layout was 
also statistically significant (𝜒 2 (2, 𝑁 = 70) = 120.66, 𝑝 < .001). 
The Layout × Load interaction was not statistically significant 
(𝜒 2 (2, 𝑁 = 70) = 3.61, 𝑝 = .165). 

Figure 5 illustrates selection time by button index for each layout, 
with dashed horizontal lines representing the average selection time 
for buttons on the same page. As shown, selection time increased 
in a stepwise manner across pages. Furthermore, higher cognitive 
load increased selection time across all layouts, button indices, and 
pages, indicating that cognitive load impaired visual search and 
button selection. 

Figure 6 also compares selection times across layouts for each 
cognitive load level. On the first page, layouts with fewer and larger 
buttons yielded shorter selection times, with the 2×2 layout being 
the fastest and the 4×4 layout the slowest. Moreover, on the second 
page of the 4×2 and 2×2 layouts, the 2×2 layout consistently showed 
faster selection times than the 4×2 layout. 

To further quantify these effects, for each layout × cognitive load 
× page condition we applied robust LOESS regression [15] across 
button indices, fitting within each page to avoid cross-page smooth-
ing. We then obtained the predicted selection time for each index 
and computed page-level averages as attempt-weighted means of 
those predictions (Table 1). The results showed that higher cogni-
tive load increased selection time by 0.34 s in the 4×4 layout, 0.38 s 
in the 4×2 layout, and 0.45 s in the 2×2 layout. On the first page 
under low load, the 2×2 layout was faster by 0.11 s compared to 
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Figure 4: Participants’ driving performance–pedal vari-
ance and lateral deviation variance–by layout and by pres-
ence/absence of the Serial-7 task; error bars indicate standard 
deviations. 

4×2 and 0.35 s compared to 4×4; under high load, it was faster by 
0.04 s and 0.37 s. On the second page, 2×2 was faster than 4×2 by 
0.19 s (low load) and 0.17 s (high load). 

Within layouts, page progression had a pronounced effect. In 
the 4×2 layout, selection time increased by 1.05 s (low load) and 
1.30 s (high load) from page 1 to page 2. In the 2×2 layout, page 
increases yielded 0.96 s (low load) and 1.16 s (high load) from page 
1 to page 2, 0.92 s (low load) and 0.80 s (high load) from page 2 to 
page 3, and 1.02 s (low load) and 1.16 s (high load) from page 3 to 
page 4. 

In summary, cognitive load generally increased selection time. 
Within a single page, fewer and larger buttons reduced selection 
time, but within the same layout, selection time substantially in-
creased as the number of pages increased. 

Table 1: Differences in expected selection time by condition, 
computed using robust LOESS regression [15]. Baselines: (1) 
Load effect uses Low as baseline; (2) Layout differences use 
2×2 as baseline on the same page and load; (3) Page progres-
sion uses the immediately previous page as baseline within 
the same layout and load. Positive Δ indicates slower selec-
tion time; negative indicates faster. 

Condition-wise deltas (absolute & relative). 

Load Layout Page(s) Δ (ms) Δ (%) 

(1) Load effect within layout 
High vs. Low 4×4 All pages +343 20.2% 
High vs. Low 4×2 All pages +375 18.8% 
High vs. Low 2×2 All pages +450 16.2% 

(2) Layout differences on Page 1 (per load) 
Low 4×2 vs. 2×2 p1 +106 7.9% 
Low 4×4 vs. 2×2 p1 +351 26.2% 
High 4×2 vs. 2×2 p1 +35 2.1% 
High 4×4 vs. 2×2 p1 +373 22.5% 

Layout differences on Page 2 (per load) 
Low 4×2 vs. 2×2 p2 +194 8.4% 
High 4×2 vs. 2×2 p2 +172 6.1% 

(3) Page progression within layout (later page vs. previous) 
Low 4×2 p2 vs. p1 +1050 72.4% 
High 4×2 p2 vs. p1 +1300 76.5% 
Low 2×2 p2 vs. p1 +960 71.6% 
Low 2×2 p3 vs. p2 +920 40.0% 
Low 2×2 p4 vs. p3 +1020 31.7% 
High 2×2 p2 vs. p1 +1160 69.9% 
High 2×2 p3 vs. p2 +800 28.4% 
High 2×2 p4 vs. p3 +1160 31.9% 

3.2.4 Driver Gaze Analysis. An analysis of variance based on the 
aligned rank transform indicated a statistically significant effect of 
cognitive load on the number of screen transitions, 𝐹 (1, 47.24) = 
22.44, 𝑝 < .001, a significant effect of Layout, 𝐹 (2, 47.60) = 60.24, 
𝑝 < .001, and a non-significant interaction effect, 𝐹 (2, 47.36) = 1.61, 
𝑝 = .210. For the percentage of off-road glance time, a gamma 
GLMM analysis revealed that the effect of cognitive load was not 
significant, 𝜒 2 (1, 𝑁 = 69) = 1.47, 𝑝 = .225, the effect of layout was 
not significant, 𝜒 2 (2, 𝑁 = 69) = 4.20, 𝑝 = .123, and the interaction 
effect was not significant, 𝜒 2 (2, 𝑁 = 69) = 2.01, 𝑝 = .367. These 
results indicate that, although total off-road glance time did not 
differ significantly, drivers looked at the screen more frequently 
under higher cognitive load and in layouts with fewer buttons per 
page (i.e., more pages). This combination implies more frequent but 
shorter glances to the touchscreen. 

We further plotted transition counts by button index for condi-
tions showing statistically significant differences in cognitive load 
and layout (Figure 7). We found that layouts with fewer, larger 
buttons elicited shorter but more frequent gaze shifts, and that the 
frequency of gaze transitions increased proportionally with the 
number of pages. In summary, higher cognitive load and layouts 
with more pages led drivers to make more frequent and shorter 
gaze shifts, with buttons located on later pages requiring more 
transitions. 
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Figure 5: Participants’ selection times by layout and button index. Data points include error bars indicating ±1 standard 
deviation; page-level means are shown as horizontal dashed lines. 

Figure 6: Participants’ selection times by presence/absence of the Serial-7 task and by button index. Data points include error 
bars indicating ±1 standard deviation; page-level means are shown as horizontal dashed lines. 

3.3 Results: Qualitative Findings 
Although Phase 1 was designed primarily as a controlled experi-
ment, we also conducted brief informal interviews to understand 
how participants experienced the different combinations of layout 
and cognitive load. After each block and at the end of the ses-
sion, the first author asked each participant open-ended questions 
about their overall experience with the tasks, the simulator, and the 
touchscreen interactions. We clustered participant reactions into 
recurring themes, which are summarized in Table 2 with participant 
identifiers 𝑃1

𝑜–𝑃12 
𝑜 . These themes align with the quantitative pat-

terns in NASA–TLX, touch selection time, gaze transition counts, 
and off-road glance time. 

Mental Workload and Task Prioritization. Participants con-
sistently described the Serial-7s task as overwhelmingly demanding, 
saying that counting backwards “took all of my attention” (𝑃 4𝑜 ) and 
felt stressful. Several noted that, under high cognitive load, they 
deliberately prioritized lane keeping and the counting task, post-
poning or abandoning touchscreen interactions when the numbers 
became difficult. These observations align with the quantitative pat-
tern in which the Serial-7s task substantially increased NASA-TLX 
scores and touch selection time, while lateral deviation variance 
and pedal variance remained relatively stable (Figures 3 and 4). 
The results indicate that participants managed limited attentional 
resources by preserving basic driving control at the cost of slower 
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Figure 7: Participants’ number of screen transitions by presence/absence of the Serial-7 task and by button index. Data points 
include error bars indicating ±1 standard deviation; page-level means are shown as horizontal dashed lines. 

Table 2: Summary of recurring themes from informal participant interviews in Phase 1. 

Theme Representative comments 

Mental workload and task prioritization Counting backwards was terrible; it took all of my attention and felt stressful. – 𝑃 4 
𝑜 

When I tried to do the math and move my hand to the screen, I either lost the number or turned 
to the wrong page. – 𝑃 4 

𝑜 
Driving and using the touchscreen alone was fine, but with counting I pushed the touchscreen 
task to the back of the queue. – 𝑃 9 

𝑜 

Dense layouts and small targets When there were many buttons on one page, it felt crowded and I needed more time to find 
the right one. – 𝑃 2 

𝑜 
Sometimes I was sure I hit the right button, but the one next to it was activated. – 𝑃 2 

𝑜 
Small buttons were annoying while steering; I had to be very careful with my finger. – 𝑃12 

𝑜

Multi-page navigation and place-keeping With many pages I sometimes forgot which page I was on. – 𝑃 1 
𝑜 

I reached the last page and still could not find my button, then realized I must have missed it 
on an earlier page. – 𝑃 1 

𝑜 
Turning pages was frustrating; every new page felt like starting the search from the top again. 
– 𝑃 6 

𝑜 
I sometimes flipped the page by accident when I meant to press a button near the edge, and 
sometimes the other way around. – 𝑃10 

𝑜

Gaze behavior under load I did not want to look away for too long, so I broke it into short glances and sometimes forgot 
how far I had read. – 𝑃 3 

𝑜 
With multiple pages I kept going back and forth between the road and the screen. – 𝑃 7 

𝑜 

touchscreen selections, consistent with the main effect of cognitive 
load on selection time in Section 3.2.3. 

Layout Density, Small Targets, and Selection Errors. Partici-
pants also reacted strongly to the spatial density of buttons. Layouts 
with many small buttons on a page were described as “felt crowded” 
and “needed more time to find” (𝑃 2𝑜 ), with several participants re-
porting that “small buttons were annoying while steering” (𝑃12

𝑜 ) 
and that adjacent buttons were sometimes activated instead of the 
intended one. These perceptions align with the robust main effect 
of layout on selection time (Section 3.2.3): layouts that packed more 
buttons into a single page yielded systematically slower and more 

variable selections than layouts with fewer, larger buttons. Mis-
taps and cautious finger movements provide a plausible subjective 
mechanism for the additional time costs observed for dense layouts 
beyond what is explained by visual search alone. 

Multi-Page Navigation, Place-Keeping, and Gaze Behav-
ior. Multi-page navigation introduced a distinct form of difficulty. 
Participants described page turns as “frustrating” (𝑃 6𝑜 ), reporting
that each new page required re-scanning from the top, that they 
sometimes lost track of which pages they had already checked, and 
that they occasionally reached the last page without finding the de-
sired button. Some also mentioned accidental selections, including 
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page flips when aiming for buttons near the edge and unintended 
button selections while trying to advance the page. These reports 
are consistent with the stepwise increase in selection time across 
pages within the same layout (Figure 6, Table 1). Participants fur-
ther explained that layouts with multiple pages, especially under 
high load, made them “keep going back and forth” (𝑃 7 

𝑜 ) between the
road and the screen and encouraged them to break their interaction 
into many short glances rather than a few long ones. Such behavior 
helps interpret our gaze results (Section 3.2.4): layouts with more 
pages and higher load increased the number of screen transitions 
(Figure 7), while the overall percentage of off-road glance time re-
mained relatively unchanged, suggesting that drivers fragmented 
a similar off-road time budget into a greater number of shorter 
glances. 

4 Phase 2 – Co-Design: Designing an Adaptive 
UI Framework from Driver Behavior 
Observations 

Building on the quantitative results from the Observation phase, 
this phase aimed to: (1) interpret observed driver behavior, (2) con-
solidate design concerns for driving safety, and (3) translate these 
concerns into an adaptive UI framework through co-design sessions 
with in-vehicle UI experts. We therefore designed a single two-hour 
workshop structured in four sequential stages: Onboarding, Obser-
vation Briefing, Open Guideline Discussion, and Adaptive Policy & 
Design Sketches (Figure 8). 

Although co-design research often employs multiple iterative 
workshops to refine ideas and design sketches [42], our partic-
ipants were senior in-vehicle HMI (Human–Machine Interface) 
designers with demanding professional schedules, and organizing 
a series of workshops would have restricted their participation. 
Consistent with prior work that treats co-design workshops as 
time-constrained events that must fit within the limited availabil-
ity of stakeholders, we adopted a single session format. Naranjo-
Bock’s [84] overview of creativity-based co-design describes co-
design workshops as time-bounded sessions (typically 1.5-2 hours) 
that enable collaboration in knowledge development and idea gen-
eration. Miller et al. [83] similarly characterize rapid co-design 
and design-thinking sprints as “time-constrained creative” events, 
reporting that such sprints can range from a few hours to a day 
or a week, and describing cases in which even 1-hour co-design 
sprints with busy clinicians produced high-quality concepts that 
teams further refined and implemented. Our single-session design 
reflects a trade-off between depth and feasibility, consistent with 
prior recommendations for short, well-facilitated co-design events. 
Nonetheless, because co-design outcomes often benefit from re-
peated cycles of iteration and reflection, our single-session approach 
may have limited the depth of critique and the evolution of ideas; 
future studies should examine how multi-session formats further 
develop and validate the generated concepts. 

4.1 Co-Design Method 
4.1.1 Participants. Four professional UI/UX designers specializing 
in automotive HMI, mobile UI, and interaction design participated 
(Table 3), with participant identifiers 𝑃 1 

𝑐 –𝑃 4𝑐 . Their average indus-
try experience was 17.75 years, and they were selected primarily 

for their prior experience designing either commercial products 
or concept systems in safety-critical or automotive domains. Ses-
sions were conducted online and lasted two hours. Participants 
were compensated $200 total. All procedures were approved by 
our organization’s Institutional Review Board and all participants 
provided informed consent. 

4.1.2 Procedure. As depicted in Figure 8, each co-design session 
followed four processes: 

• Onboarding: The facilitator stated the session goals and 
framed the problem of implementing an adaptive user inter-
face for driver safety. Consent was obtained, and participants 
were oriented to the shared working surface used during 
the session. We began recording and asked about participant 
professional backgrounds and experience with automotive 
design. 

• Observation Briefing: The facilitator presented key results 
from the Observation phase, including selection-time pat-
terns by layout and page, the cost of page switching, and 
search delays under higher cognitive load. Screenshots of ex-
ample layouts were also provided. Participants could ask clar-
ification questions at any time during the briefing, and an ad-
ditional Q&A session followed to ensure shared understand-
ing. Supplementary statistics were provided upon request, 
and presentation materials remained accessible throughout 
subsequent phases. The briefing lasted approximately 20 
minutes. 

• Open Guideline Discussion: Designers proposed heuris-
tics for safer touchscreen interaction during driving, uncon-
strained by implementation feasibility. Following the open 
discussion, the facilitator provided prompts (e.g., “minimize 
transitions”, “preserve predictability” ) to synthesize the ideas 
and deliberations and to balance divergent and convergent 
thinking. This discussion lasted 50 minutes. 

• Adaptive Policy & Design Sketches: Participants refined 
the heuristics derived from the open discussion into specific 
adaptation targets (i.e., what to adapt). Finally, they articu-
lated policy statements specifying when to trigger adaptation, 
what to change, and how to preserve interface stability. The 
facilitator iteratively refined these statements through live 
sketches. This phase lasted 50 minutes. 

4.1.3 Data Analysis. We analyzed the co-design session transcripts 
using thematic analysis [8]. During the co-design sessions, three 
authors independently took field notes to record key points raised 
during discussions. After all co-design sessions were completed, 
verbatim transcripts were generated using automatic transcription 
software. The same three authors each used the transcripts and 
recordings to manually code segments they judged relevant to our 
design elements and problem scenarios, extracting key statements 
and observations. Building on the transcripts, recordings, and notes, 
the first author conducted a holistic review of the full corpus and 
synthesized the independently produced codes into three prelimi-
nary themes. These candidate themes were subsequently discussed 
in a consensus meeting among the three authors who participated 
in the co-design sessions. The authors refined theme boundaries, 
agreed on shared labels, and confirmed representative keywords 
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Figure 8: Process flow diagram for the second phase: Co-design. 

Table 3: Profiles of co-design participants (𝑃𝑐 ): roles, organization types, experience, and primary domains. 

PID Role / Discipline Org. Type Years Primary Domain 

𝑃1 
𝑐 Industrial Designer Automotive design 15 In-cabin UX/UI; concept layout 

𝑃2 
𝑐 UX / Interaction Designer Automotive UX (R&D) 26 AR HUD; In-vehicle infotainment systems 

𝑃3 
𝑐 UX Designer Automotive UX (R&D) 10 In-vehicle infotainment systems / on-road widget systems 

𝑃4 
𝑐 Automotive HMI Designer Vehicle OEM 20 HMI; HUI/HUD; interior prototyping 

and excerpts. Finally, using the finalized set of three themes as the 
organizing scheme, the first author classified designer-proposed 
design sketches by their dominant thematic emphases. As a result, 
we identified three design concerns, which served as the basis for an 
adaptive user interface framework with multiple design patterns. 

4.2 Results: Design Concerns 
Outputs of the co-design sessions were refined around recurring 
rationales across transcripts and artifacts, resulting in three core 
design concerns. 

The Adaptability-Stability trade-off: When to make struc-
tural changes versus only cosmetic adjustments? 

“Adapt, yes, but the spatial backbone should stay fixed ... 
Drivers rely on spatial and muscle memory, and moving 
targets during driving erodes predictability and trust." – 
𝑃1 
𝑐 

“Continuous, under-the-hood layout changes are dis-
tracting ... Real-time adaptation should adjust salience, 
size, contrast, highlights, [but] not move targets." – 𝑃 1 

𝑐

“Show minimal controls while driving ... reveal the full 
suite only when appropriate. Don’t surface deep struc-
ture in high-load moments" – 𝑃3 

𝑐

First, the principle of a Adaptability-Stability trade-off emerged 
as both the starting point and governing rule. Designers emphasized 

that a driver’s accumulated spatial and muscle memory of touch-
screen layouts is crucial to predictability and trust. High-adaptation 
strategies, such as altering grids, page counts, button order, or rela-
tive positions, can yield substantial performance gains that might 
seem ideal for isolated touch events, but they can also impose high 
relearning costs and uncertainty. In particular, changes to paging 
structures or primary-area reassignments, when combined with the 
page-transition delays observed in the Observation phase, may lead 
to both slower interaction times and diminished UI predictability. 
Designers pointed to the stepwise page-depth penalties quantified 
in Section 3.2.3: in the 2×2 layout, LOESS means indicated that 
targets on pages 2 − 4 were approximately 1.0, 1.7, and 3.0 s slower 
to select than targets on page 1, and even the 4×2 layout incurred 
an additional 0.4 − 0.5 s on page 2 relative to page 1 (Figure 6, Table 
1). When combined with the 0.4 − 0.5 s slowdown induced by high 
cognitive load alone across layouts (Figure 5, Table 1), designers 
argued that any real-time structural adaptation that moves a fre-
quently used function from an early page to a deeper one during 
driving would stack layout-induced page-depth costs on top of 
load-induced slowdowns, while simultaneously invalidating the 
driver’s learned spatial and proprioceptive map of the interface. 

Conversely, surface-level cosmetic adaptations that adjust at-
tributes such as size, color, contrast, brightness, or font were re-
garded as more appropriate for real-time adaptation, as they alter 
perceptual weight without disturbing the underlying spatial frame. 
Designers made this distinction concrete by treating large changes 
as those that alter page structure or reassign functions across the 
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4×4, 4×2, and 2×2 layouts (e.g., moving a control from page 1 to 
page 3), and small changes as those that preserve grid and page 
order while scaling or highlighting targets without relocation (e.g., 
temporarily enlarging or brightening the most probable buttons 
on the current page). Additionally, a consensus was reached on 
deliberately separating adaptation across temporal scales: only low-
level cosmetic adaptations should occur during driving, whereas 
high-level structural adaptations should be bundled into long-term 
change windows (e.g., onboarding, software updates, scheduled up-
dates) where drivers receive advance notice, confirmation steps, and 
options to revert. Such change windows should include previews 
highlighting before-and-after differences, lightweight tutorials on 
first entry, and grace periods for reverting. Crucially, real-time 
adaptation must never cause target relocation or reflow. Designers 
further recommended applying hysteresis to cosmetic adaptations 
so that brief threshold fluctuations do not cause flickering or oscil-
lation in the interface. 

The Profile-State axis: Balancing long-term priorities against 
short-term cognitive bandwidth. 

“Different drivers want different things. Some need sport 
controls instantly, others never touch them ... Let long-
term usage learn priorities and keep those up front." – 
𝑃1 
𝑐 

“Under high cognitive load, go flatter and simpler ... 
make fewer, clearer choices and bigger, more findable 
targets." – 𝑃 3 

𝑐

“Prioritize by likelihood of selection. Make probable ac-
tions easier and more visible." – 𝑃 4 

𝑐

Second, participant responses converged on a conceptual Profile-
State axis formalized to organize adaptation decisions. A driver’s 
profile reflects long-term preferences and usage patterns, determin-
ing how UI functions and features should be grouped and arranged. 
Privacy and explainability in profile learning were emphasized as 
requirements on par with safety, with cold-start phases defaulting 
to robust universal priorities (e.g., navigation, calls, media control) 
and minimal-page layouts, before allowing periodic opportunities 
to propose layout adaptations as usage patterns stabilize. Designers 
linked this long-term profiling to the layout-level selection-time 
differences observed in the Observation phase: under low cognitive 
load, mean selection times were approximately 2.44, 2.07, and 1.92 s 
for the 4×4, 4×2, and 2×2 layouts, respectively; under high load, 
they increased to 2.89, 2.49, and 2.34 s (Figure 6). They argued that 
profile-driven layout choices should therefore keep a driver’s most 
frequent actions on earlier pages in the more efficient layouts, using 
long-term usage statistics to minimize the expected selection time 
for that driver. 

By contrast, a driver’s state reflects short-term variability in cog-
nitive bandwidth, directly linked to the observed increase in search 
and decision costs under high cognitive load. In our data, adding the 
Serial-7s task significantly increased NASA-TLX workload scores 
across all layouts (Figure 3; (𝐹 (1, 50.19) = 170.38, 𝑝 < .001) and 
slowed touch selections by roughly 0.4 − 0.5 s on average (Figure 6). 
Designers interpreted this pattern as indicating that, under high cog-
nitive load, drivers largely preserve steering and speed control but 
have less residual capacity for visual search and decision-making on 

the touchscreen. Adaptations along this axis are regarded as requir-
ing temporary reweighting of visibility and accessibility, without 
structural changes: key functions should be selectively emphasized, 
non-essential ones visually de-emphasized but still legible, and 
notifications deferred into a “later” stack. This interpretation is 
reinforced by our gaze results: high-load conditions and layouts 
with more pages increased the number of road–screen gaze tran-
sitions, yet the overall percentage of off-road gaze time remained 
relatively stable (Figure 7). Designers took this as evidence that dri-
vers maintain a roughly fixed “off-road time budget,” fragmenting it 
into more shorter glances under demanding conditions, motivating 
state-based adaptations that reduce the number of viable on-screen 
choices and make the most relevant ones easily findable within each 
brief glance. Designers also emphasized that buffer zones around 
thresholds and rules to avoid overlap with driving events (e.g., ac-
celeration, curves, lane changes) should be implemented to prevent 
new interface changes from coinciding with driving maneuvers. 

A cross-cutting requirement: Minimize touch and gaze de-
mands while maintaining predictability. 

"Why do they have to touch anything? And only make 
them touch something if they have to." – 𝑃 2 

𝑐

"Favor tactile and auditory confirmations—single, con-
sistent gestures and haptics mean you don’t have to 
verify with your eyes." – 𝑃2 

𝑐

"Provide peripheral cues and stable placement so targets 
are detectable before foveal attention arrives. Anchors 
speed re-orientation" – 𝑃3 

𝑐

Third, minimizing touch and gaze demand was identified as a 
cross-cutting requirement. Designers conceptualized interaction 
costs as a sequence of transitions—road to screen, within-screen 
search, and screen back to road—and emphasized reducing costs at 
each stage. This decomposition was grounded in the Observation 
phase gaze data: layouts with more pages and high cognitive load 
produced significantly more road–screen transitions, yet the overall 
off-road gaze-time percentage remained approximately constant 
across conditions (Figure 7). Designers interpreted each additional 
transition as a repeated “entry fee” for leaving and re-entering the 
roadway view, arguing that mitigation strategies should aim to 
reduce both the number of glances required to complete a task 
and the search effort within each glance. Core operations (home, 
back, volume) should always be accessible through fixed gestures 
or stable positions, supported by consistent tactile and auditory 
feedback to confirm that an action has been completed. 

Proprioceptive anchors should be embedded within pages to 
help drivers quickly recalibrate hand position, while subtle salience 
cues (e.g., edge beacons, low-frequency highlights) should make 
targets discoverable even during brief glances. In the workshop 
artifacts, designers instantiated “proprioceptive anchors” as spa-
tially and haptically stable reference points, such as a fixed vertical 
strip of core controls aligned with the driver’s resting hand posi-
tion, textured or raised edges that map to on-screen quadrants, and 
reserved corner regions for home and back actions. These anchors 
are intended to let drivers re-establish hand position and infer tar-
get locations using peripheral vision and touch, so that successive 
glances can jump directly to a narrow region instead of restarting a 
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full-screen scan. This proposal directly responds to the page-depth 
penalties observed in the 2×2 layout, where later-page selections 
were up to 3 s slower than first-page selections (Table 1), and to 
the high transition counts observed for multi-page layouts under 
load (Figure 7). Such measures not only reduce time-to-target but 
also shorten recovery delays after errors. Designers agreed that 
multimodal inputs (e.g., voice, steering wheel buttons) should serve 
as fallback pathways rather than primary alternatives, with con-
sistent feedback across modalities. They positioned these fallbacks 
as safety valves for the worst-case scenarios, such as repeated mis-
taps near page edges or overshooting the desired page in the 2×2 
layout. For example, several concepts mapped “cancel” or “repeat 
last command” to steering-wheel buttons or short voice commands, 
allowing drivers to recover from an error or re-issue a command 
without incurring yet another costly road–screen–road round-trip. 

4.3 The Profile-State Adaptive (PSA) Framework 
Building on these co-design insights, we formalize policies orga-
nized by temporal scale and intervention strength. These policies 
form the backbone of our Profile-State Adaptive (PSA) framework. 
The guiding idea is to handle long-term, profile-based priorities and 
short-term, state-based attention demands with distinct rhythms of 
adaptation, while still preserving spatial predictability when both 
dimensions interact. Long-term profile adaptation follows permis-
sive rules that allow higher-level structural changes. In contrast, 
short-term state adaptation follows conservative rules that restrict 
changes to low-level cosmetic properties. Across both axes, cross-
cutting mechanisms operate continuously to reduce touch and gaze 
demand. 

Profile-based long-term adaptation policy: Layout optimiza-
tion based on the probability of selection. Profile-based long-
term adaptation assumes that function priorities stabilize over time. 
Drawing on findings from our Observation phase, structural adap-
tations should project button-selection probability distributions 
(estimated from logs) onto layouts optimized to minimize expected 
selection time, accounting for page-transition costs and target-size 
benefits. Updates occur only during long-term change windows 
and must include previews, explanations, and options to confirm, 
postpone, or revert. Core anchors (e.g., home, back, volume, nav-
igation entry) are protected from relocation. Each update limits 
both relocation distance and number of changes to preserve spatial 
memory, while respecting safety margins for target size and spacing 
per Fitts’ law [29, 98]. Thus, profile-based adaptation allows struc-
tural changes but constrains their timing, scope, and reversibility 
to preserve predictability. 

State-based real-time adaptation policy: Focused cosmetic 
salience adjustments under a fixed layout. By contrast, state-
based short-term adaptation modifies only cosmetic attributes while 
maintaining layout stability. Triggers are activated when cognitive 
load metrics exceed thresholds, with cool-downs to prevent rapid 
oscillation. Upon activation, the interface enters a focus-mode that 
subtly increases the salience of high-priority targets (through e.g., 
gradient rings, mild enlargement), reduces contrast of non-essential 
elements without impairing readability, and defers low-urgency no-
tifications into a later stack for batch processing once load subsides. 

All changes occur as subtle animations, avoiding relocation or re-
flow. Temporal alignment rules delay or buffer such changes during 
dynamic driving events to prevent perceptual clutter. Exit from 
focus-mode occurs only after sustained sub-threshold stability, with 
gradual fade-outs rather than abrupt changes. Thus, real-time adap-
tations converged on three categories: (1) Focused emphasis, using 
mild highlights or enlargement to make top functions detectable in 
peripheral vision without intrusive pop-ups; (2) Background attenu-
ation, reducing saturation and contrast of non-essential elements 
while maintaining text readability; and (3) Notification deferral, sup-
pressing visual noise by redirecting notifications to a “later” stack 
for batch review during low cognitive load. 

Common mitigation mechanisms: Persistent availability 
of global functions and haptic/visual anchors. On top of the 
two policy axes, a cross-cutting mechanism for reducing touch and 
gaze demand operates in all cases. Global functions such as home, 
volume control, and back must always be accessible through con-
sistent buttons, voice commands, or gestures, redundantly mapped 
to steering wheel buttons or fixed sidebars so that one pathway 
immediately substitutes if another is unavailable. Gestures should 
be completed in a single step and confirmed with subtle haptic 
or auditory feedback, eliminating the need for drivers to visually 
verify completion. To support rapid spatial orientation of the hand, 
haptic cues can be provided on the screen bezel or steering wheel, 
intuitively indicating left, right, upper, and lower quadrants; in 
environments without proximity sensors, wheel-based tactile sig-
nals can serve as substitutes. Stable visual anchors should also be 
maintained across pages to provide consistent reference points for 
reconstructing hand-target coordinates, while subtle highlights or 
edge beacons detectable in peripheral vision should indicate the 
presence and boundaries of targets. These measures serve not only 
to reduce the time required for a single selection but also to clar-
ify retry pathways after errors, shortening delays associated with 
failed attempts. 

5 Phase 3 – Proposal: Practical Applications of 
Guidelines Derived from Co-Design 

This section proposes the procedural and computational compo-
nents required to translate the Profile-State Adaptive (PSA) frame-
work policies into actual system designs. The core objective is to 
map the Profile-State axis to different time scales and interventions, 
enabling structural long-term adaptation to reflect each driver’s 
functional priorities, while supporting surface-level short-term 
adaptation to respond to fluctuations in cognitive bandwidth. To 
achieve this, we first introduce a Time-Cost layout model to auto-
mate profile-based long-term adaptation, and then propose design 
patterns for state-based real-time cosmetic adaptations for a stable 
interface layout. 

5.1 Time-Cost Model for Profile-Based 
Long-term Adaptation 

We introduce a Time-Cost model to recommend optimal layouts 
tailored to driver profiles. Profiles are operationalized as distribu-
tions of selection probability over buttons, reflecting difference in 
the selection patterns between drivers. In this section, we leverage 
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selection time data collected in the Observation phase, measured by 
layout and button index, to implement the model and compute a 
Time-Cost across the three candidate layouts (4×4, 4×2, 2×2) for a 
given driver profile. 

5.1.1 Building the Time-Cost Model and Input Validation. Formally, 
we define the Time–Cost (𝑇𝑐 ) as in Equation 1. In this formulation, 
the overall cost of a layout is computed as the sum of per-outcome 
costs weighted by their occurrence probabilities, following the 
same principle as expected-utility models in decision theory and 
expected-cost models in HCI and interface optimization [3, 33, 106]. 
Expected value–based formulations have been used to evaluate 
menu hierarchies by combining the predicted time to reach each 
item with its selection probability [3], and to select personalized 
user interfaces that minimize the expected interaction cost for a 
given user profile [33]. 

For layout 𝐿, let the expected selection time of button index 𝑖 be 

𝑇 (𝐿 ) 
𝑖 , and let the probability that button 𝑖 is requested for a given 
driver profile be 𝑃𝑖 . The expected Time-Cost 𝑇𝑐 of layout 𝐿 and 
driver profile P is: 

𝑇𝑐 (𝐿 | P) = 
𝑛−1∑︁ 

𝑖=0 

𝑇 (𝐿 ) 
𝑖 𝑃𝑖 . (1) 

Here, 𝑇 (𝐿 ) 
𝑖 is derived from the fitted selection time data (e.g.,

robust LOESS regression curves by index and page), capturing both 
page transition costs and target size effects. P = {𝑃0, . . . , 𝑃𝑛 −1} 
is the driver’s selection probability distribution, estimated from 
usage logs, with 

 𝑛−1 
𝑖=0 𝑃𝑖 = 1. Intuitively, Time-Cost is lower when 

frequently needed buttons (𝑃𝑖 is high) are located in faster posi-
tions (𝑇 (𝐿 ) 

𝑖 is low), reflecting performance aligned with the driver’s 
profile. 

In our framework, the inputs 𝑇 (𝐿 ) 
𝑖 to the model are obtained 

from the Observation phase: for each layout and button, we es-
timate 𝑇 (𝐿 ) 

𝑖 from the observed selection times and compute the 
expected value for a given driver profile P. To ensure the reliability 
of the expected-value computation in the Time-Cost model, it is 
necessary to verify that the estimated inputs 𝑇 (𝐿) 

𝑖 are consistent 
with established models of human performance. Concretely, we 

evaluated whether the trial-level selection times underlying 𝑇 (𝐿) 
𝑖 

conformed to (1) the number of visible alternatives on the current 
page, as predicted by the Hick-Hyman law [49, 54], and (2) pointing 
difficulty as captured by the effective index of difficulty in Fitts’s 
law [29, 30, 78, 110]. We derived a linear mixed model based on 
these assumptions, following Bernhaupt et al.’s [7] combined model 
approach, and used it to assess the structural validity of the 𝑇 (𝐿) 

𝑖 
values that serve as inputs to our Time-Cost model. Below, we de-
scribe the two models used for the structural validity approach, 
the Hick-Hyman law and Fitts’s law, outline the structure of the 
constructed linear mixed model, and present analyses examining 

whether 𝑇 (𝐿) 
𝑖 aligns with these two fundamental laws of human 

performance. 

Baseline models: choice, pointing, and page progression. The 
Hick-Hyman law [49, 54] characterizes the time to choose among 
𝑁 alternatives as increasing logarithmically with 𝑁 : 

RT = 𝑎 + 𝑏 log2 (𝑁 + 1), (2) 

where 𝑅𝑇 is choice reaction time and 𝑎 and 𝑏 are empirically deter-
mined regression coefficients. We therefore define a layout-level 
Hick term 𝐻 𝑖𝑐𝑘 (𝐿 ) as: 

𝐻𝑖𝑐𝑘 (𝐿) = log2 (𝑁 (𝐿) + 1), (3) 

where 𝑁 (𝐿 ) denotes the number of buttons visible on the current 
page under layout 𝐿, and expect that, all else being equal, selection 
time will increase with 𝐻𝑖𝑐𝑘 (𝐿 ) . 

Next, Fitts’s law [29] describes how aimed pointing time scales 
with the ratio of movement distance 𝐴 to target size 𝑊 . For our 2D 
touchscreen endpoints, rather than using the spread along a single 
movement axis, we follow centroid-based formulations of endpoint 
variability for two-dimensional pointing tasks [115] and compute a 
bivariate endpoint standard deviation 𝑆 𝐷𝑥,𝑦 around the centroid 
(𝑥, 𝑦): 

𝑆𝐷𝑥,𝑦 = 

 
1 

𝑁 − 1 

𝑁−1∑︁ 

𝑖=0 

 
(𝑥𝑖 − ¯ 𝑥 )2 + (𝑦𝑖 − 𝑦)2 

 
. (4) 

We then obtain Crossman’s effective target width 𝑊𝑒 [17] from this 
bivariate spread: 

𝑊𝑒 = 4.133 · 𝑆 𝐷𝑥,𝑦 . (5) 

The corresponding effective index of difficulty for that button is 
therefore: 

𝐼 𝐷𝑒 = log2 

 
𝐴 
𝑊𝑒 

+ 1 

 
. (6) 

We refer to this effective index of difficulty as 𝐹 𝑖𝑡 𝑡 𝑠 (𝐿,𝑖 ) for layout 
𝐿 and button 𝑖 : 

𝐹 𝑖𝑡 𝑡 𝑠 (𝐿,𝑖 ) = 𝐼 𝐷 (𝐿,𝑖 ) 𝑒 = log2 

 
𝐴 (𝐿,𝑖 ) 

𝑊
(𝐿,𝑖 ) 
𝑒 

+ 1 

 
, (7) 

where 𝐴 (𝐿,𝑖 ) is the movement distance to button and 𝑊 (𝐿,𝑖 ) 
𝑒 is the 

effective target width of the button 𝑖 in layout 𝐿. Under Fitts’s law, 
movement time is expected to increase approximately linearly with 
𝐹 𝑖𝑡 𝑡 𝑠 (𝐿,𝑖 ) . Thus, if pointing difficulty meaningfully constrains our 
selection times, we should observe longer times for targets with 
larger Fitts terms. 

Additionally, our multi-page layout setup introduces an addi-
tional structural factor: page progression. For a layout 𝐿 with 𝐾 (𝐿 ) 

pages, suppose target 𝑖 appears on page 𝑘 ∈ {1, . . . , 𝐾 (𝐿 ) }. We 
define the page depth of that target 𝐷𝑒𝑝𝑡 ℎ (𝐿,𝑖 ) as: 

𝐷𝑒𝑝𝑡 ℎ (𝐿,𝑖 ) = 𝑘 − 1, (8) 

which corresponds to the minimum number of page transitions 
required to reach its page from the first page. If navigation and 
place-keeping across pages are costly, then we expect selection 
time to grow with 𝐷𝑒𝑝𝑡ℎ (𝐿,𝑖 ) after controlling for the number of 
buttons on a page. 
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Deriving the mixed-effects model for trial-level selection 
time. To formalize how trial-level selection times depend on lay-
out structure and cognitive load, we specified the following linear 
mixed-effects model for trial-level selection time 𝑇𝑡 𝑟 𝑖𝑎𝑙 : 

𝑇𝑡 𝑟 𝑖𝑎𝑙 = 𝛼 + 𝛾 𝐿𝑜𝑎𝑑 

+𝛽𝐻 𝐻 𝑖𝑐𝑘 (𝐿 ) + 𝛽𝐹 𝐹 𝑖𝑡 𝑡 𝑠 
(𝐿,𝑖 ) + 𝛽𝐷 𝐷𝑒𝑝𝑡 ℎ (𝐿,𝑖 ) 

+ 𝛿𝐻 
 
𝐿𝑜𝑎𝑑 · 𝐻 𝑖𝑐𝑘 (𝐿 )  + 𝛿𝐹 

 
𝐿𝑜𝑎𝑑 · 𝐹 𝑖𝑡 𝑡 𝑠 (𝐿,𝑖 ) 

 
+𝛿𝐷 

 
𝐿𝑜𝑎𝑑 · 𝐷𝑒𝑝𝑡 ℎ (𝐿,𝑖 ) 

 
+ 𝑢PID + 𝜖𝑡 𝑟 𝑖𝑎𝑙 , 

(9) 

where 𝛼 is the baseline selection time under low cognitive load 
for an average layout and button, 𝛾 is the additive cost of high 
cognitive load, Load is a binary factor indicating cognitive load 
(low = 0, high = 1), 𝛽𝐻 , 𝛽𝐹 , 𝛽𝐷 are the main-effect slopes for the 
Hick-Hyman term, the Fitts term, and Depth term, respectively, 
and 𝛿𝐻 , 𝛿𝐹 , 𝛿𝐷 capture how each slope changes under high load. 
The term 𝑢PID is a random intercept for each participant, model-
ing between-participant differences in overall speed, and 𝜖𝑡 𝑟 𝑖𝑎𝑙 is 
residual error at the trial level. 

Table 4: Fixed-effect estimates for the Hick–Fitts–page-depth 
mixed-effects model (Equation 9). Predictors are z-scored; 
Load = 0 for Low load and Load = 1 for High load. 

Predictor Estimate SE 𝑡 𝑝 

Intercept 2.406 0.129 18.674 < .001 
Load 0.430 0.045 9.651 < .001 
Hick 0.135 0.040 3.425 < .001 
Fitts 0.012 0.033 0.372 .710 
Depth 0.852 0.040 21.552 < .001 
Load × Hick −0.005 0.056 −0.096 .731 
Load × Fitts −0.083 0.045 −1.834 .067 
Load × Depth 0.016 0.056 0.284 .776 

Model fit: strong Hick-Hyman and page-depth effects, lim-
ited Fitts’s law effect. We fit the model in Equation 9 to the touch 
selection times from the Observation phase. As a result, Load has a 
robust positive effect on selection time, consistent with the NASA-
TLX results and our decision to treat cognitive load as a separate 
factor in the Time-Cost formulation. Next, the Hick term and Depth 
term both exhibit strong, significant positive effects (𝛽𝐻 = 0.135, 
𝛽𝐷 = 0.852, both 𝑝 < .001), and their interactions with Load are 
negligible. This indicates that the trial-level selection times underly-
ing 𝑇 (𝐿 ) 

𝑖 increase systematically with both the number of on-screen 
alternatives and page depth, in line with the qualitative predictions 
of the Hick–Hyman law and our page-progression definition. 

By contrast, the Fitts term shows a small, non-significant main ef-
fect (𝛽𝐹 = 0.012, 𝑝 = .710) and Load × Fitts interaction (𝛿𝐹 = −0.083, 
𝑝 = .067). After accounting for Hick and Depth, only a limited por-
tion of the remaining variance in selection time is attributable to 
the effective index of difficulty from Fitts’s law. Overall, the mixed-
effects results suggest that our empirically estimated 𝑇 (𝐿 ) 

𝑖 values 
are primarily organized by choice complexity and page progression, 
with pointing difficulty contributing at most a secondary effect in 
this dual-task driving setting. 

These findings indicate that our Time-Cost model is not signif-
icantly supported by the effective index of difficulty from Fitts’s 
law. However, prior work combining pointing tasks with simulated 
driving has shown that Fitts’s-law relationships often weaken or 
break down under dual-task driving conditions. Studies comparing 
single-task pointing with pointing while driving report clear lin-
ear relationships between movement time and 𝐼 𝐷𝑒 in single-task 
settings, but greatly reduced or absent sensitivity to 𝐼 𝐷𝑒 when 
steering and gaze shifts are integrated into the movement [98]. Our 
mixed-effects results are consistent with this literature: in our data, 
page-level structure and cognitive load dominate, and the Fitts term 
plays only a minor role once those factors are controlled. 

Taken together, these analyses support the structural validity 

of the model; the 𝑇 (𝐿 ) 
𝑖 values follow a structure broadly consis-

tent with classic models of human performance. They increase in 
accordance with the Hick–Hyman law, rising with the information-
theoretic difficulty of choosing among many on-screen alternatives 
and with page depth, while the effective index of difficulty from 
Fitts’s law contributes comparatively little in the dual-task driving 
context, consistent with prior findings. The Time-Cost model there-
fore combines a standard expected-cost formulation with per-target 
time estimates whose dependence on layout structure and cognitive 
load is grounded both in our empirical data and in prior work on 
choice, pointing, and multitasking in driving. 

5.1.2 Demonstration of Time-Cost Model. To demonstrate practi-
cal applications, we implemented a tool embedding the empirical 
selection-time curves, which accepts an arbitrary probability vector 
P as input and computes 𝑇𝑐 across the candidate layouts (4×4, 4×2, 
2×2). We illustrate results with two prototypical distributions: (1) 
an exponential profile, where button selection probability decreases 
according to 𝑃𝑖 = 𝑒−𝜆𝑖15

𝑗 =0 𝑒 −𝜆 𝑗 , with larger values of 𝜆 concentrating 

mass on a few top functions; and (2) a step profile, where the top-𝐾 
buttons share equal probability (1/𝐾 ) and the remainder have zero 
(Figure 9). 

Figure 9 visualizes Time-Cost curves under varying exponential 
bases and step thresholds, respectively. Results show that when 
usage probability is concentrated on a small set of functions (large 
𝜆, small 𝐾 ), layouts with fewer, larger targets on the first page 
are more efficient, while broader distributions favor layouts with 
more targets per page to offset cumulative page-switching costs. 
For instance, when 𝜆 ≈ 1.2, layouts maximizing first-page target 
salience minimize cost; when 𝜆 ≈ 0, flatter distributions make the 
dense 4×4 grid preferable. Similarly, in the step profile, smaller 
𝐾 values favor layouts clustering top functions on the first page, 
whereas larger 𝐾 values make dense grids more advantageous. 
However, unlike the exponential profile, the step profile exhibits 
discrete jumps in Time-Cost when the number of top-𝐾 buttons 
matches the number of buttons per page, producing cases where 
intermediate layouts such as 4×2 are the most effective (e.g., when 
𝐾 = 8). Thus, we numerically confirmed our co-design finding that 
the most effective layout varies according to the driver’s profile— 
represented by the button selection probability distribution—and 
that applying a layout tailored to the profile can reduce the expected 
selection time, as quantified by the Time-Cost model. 
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Figure 9: Time-Cost model under two driver profiles–exponential and step. Panels (a) and (b) show, for each profile, selection 
probability by button index across parameter settings (𝜆, 𝐾 ). Panels (c) and (d) present 3D surfaces of Time-Cost for each layout 
(2×2, 4×2, 4×4) as a function of the parameters, with the layout achieving the minimum Time-Cost at each setting indicated. 

The contributions of this model are threefold. First, it computes 
optimal layouts transparently through an explainable cost func-
tion tailored to each driver’s Profile, P. Second, it reuses empirical 
selection-time data from the Observation phase, requiring only 
domain-specific calibration for deployment. Third, it preserves pre-
dictability by updating layouts only when profile estimates con-
verge beyond a stability threshold; otherwise, short-term adaptation 
is managed solely through state-based surface interventions. In sum, 
the Time-Cost model quantifies long-term Profile adaptation, pro-
viding principled, automated recommendations for when and how 
to adjust layouts. 

5.2 Design Patterns for State-Based Real-Time 
Adaptation 

Next, under the constraint of a stable interface layout, we propose 
real-time design patterns for state-based cosmetic adaptation to 
transient increases in cognitive load. Drawing on our Co-Design 
phase, we classify the design sketches developed with experts into 
design patterns that re-weight visual attention through cosmetic 
properties without relocating targets. All patterns comply with 
three rules: (1) no target relocation, (2) gradual entry and exit via 
subtle animations, and (3) hysteresis and buffering to suppress 
flicker and avoid temporal overlap with driving events. We cate-
gorize interventions into three channels—boundary shapes (B1 – 

B4, Figure 10), graphics and icons (G1 – G3, Figure 11), and frame-
preserving scaling (F1 – F2, Figure 12): 

• B1–Highlight Ring: Add highlighting around high-priority 
targets, scaled to the target’s dimensions, with luminance 
contrast calibrated against the background for peripheral 
visibility. 

• B2–Background Attenuation: Reduce saturation and slightly 
adjust brightness of non-essential elements to lessen visual 
salience, while preserving minimum readability thresholds. 

• B3–Glare-safe Luminance Upshift: In low-light condi-
tions, increase relative luminance without glare by adjusting 
background-relative brightness and fixing color temperature. 

• B4–Shape Accent: Adjust corner radius to emphasize icon 
morphology without altering coordinates. 

• G1–Icon (Font)-Size Microstep: Increment font size within 
fixed bounding boxes, redistributing padding to prevent over-
flow while maintaining legibility. 

• G2–Weight/Stroke Boost: Increase text weight or icon 
stroke to improve prominence. 

• G3–Outline Overlay: Add a semi-transparent outline, sam-
pled from complementary background colors, to clarify bound-
aries in low-saturation themes. 
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Figure 10: A design pattern that modulates visual weight by transforming boundary shapes. 

Figure 11: A design pattern that modulates visual weight by transforming graphics and icons. 

• F1–Aux Viewport Compaction: Temporarily shrink aux-
iliary areas (e.g., map, album art) via viewport scaling to 
allocate more space to key targets. 

• F2–Bounded Target Upscale: Redistribute freed margins 
to enlarge high-priority targets while preserving spacing 
and safe margins. 

The three channels are complementary rather than mutually 
exclusive and may be applied together when warranted. When 
combining boundary-shape cues with graphic/icon cues, a clear 
visual hierarchy should be coordinated so that one channel provides 

the primary emphasis while the other offers light support, avoiding 
redundant signals or localized clutter around targets. A consistent 
visual grammar and sufficient spacing should be preserved so that 
emphasis remains legible without competing edges or overlays. 
Frame-preserving scaling can be layered with the other channels and 
is expected to yield the largest change in visual weight. However, 
this scaling should be used conservatively to maintain predictability 
by keeping anchors stable, bounding the magnitude of change, and 
using smooth, non-disruptive transitions. Overall, the importance 
is to manage a limited salience budget across channels such that 
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Figure 12: A design pattern that modulates visual weight by frame-preserving scaling. 

their combined effect remains within a comfortable range while 
the underlying layout remains stable. 

In summary, this proposal integrates long-term Profile adaptation 
through structural reconfigurations limited to change windows, 
while short-term State adaptation reallocates perceptual weight 
via a focus-mode that preserves spatial stability. The Time-Cost 
model enables transparent, quantitative decision-making for layout 
updates, whereas real-time design patterns incorporate hysteresis 
and event-gating to ensure stability. 

6 Discussion 
In this paper, we propose a Profile-State Adaptive (PSA) framework 
for in-vehicle touch interfaces, developed through a three-phase 
process—Observation, Co-design, and Proposal—and show that cog-
nitive load and layout jointly shape selection time and glance behav-
ior, that co-designed policies reconcile adaptability with stability, 
and that a Time-Cost model operationalizes profile-based layout 
selection. In this section, guided by the key PSA policies—long-term 
profile personalization and short-term state-based adjustments—we 
classify prior studies through a PSA lens (Section 6.1) and describe 
this paper’s limitations and directions for future research (Section 
6.2). 

6.1 Positioning Prior Work Through the PSA 
Lens 

Prior work has cautioned that fully adaptive behavior in unfamil-
iar contexts can raise workload and impair performance [68]. PSA 
directly operationalizes this caution by splitting adaptation across 
time scales: high-impact structural changes (grid, pagination, order-
ing, large size changes) are reserved for infrequent, profile-driven 
updates with previews and recovery; low-impact cosmetic adjust-
ments (contrast, weight, bounded scaling) are permitted in real time 
when warranted by a person’s state. This design rule preserves the 
familiar spatial frame while still offering timely assistance, recon-
ciling adaptability with predictability. 

6.1.1 The Profile Axis (Long-Term Structural Adaptation). Several 
systems personalize functionality or content to user preferences. 
For example, CARSI II recommends infotainment content based on 
context to increase user satisfaction [112], and DriverSense recon-
figures smartphone UIs during driving according to environmental 

context and driver preferences [59]. Earlier perspectives on tailor-
ing interfaces to user characteristics similarly motivate profile-level 
choices [1]. Viewed through PSA, these efforts instantiate profile-
level adaptation (prioritizing what a given driver tends to need). 
However, their common limitation is that they do not explicitly 
manage temporal separation (when major structural changes should 
occur) or quantify layout time costs under paging and search. 

Our PSA builds on this line of work by making layout structure 
an explicit, profile-dependent design variable rather than a fixed 
backdrop. Using the Time-Cost model grounded in our Observation 
phase, profile-based long-term adaptation projects each driver’s 
button-selection probability distribution onto candidate layouts 
(2×2, 4×2, 4×4) and computes expected selection time given empir-
ically observed page-transition penalties and target-size benefits. 
Structural updates are then restricted to low-demand change win-
dows with previews and options to confirm, postpone, or revert, 
and core anchors such as home, back, and volume remain protected 
from relocation (see Section 4.3). In practical terms, the framework 
extends prior work arguing that interfaces should adapt to dri-
ver profiles by providing a quantitative procedure for determining 
which layout is appropriate for a given driver profile and when it 
is safe to propose structural changes. 

6.1.2 The State-Axis (Short-Term Cosmetic Adaptation). A second 
line of work adapts interfaces to the driver’s momentary workload 
or driving conditions. Meiser et al. present a workload-contingent 
automotive HMI that adapts to environment-induced mental work-
load [82]; Lavie et al. show that an adaptive in-vehicle telematics 
system can reduce task time and lane deviation [68]; AdaptiveVoice 
adjusts the brevity of voice interactions under high cognitive load 
[111]; hazard-contingent attenuation curbs distraction during risky 
moments [102]; and Galarza et al. connect predicted driving com-
plexity to interface functionality [34, 35]. Through the PSA lens, 
these are exemplars of the state axis: they reduce near-term search 
or decision costs under specific circumstances, but typically leave 
the underlying layout and its long-term evolution outside the scope 
of the adaptation logic. 

PSA ties state-based adaptation directly to the empirical effects 
of cognitive load and layout in the Observation phase: the Serial-7s 
task increased selection time and the number of screen transitions 
without changing overall off-road time (Sections 3.2.3 and 3.2.4). In 
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response, PSA restricts state-based real-time adaptation to a con-
servative focus-mode that re-weights visual salience while keeping 
the layout fixed: high-priority targets receive modest highlighting 
or bounded enlargement, non-essential elements are attenuated 
without harming legibility, and low-urgency notifications are de-
ferred to a “later” stack (Section 4.3). By extending prior state-aware 
systems, PSA introduces both long- and short-term time scales and, 
through co-design, proposes how to reshape salience under high 
cognitive load while preserving the profile-derived structure and 
spatial predictability. 

6.1.3 The Adaptability-Stability Trade-Off. Prior work has cau-
tioned that fully adaptive behavior in unfamiliar contexts can raise 
workload and injure performance [68]. PSA takes this caution as a 
design constraint by explicitly separating adaptation across time 
scales. High-impact structural changes (e.g., grid, pagination, or-
dering) are confined to infrequent, profile-driven update windows 
with previews and recovery options, whereas low-impact cosmetic 
adjustments (e.g., contrast, weight, bounded scaling) are the only 
changes permitted during driving in response to a driver’s esti-
mated state. By avoiding structural surprises in those moments 
and limiting in-drive adaptation to reversible cosmetic tweaks, the 
framework treats stability as an explicit boundary within which 
adaptation is allowed, aiming to preserve drivers’ learned spatial 
map of the interface while still providing targeted, timely assistance. 

6.1.4 Touchscreen Design Findings as PSA Model Terms. Evidence 
from prior work indicates that layout, target size/density, and 
menu depth/breadth shape glance behavior and task time: Dis-
traction grows with greater road-touchscreen eccentricity [66, 113]; 
homepage partitioning alters glance metrics and lateral control 
[116]; deeper/broader menus slow completion and raise visual 
demand [40, 75]; traversal mechanics modulate glance variabil-
ity [64, 65, 67]; larger/fewer targets improve efficiency [27, 63]; 
salience helps search but excessive density risks crowding [87, 105]; 
icon size/density/color drive perceived complexity [118]; and larger 
screens can induce fewer but longer glances [10, 76]. 

PSA does not replace these findings; it uses them as parameters 
in a model. The Time-Cost model combines these empirically ob-
served per-page penalties and target-size effects with a driver’s 
estimated selection probabilities to compute an expected time cost 
for each candidate layout. This lets designers compare a small li-
brary of layouts for a given profile using the same units that prior 
work optimizes, rather than relying only on generic heuristics. On 
the state side, PSA’s focus-mode patterns draw on the same evi-
dence about crowding and salience: cosmetic emphasis is limited 
to modest boosts for a few high-priority targets, so that additional 
highlighting does not push the screen into visually overloaded 
regimes known to lengthen visual search or increase glances. 

6.1.5 Computational and Design Methodology Links. Classical mod-
els like ACT-R [4] and GOMS [14, 56] (and their automotive follow-
ups [89]) provide principled accounts of scheduling visual/cognitive 
resources and decomposing tasks into operators. The community 
has also called for computational models whose predictions are 
explicitly tied to interface design and usable in practice [74]. PSA 
provides a concrete, bounded example of this link in the specific 

setting of in-vehicle touchscreens. Empirically grounded selection-
time curves are summarized in our Time-Cost model that can be 
evaluated for each candidate layout given a driver’s estimated se-
lection probabilities, yielding directly comparable costs in the same 
units as our observational results. Designers can then use these 
costs to choose between a library of layouts for different driver pro-
files, rather than relying only on informal judgments about “flatter” 
or “denser” structures. On the design side, the co-design workshops 
do not stop at high-level themes: their outcomes are encoded as 
explicit policies in the PSA proposal. Together, these elements turn 
PSA from a descriptive framework into a set of model-informed, 
implementable rules for which layouts to favor and how adaptation 
is allowed to occur over time. 

6.2 Future Work 
Although our findings demonstrate the benefits of profile- and state-
based adaptation, further research is needed to deploy and refine 
the PSA framework in real-world settings. An immediate next step 
is to evaluate these adaptive interface strategies in on-road driving 
scenarios or more dynamic simulation environments. Our study 
employed a simplified driving task to isolate secondary task perfor-
mance; however, testing the PSA system with real traffic conditions, 
varied road conditions, and longer-term daily driving would verify 
that the observed benefits (e.g., shorter glance durations and quicker 
selections) translate into genuine safety improvements. Such stud-
ies could also uncover potential unintended driver responses or 
failure modes, ensuring the adaptive system is robust under diverse 
conditions before it is integrated into production vehicles. 

We presented Time–Cost and state-adaptation design patterns as 
empirical examples that follow our co-designed guidelines, and we 
conducted a structural validation of the Time–Cost model. However, 
additional user-facing studies are still required. Beyond numeri-
cally validating the PSA model, such studies should evaluate the 
framework in more ecologically valid settings through the follow-
ing: (1) conducting predictive validation by testing whether the 
Time–Cost model accurately forecasts selection times on held-out 
participants and longer-term logs; (2) running user studies that 
compare the PSA framework against strong static baselines and 
against ablations (profile-only, state-only), assessing their effects on 
safety-relevant metrics such as eyes-off-road measures, selection 
time, and driving errors; and (3) deploying the system in naturalistic 
field settings to examine the durability of benefits, trigger reliability, 
and hysteresis configurations over multiple weeks. For the design 
suggestions specifically, deeper research should integrate computa-
tional visual saliency models to tune highlight strength, contrast, 
size, and timing under in-vehicle viewing constraints (peripheral 
detectability, crowding, luminance, and motion). Psychophysical 
tasks (e.g., peripheral detection under brief glances) can additionally 
calibrate model parameters to driver- and context-specific thresh-
olds, enabling a principled saliency budget that improves target 
detectability without introducing visual competition or glare. In ad-
dition, future work should incorporate multi-session, iterative, and 
reflective co-design engagements to revisit and refine the resulting 
concepts and sketches, as such follow-up discussions may surface 
insights that are unlikely to emerge within a single time-bounded 
session. 
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Future work should also extend the scope of state-based adap-
tation beyond the specific cognitive load paradigm used here. Our 
experiment induced high cognitive load via a mental arithmetic 
task; in practice, drivers may experience cognitive load due to fac-
tors like heavy traffic, pedestrians, emotional stress, fatigue, or 
multitasking (e.g., engaging in conversation) [9, 19, 77]. Investigat-
ing how the interface should adapt to these varying driver states is 
a logical progression. Advancing this line of work requires devel-
oping reliable real-time detection methods for different forms of 
driver strain, such as using eye-tracking measures, physiological 
signals, or driving performance indicators to trigger adaptation [60]. 
By broadening the types of driver state that the system can recog-
nize and respond to, the adaptive UI can be made more universally 
responsive to distraction and workload. 

Another important avenue is to explore driver acceptance and 
usability of adaptive interfaces over extended periods. Although our 
co-design emphasized minimizing disruption, drivers’ trust in and 
satisfaction with an adaptive interface should be empirically studied. 
Longitudinal user studies could examine how drivers acclimate to 
infrequent layout changes (for example, when their profile-based 
layout updates after a software revision or a period of use) and 
whether they find the real-time focus-mode helpful or intrusive. User 
feedback can guide how much transparency or manual control over 
adaptation is needed—for instance, some drivers might appreciate 
notifications explaining a layout change or options to customize 
the degree of adaptation. Ensuring that adaptation strategies are 
intuitive and desirable to end-users will be key to their successful 
adoption. 

Finally, the PSA framework can be expanded to encompass a 
wide range of interface modalities and design configurations. Future 
implementations might integrate multimodal feedback and controls, 
such as using auditory cues or haptic feedback [23, 24, 53, 69] in 
conjunction with visual changes to further reduce the need for 
visual attention. Additionally, our Time-Cost model and adaptation 
logic can be generalized beyond the specific grid layouts tested. 
More sophisticated algorithms could dynamically generate or adjust 
layouts for different screen sizes, numbers of functions, or even 
varying driving contexts (for example, simplifying the interface 
when the vehicle is in motion but restoring full functionality when 
stopped). Beyond conventional displays, an important direction 
is to investigate how PSA-style adaptation can be applied to in-
car extended reality environments, which have recently attracted 
growing research interest [37, 38, 57, 58, 117]. Another extension is 
to study how adaptive UIs interact with advanced driver-assistance 
or semi-autonomous systems; as vehicles take on more driving 
tasks, the role of human-machine interface adaptation may need 
to evolve (for instance, easing the transition of control between 
automated systems and the driver) [61, 62]. In summary, continued 
research should focus on validating the PSA approach in naturalistic 
conditions, enriching the adaptation triggers and modalities, and 
ensuring that the system remains user-centered. These efforts will 
help bring adaptive automotive interfaces from concept to a safe 
and effective reality. 

7 Conclusion 
Our study introduced a Profile-State Adaptive (PSA) framework for 
designing in-vehicle adaptive user interfaces that balances long-
term structural adaptations with short-term cosmetic adaptations. 
We employed a three-phase process and described how the PSA 
framework balances driver-specific behaviors with moment-to-
moment changes in cognitive demands. In the Observation phase, we 
quantified the impact of cognitive load on touchscreen interactions 
and gaze patterns, exploring how this impact is modulated by differ-
ent interface layouts. In the Co-design phase, experts converged on 
design guidelines for in-cabin adaptive user interfaces, accounting 
for adaptability-stability tradeoffs, separating long-term profile-
based adaptations from short-term state-based adaptations, and 
accounting for cross-cutting requirements. In the Proposal phase, 
we operationalized the PSA framework via a data-driven Time-Cost 
model that projects a driver’s target selection probability distribu-
tion onto empirical selection-time curves to identify ideal long-term 
layouts for different driver profiles, and a framework to select real-
time cosmetic adaptations that preserve layout characteristics while 
adjusting perceptual salience. Together, these components provide 
data-backed policies and tools that help guide how in-vehicle UIs 
should adapt both to people and their cognitive state, allowing a 
balance of both rich but safe interactions. 
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