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Abstract

Material and texture decisions in bionic machinery installation art often remain intuition-
dependent, limiting the reusability of empirical evidence for experience design. Building
on the biomimetic content logic in biomimetic design theory, this study proposes a targeted
framework—Texture Bionics—and operationalizes texture into four quantifiable perceptual
dimensions: transparency, hardness, roughness, and surface texture, forming a controllable
sample space of 12 plastic texture conditions. A case database encompassing 56 represen-
tative works (2000–present) was constructed to justify material selection; plastics were
chosen for their tunable properties and feasibility for parameterized modulation. In a
standardized viewing setup (≈500 lx illumination; 60 cm viewing distance), participants
viewed a dynamic biomimetic mechanical wing module with interchangeable textured
plastic surfaces. Subjective affect responses were captured using PAD ratings, and objective
attention was assessed via wearable eye-tracking technology. Repeated-measures analyses
showed robust main effects of texture on total fixation duration across all four dimensions,
and selective effects on time to first fixation (significant/marginal for transparency, rough-
ness, and surface texture but not hardness); pupillary response metrics provided no stable
discrimination. PAD mappings further revealed functional “role types” (e.g., Key driver,
Explore guide, Stable base), and a strong association between Arousal and inter-participant
variability in fixation distribution, suggesting that high-arousal textures act as strategy
amplifiers rather than uniformly increasing attention. Finally, findings were translated
into an actionable Texture Design Toolkit using a three-question workflow—function la-
bel → attention goal → differentiation risk—to support evidence-based orchestration of
installation narratives.

Keywords: bionic machinery installation art; texture; PAD; eye tracking; texture bionics;
design toolkit

1. Introduction
Against the backdrop of increasing convergence between interactive art and biomimetic

design, research methodologies in art and design are shifting from purely subjective inter-
pretation toward a coordinated framework that integrates self-reported experience with
objective physiological data. Systematic reviews indicate that physiological signals such
as EEG, electrodermal activity, and eye tracking can complement self-report measures by
enhancing temporal immediacy, capturing implicit reactions, and strengthening mechanis-
tic explanations—thereby enhancing interpretability and reproducibility [1]. At the same
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time, biologically inspired (biomimetic) design emphasizes interdisciplinary knowledge
transfer and testable design logic, offering methodological grounding for quantitative
modeling of the “material–perception–emotion” chain [2]. Recent large-sample evidence
further suggests that psychological representations of materials can be summarized into
a set of interpretable and replicable core material dimensions, facilitating cross-material
comparison and variable-based modeling [3].

Building on our earlier research trajectory around a “four-dimensional affective
model for bionic machinery installation art,” this study argues that, within installa-
tion experiences characterized by “mechanical vitality,” materiality is not only a car-
rier of visual and tactile information but may also function as a core interface for af-
fective arousal. In material–emotion research, variable modeling can be simplified into
two routes. The first route treats texture categories as design variables: texture classes
(e.g., wood/paper/glass/ceramic/textiles) are used as independent variables to compare
perceptual and evaluative structures. The visual system can rapidly and reliably distinguish
texture categories in natural images [4], and texture categories are systematically linked to
stable perceptual quality dimensions [5]. Texture–aesthetics research also supports a repro-
ducible, category-level semantic structure [6]. Cross-material roughness research further
shows that comparable perceptual relationships can be established across different texture
categories [7]. The second route treats texture attributes as parametrized variables: proper-
ties such as transparency/translucency, roughness, and surface texture are operationalized
as controllable parameters and manipulated via controlled stimuli to examine their effects
on material perception and experience. Translucency is both an optical property and a stable
perceptual phenomenon, making it suitable for variable-based modeling [8]. Texture cues
can reliably elicit affective responses that are detectable not only through explicit ratings
but also via implicit paradigms capturing automated emotional reactions [9]. Consumer-
psychology findings further suggest that visual roughness systematically shapes inferences
(e.g., durability/usability) and preference, indicating that low-level surface features can be
“lifted” into higher-level meaning judgments [10].

Although these two routes are supported by substantial evidence, most prior work
focuses on static materials or static surfaces. To address the problem that material/texture
design in installation-art contexts can overly rely on intuition and lacks reusable empirical
evidence chains, this study proposes a cross-disciplinary approach: using plastics as the
base material, we will construct controllable samples around transparency, roughness, and
surface texture; at the subjective level, we will adopt PAD (Pleasure–Arousal–Dominance) to
structure affective responses [11]; and at the objective level, we will introduce eye-tracking
indicators to characterize attentional allocation and information processing patterns [12].
The ultimate goal is to consolidate a “material/texture design toolkit” for biomimetic
installation creation, enhancing the interpretability and transferability of material selection
and texture modulation strategies.

2. Theoretical Foundations
2.1. Developing a Theoretical Model for Texture Research in Bionic Machinery Installation Art

Bionic machinery, installation art, and biomimetic design share a strong methodologi-
cal isomorphism. Both typically follow a comparable pathway: biological prototype identi-
fication → mechanism abstraction → translation into form/structure/behavior → iterative
prototyping and evaluation. Specifically, biomimetic design emphasizes extracting transfer-
able structural and behavioral principles from biological systems and transforming them
into implementable design strategies. Likewise, bionic machinery installation art draws on
biological prototypes and realizes biomimetic expression through mechanical structures,
kinetic behaviors, and material–surface properties. The key distinction lies in its primary
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objectives: rather than prioritizing utilitarian performance, bionic machinery installation art
foregrounds viewer experience and affective elicitation (i.e., aesthetic–interactive–emotional
functions) and often relies on audience responses and behavioral data as major evaluative
evidence. On this basis, the present study adopts biomimetic design theory as a founda-
tional model to develop a theoretical framework for bionic machinery installation art.

In operationalizing this framework, the study follows the classification logic of
Biomimetic content presented in Generality of Bio-inspired Design [13] and translates texture-
related factors into four measurable perceptual dimensions: Transparency (opacity, translu-
cence, transparent), Hardness (hard, soft), Roughness (smooth, moderately rough, ex-
tremely rough), and Surface texture (no texture, pointed texture, linear texture, planar
texture). Building on these dimensions, and to further foreground the role of texture
in biomimetic expression, this paper proposes a more targeted framework termed “Tex-
ture Bionics” (Figure 1). The model not only provides a refined, structured account of
texture-based biomimicry but also establishes clear dimensional boundaries and measur-
able constructs that support subsequent experimental design and effectiveness evaluation,
thereby strengthening both interpretability and reproducibility.

Figure 1. Texture Bionics model and operational perceptual dimensions.

2.2. The PAD Emotion Scale

The Pleasure–Arousal–Dominance (PAD) model (Figure 2) is a self-report framework
for affect assessment grounded in psychological responses, comprising three relatively
independent dimensions: Pleasure, Arousal, and Dominance. This three-dimensional
structure was initially introduced to represent the emotional impact of environmental stim-
uli and was later formalized into an operational measurement system with standardized
scales [11,14]. In the Chinese context, the reliability and validity of an abbreviated Chinese
PAD scale were examined and reported in an English-language international conference
proceeding, providing psychometric evidence to support cross-cultural and cross-linguistic
use [15]. This study uses the scale and semantic differential method to collect emotion data.
It then combines subjective ratings with eye-tracking measures to improve the validity of
the emotion analysis and the reliability of the results.
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Figure 2. The Pleasure–Arousal–Dominance (PAD) scale.

2.3. Eye-Tracking Technology and Tobii Pro Glasses 3

Most contemporary eye-tracking systems rely on the pupil center–corneal reflection
(PCCR) principle, using near-infrared illumination to detect the pupil center and corneal
“glints” and estimate gaze direction and point of regard [16]. Wearable eye trackers are
particularly suitable for naturalistic research because they can capture gaze behavior during
free walking, head turns, and object interaction. For example, Tobii Pro Glasses 3 (Tobii
AB, Danderyd, Sweden) provide binocular tracking (50/100 Hz) with one-point evaluation
or automatic calibration, record Full-HD scene video (1920 × 1080@25 fps) with a wide
field of view (≈95◦ horizontal, 63◦ vertical; 106◦ diagonal), and support synchronization
for multimodal recordings [17].

In analysis, eye-tracking studies commonly define areas of interest (AOIs) and compute
metrics such as time to first fixation, total fixation duration, fixation count, and transition
patterns between AOIs, complemented by visualizations (e.g., heatmaps and scanpaths).
Empirical evidence shows that mobile eye tracking can reveal attentional organization in
aesthetic processing [18] and, in gallery-like settings, can be integrated with movement
trajectories and self-reports to demonstrate links between movement dynamics and art
experience [19]. Eye-movement features have also been used to identify individual differ-
ences in learning styles and information-processing preferences [20]. However, eye tracking
remains comparatively underutilized for mechanism-oriented questions in installation-art
research, particularly for explaining visual texture–emotion relationships. Accordingly,
this study integrates eye tracking as an objective measure of attention and information
processing within a coordinated subjective–objective framework to enable more testable
and reusable modeling of texture–emotion mappings.

3. Material Selection and Construction of a Texture Space for Bionic
Machinery Installation Art
3.1. Defining the Case Sample and Selecting Plastic as the Target Material

This study examines the texture-driven affective empowerment of bionic machinery
installation art, asking how materiality can trigger emotional responses between viewers
and artworks and evoke quasi-lifelike perception. To structure the inquiry, we built a
case database covering works from 2000 to the present, drawing on major international
art institutions and professional literature. Works were included only if they (a) were
biomimetic at their core, (b) involved mechanical motion, (c) took an installation form,
and (d) had complete and verifiable documentation. Highly anthropomorphic forms were
excluded to reduce potential confounds from the uncanny valley. After removing highly
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similar serial works by the same artist, 56 representative cases were retained for analysis
(Figure 3).

 

Figure 3. Case Sample Construction and Texture–Material Selection for Bionic Machinery
Installation Art.

Material statistics across the 56 cases show that plastics and metals dominate and are
frequently used in combination. However, metal offers limited leverage for manipulating
physical transparency as a texture variable, whereas plastics—covering resin, PLA, PVC,
optical fiber, and fiberglass—provide broader tunability and formability in texture expres-
sion. Considering prevalence in the sample set, morphological malleability, and feasibility
for parameter quantification, this study selects plastic as the core material for subsequent
experiments; other materials are excluded from fine-grained modeling at this stage.

3.2. Fabrication of the Experimental Samples

This study focuses on texture expression in bionic machinery installation art and
highlights that its aesthetic effects change dynamically during mechanical motion. To
systematically test how different texture dimensions shape affective perception, we adopt a
modular experimental design. First, we build a unified dynamic mechanical skeleton as the
base platform and select a wing—commonly used in biomimetic creation—as the baseline
biomimetic form. We then mount plastic surface samples with different textures onto the
same skeleton, enabling a controlled comparison under the logic of “the same dynamic
structure, different texture properties.”
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Because plastic is the core material of this study, all samples can be fabricated via 3D
printing. This approach supports rapid iteration and accommodates multiple representative
plastics (e.g., PLA, ABS, PETG), which differ markedly in physical properties and surface
(tactile–visual) texture qualities. These differences facilitate the operationalization of the
four dimensions specified in the Texture Bionics Model: transparency (opacity, translucence,
transparency), roughness (smooth, moderately rough, extremely rough), hardness (hard,
soft), and surface texture (no texture, pointed texture, linear texture, planar texture). Ac-
cordingly, we designed 12 representative plastic texture samples and organized them into
four sets of control conditions. The figure below visualizes this “sample space,” (Figure 4)
which will be used for data collection and analysis in the subsequent affective experiments.
It should be noted that these 12 samples were not intended to constitute a fully crossed
factorial design across the four texture dimensions; rather, they were organized as within-
subject comparison conditions around each of the four dimensions. This dimension-wise
decomposition strategy was adopted to enable clearer comparisons between different levels
within each dimension and their relationships with affective and attentional responses,
while maintaining a unified dynamic mechanical structure, standardized viewing condi-
tions, and a consistent material family. It also provides a more interpretable empirical basis
for subsequent typological abstraction and toolkit-based design translation.

 

Figure 4. Sample space of the 12 representative plastic texture samples used in the Texture Bionics
experiment.

In addition, the construction of the four sample sets was not independently or arbi-
trarily defined but followed a shared baseline logic: a regularized surface corresponding to
“opaque, hard, smooth, and texture-free” was used as a low-stimulation reference condition,
from which each texture dimension was varied in a single direction. The repeated inclusion
of this baseline condition across different dimensional sets was not a simple duplication but
was intended to ensure that ratings and eye-movement responses within each dimension
were anchored to the same reference point. This made it possible to compare differences
between levels relative to the baseline condition more robustly, while also improving the
comparability and interpretive consistency of results across dimensions.

To ensure participants’ attention and immersion in texture perception while minimiz-
ing external interference, we further developed a compact observation setup: the Affective
Material Interaction Chamber. Built as a light-box structure with controllable illumina-
tion, the chamber standardizes viewing distance and angle so that participants observe
the stimuli from the same vantage point. This enables more precise capture of affective
responses under single-variable conditions. The setup offers the combined advantages of
immersion, standardization, and cost control, making it suitable for repeated deployment
and future extension.
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3.3. An Experimental Study of Affective Responses to Plastic Material Qualities

This chapter reports a controlled experiment designed to examine how different plastic
material/texture dimensions shape viewers’ affective responses. Based on the “Texture
Bionics” model established in Chapter 2 and a set of 12 representative plastic samples, we
collected eye-tracking measures and PAD self-reports in a standardized viewing environ-
ment (the Affective Material Interaction Chamber). A coordinated subjective–objective
analysis was then conducted to test the proposed texture–emotion mapping (Figure 5).

Figure 5. Empirical Research Pathway for Affective Responses to Plastic Texture Qualities.

3.3.1. Hypotheses

Focusing on four dimensions—transparency (opacity, translucence, transparency),
roughness (smooth, moderately rough, extremely rough), hardness (hard, soft), and surface
texture (no texture, pointed texture, linear texture, planar texture)—we propose:

H1: Texture properties will elicit distinct eye-movement patterns, yielding systematic differences in
metrics such as total fixation duration and time to first fixation; pupil diameter will be explored as
an auxiliary index.

H2: Different levels of each texture dimension will produce significantly different PAD ratings.

H3: Eye-tracking metrics will correlate with PAD ratings, and selected gaze features will predict
Pleasure, Arousal, and Dominance, providing objective evidence for affective texture design.

To test these hypotheses, the experiment followed the pipeline of texture samples
→ dynamic presentation → eye tracking → PAD ratings → statistical analysis, enabling
within-subject comparisons across conditions and correlation-based analyses between
subjective and objective measures.

3.3.2. Experimental Design and Procedure

(1) Participants
Thirty participants completed the PAD ratings (N = 30). After eye-tracking quality

control (e.g., unsuccessful calibration/validation or substantial data loss), 26 valid eye-
tracking recordings were retained (N = 26). Participants were 20–32 years old (M = 24.3,
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SD = 2.8), had normal or corrected-to-normal vision, and reported no severe visual impair-
ment or neurological disease. To consider potential expertise effects, 18 participants had an
art/design-related background, and 12 participants came from engineering/science and
other disciplines. All participants provided informed consent and were free to withdraw at
any time.

(2) Apparatus and Stimuli
The experiment was conducted in the Affective Material Interaction Chamber devel-

oped in the previous section. The chamber was equipped with a controllable constant–
color–temperature light source, and illuminance was maintained at approximately 500 lx to
minimize the influence of ambient-light fluctuations on texture perception. The viewing
distance between the observation window and the stimulus was fixed at 60 cm. Participants
viewed a biomimetic mechanical wing module mounted with plastic surfaces of different
texture properties through the front observation window. The stimuli consisted of the
12 representative plastic texture samples established in Chapter 2. Eye movements were
recorded using Tobii Pro Glasses 3.

(3) Task and Procedure
Participants performed a “watch-and-rate” task, viewing dynamic wing-texture pre-

sentations and providing affect ratings.

• Briefing and practice: One to two practice trials to familiarize participants with the
task and the PAD scale.

• Calibration and validation: One-point calibration/validation per the device; recalibra-
tion if needed; recordings failing validation were excluded from eye-tracking analyses.

• Main experiment: A 1 s fixation cue preceded each set; each sample was viewed for
10 s (e.g., four samples = 40 s; two samples = 20 s), with continuous eye tracking; PAD
ratings (five-point) were completed immediately after each set.

• Randomization and breaks: The four condition sets were presented in random order;
within-set order was randomized; short breaks were provided between sets. Total
duration was approximately 12 min.

3.3.3. Eye-Tracking Experiment

(1) Eye-Tracking Measures and Extraction
To characterize viewers’ visual attention and processing under different texture con-

ditions, the following eye-tracking measures were extracted from Tobii Pro Lab using
AOI-based and event-based exports:

• Total Fixation Duration in AOI (TFD): This metric reflects sustained attention to a
given AOI. For each participant and condition, it was computed as the sum of all
fixation durations falling within that AOI. AOI-level summaries were computed only
when at least one valid fixation occurred within the AOI.

• Time to First Fixation in AOI (TTFF): TTFF captures the speed of initial orienting to
an AOI. For each AOI, it was computed as the time interval, expressed in ms, from
the onset of the current TOI (or stimulus presentation) to the first valid fixation within
that AOI.

• Mean Pupil Diameter (event-based): Using Tobii Pro Lab’s event-level export, pupil-
diameter samples associated with valid fixation events were aggregated under each
texture condition, and the condition-level mean pupil diameter was calculated. The
pupil metric reported in this study is the raw mean value, expressed in mm; the
sample standard deviation (n−1) is also reported to describe variability at the inter-
individual and/or event level under each condition. Given that pupil changes are
easily influenced by individual baseline differences and momentary states, pupil
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diameter is treated here as a supplementary physiological indicator rather than a
primary basis for interpretation.

• Heatmaps: Heatmaps were generated to visualize gaze distribution and attention
concentration under each texture condition. Higher intensity indicates greater
visual attention.

(2) Eye-Tracking Data Preprocessing
Eye-tracking preprocessing consisted of the following steps:
Removal of invalid data: Segments with signal loss due to blinking or head movements

were excluded. Trials were marked as invalid if continuous data loss exceeded 200 ms. If,
for any participant, the proportion of valid data in any stimulus condition was less than
70% of the total duration, the participant was excluded from eye-tracking analyses.

Definition of Areas of Interest (AOIs): AOIs were defined according to the tested
variable set in each condition. For example, in the transparency condition, AOIs were
delineated as opacity, translucence, and transparency regions to compare viewing behavior
across transparency levels.

Time-window specification: The 10 s stimulus presentation for each trial was used as
the analysis window, and all eye-tracking metrics were computed within this window.

(3) Statistical Analysis and Results
This study employed within-subject repeated-measures ANOVA (RM-ANOVA) to

examine differences in eye-tracking measures across levels within each texture dimen-
sion [21]. In each analysis, the levels of a given texture dimension served as within-subject
factors, and the dependent variables included total fixation duration (TFD), time to first
fixation (TTFF), and pupil-related indices. These metrics are commonly used to characterize
visual attention allocation and processing dynamics [22–24]. TTFF is often treated as an
index of early attentional capture [25], whereas pupil-related measures are typically asso-
ciated with cognitive load and autonomic arousal, although their interpretation requires
caution [26–28].

The RM-ANOVA test statistic was calculated as:

F =
MSeffect
MSerror

(1)

where:
MSeffect =

SSeffect
d feffect

(2)

MSerror =
SSerror

d ferror
(3)

The significance level was set at α = 0.05. Where appropriate, sphericity was assessed with
Mauchly’s test, and Greenhouse–Geisser or Huynh–Feldt corrections were applied when
necessary [21].

Effect sizes were reported as partial eta squared (η2
p) [29,30]:

η2
p =

SSeffect
SSeffect + SSerror

(4)

Because partial η2 may be design-dependent in repeated-measures contexts, its interpreta-
tion was made with caution [31]. Significance levels were reported using standard notation:
p < 0.05, p < 0.01, and p < 0.001, with non-significant results labeled as ns.

This study conducted separate within-subject repeated-measures ANOVAs (RM-
ANOVAs) for each of the four texture dimensions (transparency, hardness, roughness,
and surface texture) to examine differences in eye-tracking measures across levels within
each dimension. Because the statistical inference in this study focuses on within-dimension
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comparisons rather than on a unified cross-dimensional model estimation, the correspond-
ing results are reported primarily as dimension-specific comparative evidence. Given that
multiple texture dimensions and multiple eye-tracking measures were examined simultane-
ously, marginally significant results are interpreted with caution in the following sections,
and no overly strong inferences are made. Table 1 summarizes the RM-ANOVA results
for Total Fixation Duration in AOI (TFD, s), Time to First Fixation in AOI (TTFF, ms), and
Mean Pupil Diameter (event-based, mm) across the four texture dimensions, while Figure 6
provides a visual summary of the corresponding mean patterns and representative gaze
heatmaps. In terms of significance patterns, total fixation duration showed stable and strong
main effects for all four dimensions (all p < 0.05, with partial η2

p in the medium-to-large
range), indicating that texture cues robustly modulate sustained visual engagement during
viewing. TTFF was significant (or highly significant) for transparency, roughness, and
surface texture, but not for hardness (p ≥ 0.05), suggesting that early attentional capture is
more sensitive to visually discriminable structural cues (e.g., transparency and roughness)
than to hardness differences—the latter rely more on tactile associations and are therefore
less salient in purely visual viewing. In contrast, the pupil measure did not show significant
main effects in any of the four dimensions (all ns), implying that under the current task
and stimulus settings, pupil responses did not provide stable physiological evidence for
differentiating texture conditions. Accordingly, subsequent discussion focuses primarily
on indicators with clearer significance and effect sizes—especially total fixation duration
and TTFF where significant—to interpret and compare viewing strategies across texture
levels. The condition-level descriptive means for TFD, TTFF, and mean pupil diameter are
presented in Table 2.

 

Figure 6. The three panels on the left (from top to bottom) show Total Fixation Duration (TFD, s),
Time to First Fixation (TTFF, ms), and Mean Pupil Diameter (event-based, mm). The four panels on
the right (from top to bottom) present gaze heatmaps for Transparency, Hardness, Roughness, and
Surface texture.
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Table 1. Within-Subject RM-ANOVA Results and F-Tests.

Dependent
Variable

Within-
Subject Factor Level F df1 df2 p ηp2 Significant

(α = 0.05) Significance

Total Fixation
Duration in

AOI (s)
Transparency Ppacity, translucence,

transparency 18.10 2 48 0.0000013844352858161355 0.4299848996 Highly
significant p < 0.001

Hardness Hard, soft 18.07 1 25 0.0002592477 0.4196011077 Highly
significant p < 0.001

Roughness Extremely rough,
moderately rough, smooth 27.43 2 50 0.0000000091155998564 0.5231394338 Highly

significant p < 0.001

Surface texture
Linear texture, planar

texture, pointed texture,
no texture

24.92 3 60 0.00000000013574455641 0.5547274222 Highly
significant p < 0.001

Time to First
Fixation in
AOI (ms)

Transparency Opacity, translucence,
transparency 3.56 2 48 0.0360312628 0.1293138321 Marginally

significant p < 0.05

Hardness Hard, soft 2.38 1 25 0.1357248627 0.0868132757 Not significant ns (p ≥ 0.05)

Roughness Extremely rough,
moderately rough, smooth 6.21 2 48 0.0039869467 0.2056229571 Moderately

significant p < 0.01

Surface texture
Linear texture, planar

texture, pointed texture,
no texture

8.42 3 60 0.0000931877459 0.2963170135 Highly
significant p < 0.001

Mean Pupil
Diameter

(event-based,
mm)

Transparency Opacity, translucence,
transparency 1.29 2 48 0.284086626 0.051085427 Not significant ns p ≥ 0.05)

Hardness Hard, soft 0.26 1 22 0.612206498 0.011877687 Not significant ns (p ≥ 0.05)

Roughness Extremely rough,
moderately rough, smooth 1.04 2 48 0.362142995 0.041438452 Not significant ns (p ≥ 0.05)

Surface texture
Linear texture, planar

texture, pointed texture,
no texture

0.40 3 54 0.755410826 0.02159953 Not significant ns (p ≥ 0.05)

https://doi.org/10.3390/app16083740

https://doi.org/10.3390/app16083740


Appl. Sci. 2026, 16, 3740 12 of 25

Table 2. Comparison of within-condition means for each texture set.

Mean Opacity Translucence Transparency Hard Soft Smooth Moderately
Rough

Extremely
Rough

Without
Texture

Pointed
Texture

Linear
Texture

Planar
Texture

Tot Fixation
dur in AOI

(s)
4.60 10.29 6.30 5.48 10.22 3.68 10.58 6.52 2.41 9.41 8.13 6.36

Time to first
Fixation in
AOI (ms)

21.34 20.52 22.42 162.97 162.13 236.06 237.62 241.69 320.20 315.75 318.67 322.03

Pupil
Diameter

(event-
based, mm)

3.696432212 3.729480441 3.712395937 3.699270908 3.756091067 3.597979933 3.668566965 3.615245674 3.588724888 3.636941804 3.62297702 3.668674209
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3.4. Subjective Experiment Using the PAD Scale
3.4.1. Scale Design and Procedure

This study employed a bio-mechanical-device-art-contextualized version of the
Pleasure–Arousal–Dominance (PAD) framework to measure participants’ immediate sub-
jective emotional experience under each texture condition. PAD conceptualizes affective
experience along three bipolar dimensions—Pleasure (P), Arousal (A), and Dominance
(D)—and has been established in foundational emotion research and widely applied in
studies of affective quality attributed to environments [11,32,33]. A five-point semantic
differential scale (−2, −1, 0, +1, +2) was used, allowing raters to score each texture sep-
arately on P, A, and D. Semantic differential scaling is a classic approach for capturing
bipolar connotative judgments, and methodological considerations in semantic differential
research have been discussed in the psychometric literature [34]. After data collection, the
mean scores of P, A, and D were computed for each item, determining its coordinate in the
three-dimensional PAD space and providing a basis for subsequent analyses [11,33].

To evaluate inter-rater agreement of the aggregated (mean) PAD ratings across 30 par-
ticipants for the 12 samples (subsequent analyses used participant-level means), the intra-
class correlation coefficient ICC (A,k) (two-way random-effects model, absolute agreement,
average measures) was computed separately for P, A, and D. This specification is consistent
with classic ICC formulations and guidance emphasizing clear reporting of the ICC model,
type (absolute agreement vs. consistency), and unit (single vs. average measures) [35,36].
Let n denote the number of rated objects (samples, n = 12) and k the number of raters (partic-
ipants, k = 30). Based on a two-way ANOVA, let MSR, MSC, and MSE represent the mean
squares for rows (targets/samples), columns (raters), and residual error, respectively. Then:

ICC(A, k) =
MSR − MSE

MSR + MSC−MSE
n

(5)

Values of ICC (A,k) closer to 1 indicate higher agreement of the aggregated mean ratings [36].
The results in this study were:

• P dimension: ICC(A, k) = 0.754
• A dimension: ICC(A, k) = 0.737
• D dimension: ICC(A, k) = 0.721

Using commonly cited interpretive guidelines, these coefficients indicate adequate
reliability of the aggregated mean PAD ratings, supporting subsequent sample-wise com-
parisons and correlation analyses based on mean scores [37].

3.4.2. Emotional “Roles” of Different Textures in the PAD Space

Based on the visualization (Figure 7), most texture conditions show positive Pleasure
(P > 0), suggesting that viewers tend to adopt an affective baseline of approach/acceptance
toward the material presentation of bionic machinery installation art. By contrast, Arousal
(A) and Dominance (D) diverge substantially across conditions, resulting in distinct func-
tional tiers of experience. First, translucence and moderately rough surfaces form a strong
driver profile characterized by high pleasure–high arousal (both P and A are high) and are
therefore more likely to support emotional momentum in the installation narrative. Second,
no texture and translucence yield higher dominance (D 1.00), corresponding to a stronger
sense of being understandable, graspable, and controllable. Third, soft and extremely rough
conditions produce negative dominance (D < 0), indicating a greater tendency to evoke
feelings of being driven/pulled, uncertainty, or oppression, which is suitable for generating
tension or alienation.
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Figure 7. PAD-space distribution of 12 texture conditions in bionic machinery installation art (n = 30).
Each point represents the mean score of a texture condition on P (pleasure), A (arousal), and D
(dominance) on a −2 to +2 scale.

(1) Transparency: A clear affective gradient, the transparency set exhibits a coherent
emotional gradient. Opacity (P = 0.53, A, D) provides a stable, low-stimulation positive
baseline and can be interpreted as a stable base layer in the installation experience, estab-
lishing a safe and accessible starting point for viewing. Transparency (P = 0.83, A = 0.57,
D = 0.47) maintains high pleasure while increasing arousal and controllability, indicating
stronger exploration induction; it can be treated as an exploration window, facilitating the
transition from passive looking to active observation and meaning construction. Translu-
cence (P = 0.87, A = 1.07, D = 1.00) reaches high values on all three dimensions and expresses
a composite affective state of being positive, excited, and confident. It is therefore best
positioned as an energy-core component of the installation: it captures attention while
sustaining viewers’ sense of control over interaction outcomes, thereby advancing the
experience emotionally.

(2) Hardness: Structural support vs. sensitive trigger; hard material (P = 0.73, A = 0.27,
D = 0.30) shows moderately high pleasure, low-to-moderate arousal, and positive dom-
inance, pointing to a more stable and predictable experience. This profile aligns with a
structural support role in bionic-mechanical imagery—reinforcing perceived mechanical
reliability and dampening emotional volatility. In contrast, soft material exhibits a distinc-
tive high-arousal but low-control configuration (A = 1.10, D = −0.23), with pleasure near
neutral and slightly negative (P = −0.07). This suggests that softness functions more like
a mechanism that triggers excitability and sensitivity, accompanied by uncertainty and
a sense of being pulled. It can therefore be framed as a sensitive trigger role within the
installation experience, suited to areas intended to evoke tension, strangeness, or biologi-
cal associations (e.g., tentacle-like forms, membrane structures, deformable components),
producing an affective quality that feels alive yet not fully controllable.

(3) Roughness: Comfort, pleasurable interaction, and warning boundaries; a smooth
surface (P = 0.63, A = 0.00, D = 0.13) conveys comfort with low stimulation and can serve
as an affinitive skin, reducing perceptual friction and maintaining viewing continuity.
Moderately rough achieves the highest pleasure in the dataset (P = 1.10) and is accompanied
by higher arousal and positive dominance ((A = 0.70, D = 0.43)), indicating that it most
strongly elicits an experience of wanting to approach and being willing to engage. It
can thus be defined as a pleasurable interactive interface, appropriate for key interaction
zones or visual focal areas in bionic machinery installations. By contrast, extremely rough
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forms a combination of moderate arousal but negative dominance (A = 0.37, D = −0.47)
with pleasure near zero (P = 0.00), resembling a warning boundary/challenging shell: it
increases alertness and tension while reducing control, and is well suited for narrative
conflict, danger cues, or the construction of alienated exteriors.

(4) Surface texture: Strongest stratification in dominance; among all dimensions,
surface texture produces the most pronounced stratification in dominance (D). No texture
yields low arousal but high dominance (A = −0.10, D = 0.90), corresponding to strong
orderliness and graspability; it can be treated as a control interface (e.g., dashboard-like,
panel-like, or otherwise readable mechanical surfaces), whose affective function is not
stimulation but the establishment of understanding and control. Pointed texture shows the
lowest pleasure overall (P = −0.30), with mild arousal (A = 0.33) and dominance near zero
(D). It therefore aligns more closely with a noise accent/discomfort-stimulation role: its
value lies less in being pleasant and more in producing a sense of foreignness or instability,
useful for localized physiological intensification or contrast in conflict. Linear texture
(P = 0.63, A = 0.50, D = −0.10) reflects moderate excitement with slight loss of control and
can be interpreted as a motion-trajectory/directional guide role, using directional cues to
evoke movement and tension. Planar texture (P = 0.83, A = 0.40, D) leans toward a spatially
expansive positive experience and can serve a field-laying role, supporting continuous
atmosphere and spatial enveloping.

Taken together, these patterns support Hypothesis H2: different levels of texture
properties—transparency, roughness, hardness, and surface texture—produce significantly
different subjective PAD ratings.

3.5. Association Between Eye-Tracking Measures and PAD Affect: Analysis and Discussion
3.5.1. Pearson Correlation Between Subjective and Objective Measures

To test H3, we computed Pearson correlation coefficients (r) at the texture-condition
level across 12 conditions—corresponding to the complete Texture Bionics sample space:
Transparency: opacity, translucence, transparency; Hardenss: hard, soft; Roughness:
smooth, moderately rough, extremely rough; Surface texture: no texture, pointed tex-
ture, linear texture, planar texture.

For each condition, the mean eye-tracking measures were related to the mean PAD
ratings (Pleasure, Arousal, Dominance). Subsequently, multiple linear regression models
were constructed to examine the joint predictive contribution of the PAD dimensions to the
eye-tracking responses.

Pearson’s r quantifies the linear association between two continuous variables, ranging
from −1 to +1. A value of r > 0 indicates a positive association, r < 0 indicates a negative
association, and a larger |r| indicates a stronger linear relationship [38]. The coefficient is
calculated as:

r = ∑n
i=1(Xi − X̄)(Yi − Ȳ)√[

∑n
i=1(Xi − X̄)

2
][

∑n
i=1(Yi − Ȳ)2

] (6)

The significance of r was tested using a t-test:

t = r
√

n − 2
1 − r2 , d f = n − 2 (7)

Consistent with the preceding within-subject RM-ANOVA results, the pupil measure
did not show significant main effects across any of the four texture dimensions (p ≥ 0.05).
This suggests its limited discriminability and insufficient signal stability for distinguishing
between texture conditions. Consequently, pupil diameter was retained as a supplementary
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descriptive variable but was excluded as a primary component in the H3 correlation-based
explanatory chain to avoid over-interpreting unstable evidence [26].

Using the 12 texture conditions as observational units, Pearson correlations (r, two-
tailed, α = 0.05) were computed between the condition-level mean PAD scores (P, A, D) and
the dispersion (standard deviation, SD, n − 1) of the two primary eye-tracking measures.
The results of the Pearson correlation analysis between PAD scores and eye-tracking
measures are presented in Table 3 and discussed in the following section.

Table 3. Pearson correlation analysis between PAD scores and eye-tracking measures.

PAD TFD (SD, n − 1) TTFF (SD, n − 1)

P r = 0.0040, p = 0.990038639042939,
ns (p ≥ 0.05)

r = −0.2566, p = 0.420765049298679,
ns (p ≥ 0.05)

A
r = 0.9582, p =

0.000000936514939782198,
(p < 0.001)

r = −0.1040, p = 0.747722185308904,
ns (p ≥ 0.05)

D r = −0.0932, p = 0.773251561008884,
ns (p ≥ 0.05)

r = −0.4531, p = 0.13904344650126,
ns (p ≥ 0.05)

Note. All eye-tracking measures in this table are condition-level dispersion indices SD(n − 1). Accordingly, the
correlations indicate whether texture conditions with higher/lower PAD ratings are more likely to elicit more
differentiated or more consistent eye-tracking responses across participants.

The correlation analysis revealed an extremely strong positive association between
Arousal (A) and Total Fixation Duration in AOI (TFD) SDn−1 (r = 0.9582, p < 0.001). This
indicates that, at the texture-condition level, conditions with higher A are associated with
larger between-participant differences in total fixation duration. From a visual-behavior
perspective, increased dispersion typically implies two plausible mechanisms: (1) highly
arousing textures may prompt divergent attentional strategies across individuals (e.g.,
rapid scanning vs. prolonged dwelling), and/or (2) highly arousing textures may elicit
more frequent re-checking/return-looking, substantially extending fixation time for some
participants and thereby widening within-condition variability. With respect to H3, this
result provides clear evidence that Arousal is the affective dimension most consistently
aligned with variation in fixation investment.

In contrast, Pleasure (P) and Dominance (D) showed no significant correlation with
TFD SDn−1 (P : r ≈ 0, p ≈ 0.99; D : r = −0.0932, p ≈ 0.77), suggesting that—at the condi-
tion level—P and D do not reliably account for the amplification or reduction of between-
participant differences in total fixation duration. Notably, the near-zero r for P indicates
essentially no interpretable linear covariation with this measure.

For Time to First Fixation in AOI (TTFF) SDn−1, none of the correlations with PAD
reached significance (p ≥ 0.05); however, the directions and magnitudes suggest trend-
level patterns: P showed a weak negative association (r = −0.2566), A was near zero
(r = −0.1040), and D showed a moderate negative trend (r = −0.4531). Although not
significant with the current sample size (n = 12 conditions), this direction tentatively
suggests that texture conditions associated with stronger perceived control/dominance may
yield more consistent first-orienting latencies (i.e., smaller between-participant variability).
This interpretation should be treated as trend-level rather than definitive; accordingly, H3
is partially supported.

3.5.2. Integrated Discussion of the “Texture–Visual Attention–Affect” Pathway

Synthesizing the results from Sections 3.3–3.5, the proposed “texture–visual attention–
affect” pathway should not be understood as a single linear chain. Rather, it resembles a
multi-layer mechanism in which texture cues initiate processing, attention allocation and
appraisal/meaning construction jointly shape interpretation, and differentiated experiences
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ultimately emerge in the PAD space (Figure 8). In this study, eye-tracking indices were
analyzed within an 8 s presentation window, and AOIs were defined according to each
texture dimension, providing operational behavioral evidence for this pathway.

Figure 8. Integrated pathway analysis of “texture–visual attention–affect”.

(1) Texture cues stably modulate sustained fixation investment: stronger structural
contrast increases processing intensity

RM-ANOVA showed that Total Fixation Duration exhibited strong and robust main
effects across all four texture dimensions—TRANSPARENCY, HARDNESS, ROUGHNESS,
and SURFACE TEXTURE—with medium-to-large effect sizes (e.g., transparency F = 18.10,
hardness F = 18.07, roughness F = 27.43, surface texture F = 24.92; all p < 0.001).
This indicates that texture cues reliably shift the level of sustained processing during
viewing—namely, whether viewers remain longer within an AOI and allocate more visual
resources. Consistent with the mean patterns, translucence, softness, moderately rough
surfaces, and pointed/linear textures tended to elicit higher fixation investment, whereas no
texture, opacity, and smooth surfaces aligned more closely with a low-load/low-stimulation
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viewing strategy. Mechanistically, this pattern suggests that when surfaces present richer
layers, boundaries, and structural differences, viewers engage in more intensive cycles of
visual sampling → confirmation → integration, resulting in greater accumulated fixation
time. Conversely, when surfaces are highly regular or low in information density, the visual
system can complete recognition more quickly and shift to the next processing target.

(2) TTFF reflects selective sensitivity in early attentional capture: visually discriminable
structure dominates, tactile-associative cues are weaker

Time to First Fixation showed significant (or stronger) effects for TRANSPARENCY,
ROUGHNESS, and SURFACE TEXTURE, but not for HARDNESS. This pattern implies
that early orienting is primarily driven by first-glance visual salience and structural
separability—for example, directional organization in texture, granular roughness cues,
and the depth/occlusion relations introduced by transparency. By contrast, hardness is
more strongly tied to tactile experience or contextual inference and therefore exerts weaker
influence on “where the first fixation lands” in purely visual viewing. In this sense, the
attentional stage exhibits a two-phase structure: TTFF functions as an entry mechanism
indicating which cues capture attention first, whereas total fixation duration reflects an
investment mechanism indicating whether viewers continue processing. Together, they
form a behavioral loop of attention capture → attention maintenance.

(3) Pupil diameter did not provide stable physiological differentiation: arousal signals
may be masked by context and individual baselines.

Pupil diameter showed no significant main effects across the four texture dimensions
(all p ≥ 0.05). Accordingly, in the explanatory chain for H3, pupil measures were treated
as supplementary descriptors rather than primary evidence, avoiding core inferences
based on signals with limited stability. Importantly, this does not imply the absence of
arousal. Rather, under the current stimulus intensity, task demands, and experimental
controls, pupil responses may have been more strongly influenced by individual baselines
and moment-to-moment attentional fluctuations, making them insufficiently sensitive to
discriminate texture conditions.

(4) Functional role differentiation in the affective layer: PAD patterns reflect hierarchi-
cal experience functions rather than simple “more vs. less”

The PAD results indicate that texture conditions can be organized into functional
affective roles such as: translucence/moderately rough as Key driver, transparency/planar
texture as Explore guide, opacity/smooth as Stable base, no texture as Control panel,
extremely rough/soft as Warning zone, and pointed texture as Noise accent. This structure
is crucial for integrating the pathway: it implies that affect is not merely a passive reaction to
material cues but is naturally coupled with the functional “site roles” within an installation
narrative. Consequently, the same attentional behavior (e.g., prolonged fixation) may
carry different meanings under different affective roles—signaling either approach and
exploration or uncertainty and repeated checking. Building on this, we further summarize
PAD patterns across texture conditions into these functional roles within the PAD space
(Table 4).

(5) Key bridging evidence: Arousal is strongly correlated with TFD—high arousal
does not cause everyone to look longer, but prompts viewing strategies to diverge.

The most critical bridging finding is that, at the condition level, Arousal (A) shows an
extremely strong positive correlation with TFD SDn−1 (r = 0.9582, p < 0.001). Descriptive
statistics further indicate that translucence, soft, and moderately rough conditions exhibit
higher dispersion in TFD, whereas no texture and opacity show lower dispersion. Together,
these patterns point to an important mechanism: high-arousal textures function more
like an amplifier—they magnify individual differences rather than producing a uniform
attention pattern. Some viewers may respond to high-arousal cues by scanning rapidly
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and switching information frequently, whereas others may dwell longer and engage in
return-looking. As a result, overall dispersion increases substantially.

Table 4. Classification of PAD role types across texture conditions.

Affective Role Type Affective Role Type Affective Role Type Affective Role Type

1. Key driver

High P—High
A—Mid-to-high D
(p ≈ 0.99, A ≈ 0.89,
D ≈ 0.72)

Translucence (0.87, 1.07,
1.00); Moderately rough
(1.10, 0.70, 0.43)

Suitable for key triggers and
narrative propulsion points in
the installation experience
(captures attention and sustains
processing investment).

2. Explore guide
High P—Mid
A—Mid-to-low D (p ≈ 0.83,
A ≈ 0.49, D ≈ 0.25)

Transparency (0.83, 0.57,
0.47); Planar texture (0.83,
0.40, 0.03)

Suitable for mid-stage structures
that “guide viewing and prompt
exploration” (provides entry
points and exploratory cues).

3. Stable base
Mid P—Low A—Mid D
(p ≈ 0.58, A ≈ −0.02,
D ≈ 0.08)

Opacity (0.53, −0.03, 0.03);
Smooth (0.63, 0.00, 0.13)

Suitable as a background layer
and rhythmic buffer,
maintaining overall comfort and
viewing continuity

4. Control panel
Mid P—Low A—High D
(p = 0.47, A = −0.10,
D = 0.90)

No texture (0.47, −0.10,
0.90)

Suitable for interface-like areas
that are readable,
understandable, and operable
(rule-based surfaces/panel-like
feel).

5. Warning zone
Low P—High A—Low D
(P ≈ −0.04, A ≈ 0.74,
D ≈ −0.35)

Soft (−0.07, 1.10, −0.23);
Extremely rough (0.00, 0.37,
−0.47)

Suitable for boundaries,
conflicts, and the amplification
of alienated imagery (evokes
sensitivity/alertness while
reducing perceived control).

6. Noise accent
Low P—Mid A—Mid D
(P = −0.30, A = 0.33,
D = −0.03)

Pointed texture (−0.30,
0.33, −0.03)

Better used as a local accent to
serve contrast and disturbance
(“noise/friction/instability”).

(6) The “weak correlations” of P and D are also informative: Pleasure and Dominance
behave more like evaluative outcomes than stable drivers of attention.

Pleasure (P) is essentially unrelated to TFD SDn−1 (r ≈ 0), and Dominance (D) is
also non-significant. This suggests that, when the statistical unit is the texture condition,
P and D do not reliably determine the degree to which viewing investment differentiates
across individuals. A plausible interpretation is that P and D are closer to post-viewing
integrative evaluations (e.g., “like/dislike” and “controllable/uncontrollable”). They may
be shaped more strongly by appraisal and contextual interpretation of the installation and
therefore do not necessarily translate into consistent differences in gaze strategies. Put
differently, attention in this pathway behaves more like a process variable leading toward
affect, whereas P and D are outcome variables after the process has unfolded—so linear
synchrony is not required.

(7) A trend-level cue linking D and TTFF: Perceived control may relate to consistency
in early orienting, but stronger power is needed.

Although TTFF SDn−1 did not show statistically significant correlations with any PAD
dimension, D exhibited a moderate negative trend with TTFF dispersion (r = −0.4531).
This offers an extendable, testable hypothesis: when a material/surface affords stronger
feelings of being understandable and graspable (e.g., the “Control panel” tendency as-
sociated with no texture), viewers’ early orienting may become more consistent across
individuals (i.e., smaller between-participant variability). Conversely, when textures induce
lower dominance or uncertainty (e.g., the “Warning zone” tendency associated with soft
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and extremely rough), early orienting may be more strongly shaped by individual strate-
gies and thus becomes more dispersed. Since the present correlation analysis uses only
12 conditions as the sample size, statistical power is limited; therefore, this inference should
be treated as a directional cue. Future work could test it more rigorously by increasing
the number of conditions, adopting multilevel models (trial-/participant-level), or using
mediation models.

Overall Implication

Taken together, this integrated discussion clarifies that the evidence chain supports the
claim that texture can modulate visual attention investment and that affective responses can
be organized into functional roles in PAD space. At the same time, it shows that the texture–
affect relationship is not one-to-one; instead, it is characterized by an arousal-centered
pattern of strategy differentiation. This provides a clear theoretical and methodological
basis for future work using moderation models or testing the dynamic feedback mechanism
between texture and affect in more ecologically valid installation-interaction contexts.

4. Construction and Workflow of the Texture Design Toolkit
4.1. Concept and Framework

To translate the mechanisms and role distinctions outlined above into actionable design
methods, this study proposes the “Texture Design Toolkit.” The core concept of the toolkit
is as follows: beginning with the narrative and interaction objectives of an installation,
designers select texture combinations that align with these goals, while simultaneously
anticipating the potential attention patterns and emotional functions that these textures
may evoke. This enables a controlled orchestration of affective experience.

The toolkit is intended for practical use, allowing designers to make efficient design
decisions without needing to review the entire research process. The decision-making work-
flow is simplified into a sequence of “purpose → strategy → attention effect → placement
guidance.” The specific design rules, categorized according to the preceding analysis, are
presented below (Table 5)

Table 5. Classification scheme of the texture design toolkit.

1. Key driver

When aiming to create an “energy core” or narrative turning
point in the experience, texture combinations that enhance
sustained processing and evoke higher arousal should be

prioritized, such as semi-translucent and moderately rough
materials. These textures help attract and sustain attention,

making them ideal for key interaction areas or narrative
propulsion components. However, high-arousal textures tend to
cause more variability in attention strategies, so they work better
in sections where multiple interpretations or paths are allowed,

rather than in areas requiring unified understanding.

2. Explore guide

To transition viewers from passive watching to active observation
and meaning construction, use textures like transparency, planar

texture, and linear texture to create an “exploration entry”.
Transparency adds layers and a sense of peeking, encouraging
viewers to want to see clearly or approach. Planar texture adds
spatial expansion and atmosphere, while linear texture guides
attention with its directional cues, enhancing the flow of the

viewing experience.
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Table 5. Cont.

3. Stable base

For a low-stimulation stable base to maintain continuity, use
opacity, smooth, and hard textures. These materials provide a
low-friction visual environment, ideal for maintaining rhythm

between narrative segments. Hard materials increase the feeling
of reliability and predictability, keeping the experience stable and

reducing emotional fluctuations.

4. Control panel

In interface zones that require understanding and interaction (e.g.,
panels or prompts), no texture works best to provide order and
control, helping viewers form stable expectations and reducing

misinterpretation.

5. Warning zone

For tension, conflict, or alienation, use soft and extremely rough
textures in boundary areas or conflict points. These materials
evoke uncertainty or heightened alertness and are perfect for

narrative conflict or danger cues. Their use should be limited to
avoid overwhelming the experience.

6. Noise accent

When you need to create localized “noise, friction, or instability”
to enhance contrast or interrupt rhythm, pointed texture can serve
as a small accent. It highlights conflicts, emphasizes differences,
and briefly shifts attention. This works well for localized accents

or narrative alien cues.

4.2. Toolkit Contents and Application Workflow

The toolkit can be applied through a three-question workflow that progressively
deepens the analysis. The process is outlined as follows.

To enable designers to quickly access and apply evidence from the “texture–attention–
affect” pathway during creation, the experimental findings were translated into an ac-
tionable Texture Design Toolkit. The toolkit consists of three core components: a Texture
Sample Library, Six Functional Categories, and Design Guidance Cards (Figure 9).

The final output of the three-question workflow is a material recommendation for
each installation part in the form of a combined package (Table 6):

Table 6. Analysis of the usage workflow of the texture design toolkit.

Question Option (Pick 1) Rule Texture Conditions (12)

Q1 Function Key driver Functional role Translucence; Moderately
rough

Explore guide Functional role Transparency; Linear
texture; Planar texture

Stable base Functional role Opacity; Smooth; Hard
Control panel Functional role Without texture
Warning zone Functional role Soft; Extremely rough;
Noise accent Functional role Dotted texture

Q2 Attention
goal Fast capture Low TTFF mean

(TTFF↓)
Translucence; Opacity;

Transparency

Long stay High TFD mean
(TFD↑)

Moderately rough;
Translucence; Soft; Dotted

texture
Short stay/low

load
Low TFD mean

(TFD↓) Without texture; Smooth
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Table 6. Cont.

Question Option (Pick 1) Rule Texture Conditions (12)

Q3 Varied
strategies

Yes (OK with
variety)

High TFD_SD (big
branch)

Soft; Translucence;
Moderately rough; Planar

texture
No (need

consistency)
Low TFD_SD
(small branch)

Without texture; Opacity;
Smooth; Hard

Mid (context-
dependent) Medium TFD_SD

Transparency; Extremely
rough; Dotted texture;

Linear texture
Note: ↑ indicates a relatively higher value, and ↓ indicates a relatively lower value.

Figure 9. Design guidance cards of the Texture Design Toolkit.

The final output of the three-question workflow is a material recommendation for
each installation part in the form of a combined package: “functional label + attention
goal + differentiation risk.” This structure upgrades texture selection from an aesthetic
preference to a controllable tool for emotional orchestration, supporting narrative progres-
sion, guiding viewing, and explicitly incorporating the risk trade-off between multiple
interpretations and interaction consistency into design decision-making.

5. Conclusions
This study investigated the texture–visual attention–affect pathway by constructing a

controllable sample space of 12 texture conditions and integrating eye-tracking with the
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PAD scale under standardized settings. The results confirm the critical role of texture cues
in the experience of bionic-machinery installation art. Specifically, texture cues reliably
modulated sustained attentional investment (significant differences in total fixation du-
ration) and exerted selective effects on early attentional capture (TTFF depended more
strongly on visually discriminable structural cues). At the affective level, different textures
formed summarizable functional roles in PAD space, allowing material choice to shift from
“aesthetic preference” toward a decision grounded in experience function.

More importantly, the study shows that attention and affect are not linked by a
simple one-directional relation. Arousal operates more like a strategy amplifier: high-
arousal textures do not necessarily cause everyone to look longer but are more likely to
increase divergence in viewing strategies and invite multiple interpretations. This pro-
vides an operational design lever for narrative progression and rhythmic structuring in
installation experiences. Building on this evidence chain, the paper further translates the
findings into a Texture Design Toolkit, using the three-question workflow—functional
label → attention goal → differentiation risk—to support rapid placement and communi-
cation of material decisions across key segments, entry segments, background segments,
and interface-like zones.

Several limitations should be acknowledged. If the presentation order of conditions
was not sufficiently randomized or counterbalanced, order effects such as habituation
and fatigue may have influenced the robustness of some main effects. In addition, the
present study focused primarily on plastic materials and emphasized visual cues, which
still differs from real-world installation practice where multi-material and multi-sensory
coupling is common. Future work can strengthen inference by adopting more rigorous
randomization/counterbalancing designs, expanding materials to metal, textiles, and
bio-materials, and incorporating touch, sound, and movement rhythm as additional vari-
ables. These extensions would help develop a more practice-oriented multimodal texture–
emotion–function toolkit and enable iterative validation of the proposed design-translation
framework in ecologically valid settings.
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