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Computation of sensory-affective relationships
depending on

material categories of pictorial stimuli
Shogo Okamoto, Member, IEEE, Kohta Wakamatsu, Shigeki Nakauchi, Jinhwan Kwon, Maki Sakamoto

Abstract—Exposure to stimuli gives rise to sensory and affective experiences. Computing the relationships between these
experiences is instrumental to designing affectively appealing products and understanding human experiences. Hierarchical structures
of sensory and affective responses, which can be built through adjective rating tasks, are regarded as an effective means for
expressing relationships between sensory and affective responses. Naturally, these hierarchical structures depend on the type of
stimulus; however, so far, their dependencies on material categories have yet to be examined. We therefore investigated how
hierarchical structures of affective and sensory responses depend on seven material categories: fabric, leather, wood, paper, foliage,
stone, and glass. Each material category had 100 visual representations selected from the Flickr Material Database. Thirty-nine
participants were asked to rate 368 pictures across a set of materials. The questionnaire adjectives included visually- and
haptically-centered items although the stimuli were purely visual. We found that the structures differed substantially among the material
categories, although there were some commonalities. Particularly, the positions of polysemic or multimodal adjectives such as “light”
and “uncomfortable” in the hierarchy were highly dependent on the material category. For example, “light” has both physical
(lightweight) and psychological (e.g., non-solemn, cheerful) meanings. For stone and glass (generally considered to be of heavy
weight), the psychological meanings were primarily considered. Conversely, the physical meanings were predominant for fabric,
leather, wood, paper, and foliage, for which weight is a factor in judging quality. The present study helps interpret affective descriptors
whose meanings vary among types of stimuli.

Index Terms—Structural equation modeling, Flickr material database, Layered structure, Material perception, Affective responses
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1 INTRODUCTION

Humans experience changes in sensory and affective states
when exposed to products or sensory stimuli. The affective
responses, despite being linked to the perceived value of
products, do not seem to be directly linked with the physical
properties of stimuli. Therefore, it is challenging to esti-
mate how they change along with the physical properties
of products. Hence, numerous researchers have attempted
to explain or predict affective responses by using sensory
adjectives, which are directly associated with the physical
properties of the stimuli. To this end, many studies have
created hierarchical models wherein scores are given to
sensory adjectives, which are then linked to scores of af-
fective adjectives through unimodal or multimodal sensory
appraisals [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11], [12],
[13], [14], [15].

These studies used their own methods of hierarchical
modeling. Most studies sought to establish two-layered
models with sensory and affective adjectives at low and
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high layers, respectively [5], [7], [8], [11], [12]. The low
and high layers are typically connected by multivariate
regression analyses. Other studies used multi-layered mod-
els constructed using tasks other than the adjective rating
task [3], [14], [15], or had experts in a given field (e.g.,
food or clothing industries) determine the structures of the
layers [1], [9], [10]. For example, Ueda [15] determined the
hierarchy of 114 adjectives used for evaluating sounds on
the basis of their abstractness, complexity, objectiveness, and
difficulty, judged by 116 experimental participants. In [1],
a hierarchical model to represent the sensory and affective
experiences while having coffee was made by means of
agreement among baristas. Multi-layered models allow for
connections among the affective variables and can express
more complex relationships among the affective responses;
hence, they represent affective responses more accurately.
For example, in [13], the mean correlation coefficient be-
tween the observed and modeled ratings of five types
of affective descriptors was 0.67 for a two-layered model
whereas it was 0.75 in a four-layered model.

Fig. 1 provides an example of the layered structure
of such a model. The sensory adjective scores are laid
in the bottom layer and are directly linked to (i.e., they
psychophysically capture) the physical properties of stim-
uli. These sensory adjectives include “rough,” “warm,” etc.
The affective adjectives are instead typically located in the
middle and higher layers of the model and are explained
by adjectives in successively lower layers. The higher-layer
adjectives tend to pertain to hedonic or evaluative aspects,
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Fig. 1. Layered structure of sensory and affective adjectives. Sensory
adjectives are directly linked with the physical properties of stimuli.
The affective adjectives in the middle to high layers are explained by
successively lower layers. Evaluative and hedonic aspects are generally
placed in the higher layers. This figure is consistent with [6].

whereas the middle-layer adjectives tend to describe the
attributes of stimuli [1], [2], [4], [9], [14]. These layered
models provide semantic relationships between sensory and
affective responses, which can help in designing the affec-
tive values of products and interpreting the meanings of
conceptual values expressed by affective adjectives. Thus
far, these models have been leveraged for various prod-
ucts including beverages [1], clothing [10], car seats [8],
leather [9], and wood [12].

In the present study, we establish hierarchical structures
of sensory and affective adjectives based on the scores as-
signed to these adjectives in a sensory appraisal task involv-
ing the presentation of pictures of seven material categories
including fabric, paper, wood, leather, foliage, glass, and
stone. We then discuss the similarities and differences in
the sensory-affective relationships between these materials
using the hierarchical models of adjectives. As described
in the following two paragraphs, thus far, such sensory-
affective relationships have not been compared among ma-
terial categories.

Thus far, using visual and haptic cues, sensory responses
to material surfaces and material classification have been
extensively studied [16], [17], [18], [19], [20], [21]. These
studies showed that sensory responses depend on material
categories. For example, using computer graphics of several
material categories, Hiramatsu et al. [16] found that the
images of similar material categories formed clusters in
the perceptual space. Baumgartner et al. had similar results
using either visual or haptic material perception [19] where
the perceptual spaces made by the two sensory cues were
close to each other. However, these studies did not focus on
the associations between perceptual and affective qualities.

In contrast, earlier studies on sensory and affective qual-
ities did not focus on the differences between material cate-
gories. For example, Drewing et al. investigated the relation-
ships between the affective qualities and dimensions of per-
ceptual qualities using 47 types of objects to be touched [5].
However, they did not analyze their results from the view-

point of material categories, and the model was applied to
a set of differing materials. Fujisaki et al. [12] compared
the relationships between sensory and affective responses to
natural woods according to the sensory cues available (i.e.,
when only tactile, visual, or auditory cues were available);
they found that the relationships were similar across all
three modalities. They also found different sensory-affective
relationships between responses to wood and stone. How-
ever, to our knowledge, the sensory-affective relationships
have not been compared among several types of material
categories. Furthermore, it remains unclear how responses
to affective adjectives that are polysemic and indefinite
depend on the material category. Understanding how these
relationships differ by material category could provide a
more concrete scientific basis with regard to the industrial
design of products.

The potential contribution of the present study to in-
dustrial fields is as follows: In manufacturing, the affective
aspects experienced from materials are valued [22], and,
thus far, systematic material-selection methods have been
studied [23], [24], [25]. For example, Karana et al. proposed
a method to help product designers to select materials
such that the affective attributes of products and materials
matched [23]. For customer–vendor communication about
products, customers tend to use indefinite affective words
to convey their demands. In these situations, the designers
need to comprehend the meanings of affective descriptions.
The present study provides a computational approach for
such purposes. Further, for designers of publication and
web pages, in addition to their own professional knowledge
and feelings, they may refer to the hierarchical models
established in this study as an aid with which to select
pictures that suit the contents of their texts. For example, the
results of the present study suggest that the impression of
comfort for stone is more psychological, and those appear-
ing more beautiful are felt to be more comfortable, whereas
for other material categories, comfort is mostly determined
by the predicted mechanical comfort in touch. Although
the present study does not address image features, if they
are incorporated into our hierarchical models, the sensory
and affective impressions of pictures, which are not used
for training in the models, may be estimated. For example,
low-level image features can be linked with personal traits
of picture preferences [26] and perceptual qualities of object
surfaces [16].

2 MATERIALS AND METHODS

The study was approved by the institutional review board
of Toyohashi University of Technology.

2.1 Materials: Pictures of seven material categories

To investigate the relationships among sensory and affective
responses, one approach is to use a stimulus set, where
image features pertaining to one type of sensory quality
is manipulated while controlling for the other parameters.
However, there are no general methods to manipulate
parameters corresponding to specific perceptual qualities
for natural images. Therefore, we used material pictures
provided by the Flickr Material Database (FMD) [27], for
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Fabric Paper Leather Glass
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Fig. 2. Exemplar pictures of the seven materials categories. Those
actually used in the experiments are not shown because of copyright
concerns, but they can be seen on the Flickr Material Database [27]
website.

which multiple perceptual and affective properties vary
simultaneously among pictures. Because of the accessibility
of the database, we used image stimuli; nonetheless if the
task is extended to other cues, i.e., haptic sensations, then
a certain level of consistency can be expected between the
results from visual and haptic tasks, although they may not
fully agree with each other [18], [28]. Especially, perceived
weight [29] may substantially differ among the visual and
haptic cues.

We used only colored pictures because color is part of
the properties of natural and artificial materials, whereas
monochrome and colored pictures were compared in some
studies [20], [30]. We selected pictures that focused merely
on the materials and that give no indication of the object.
For example, some pictures were of glass cups, leather
bags, wooden eating utensils, etc.; we excluded these object
pictures. To retain a sufficient number of pictures (i.e., one
hundred for each material category), we selected seven ma-
terial categories: fabric, leather, foliage, glass, stone, paper,
and wood1. The stone category did not include gems. These
categories are typically used in the studies of visual material
perception [16], [17], [18], [20], [21].

The material categories of the FMD pictures analyzed
in the present study were easily identified with a success
rate of 89% in our follow-up test, which involved seven
participants, different from those who participated in the
main task2. This value is similar to the rate reported in
[30] where 91% of close-up and object images were correctly
classified.

As shown in supplementary materials (Figs. A–C), the
randomness of these pictures is suggested by the histograms
of participants’ subjective answers of perceptual and affec-

1. To establish a database, we also used pictures of water, plastic,
and metal. However, in the present study, we excluded these pictures
from the analysis because the majority of pictures of metal and plastic
materials contained objects or products such as eating utensils, machine
tools, and coins for metal products, and did not focus on the surfaces.
Pictures of water are largely snapshots taken during motions such as
flowing, falling, and dripping water. To reflect their affective properties,
we needed a set of adjectives different from those for other material
categories.

2. We excluded object images; however, the material classification
rate was high. This is mainly because the tested images did not include
plastic materials which are generally confusing.

Opaque Transparent

…

Matte Glossy

Moist Dry

Modest Vivid

Fig. 3. Visual analog scales for the questionnaire

tive qualities to pictures. Their distributions are not fully
random, but the answers moderately gathered within lim-
ited ranges, with some pictures outlaid from the majority.
These suggest that pictures causing a variety of sensory and
affective qualities are included in each material category.

Fig. 2 provides exemplar pictures of each material. The
pictures were presented using a 32-inch LCD monitor with
1920 × 1080 pixels in a dark room.

2.2 Participants

Thirty-nine university students (30 men and 9 women, 20–
25 years old with the mean ± SD: 22.1 ± 1.2, native Japanese
speakers) who responded to an open advertisement partici-
pated in this study after providing their written informed
consent. They majored in engineering and were paid as
determined by the institutional review board: 900 JPY/h.
They reported normal or corrected-to-normal visual acuity.
They had normal color vision as tested with Ishihara 38
color plates.

2.3 Procedures: Rating tasks of pictures

The participants rated each picture on a computer screen
using numerous visual analog scales, as shown in Fig. 3.
The extremities of these scales consisted of the two ad-
jectives of each dyad, while the center of the scale, at
which the sliders were initially positioned, was neutral.
The adjectives included rough–smooth, hard–soft, cold–warm,
sticky–slippery, moist–dry, matte–glossy, opaque–transparent,
uncomfortable–comfortable, modest (plain)–vivid (loud, bold),
light–heavy, ugly–beautiful, cheap–luxury, and restless–relaxed
(calm). All words were presented in participants’ native
language (i.e., Japanese)3. Although some of the adjectives
are innately haptic, researchers have shown that visual
images can also give rise to haptic properties , e.g., [31], [32],
[33], [34], [35], [36], [37]. For example, looking at glossy and
rough material images activates the somatosensory area as-
sociated with tactile stimulation [37]. In earlier studies on vi-
sual material perception or classification, haptic adjectives,
such as hard, elastic, fragile, and cold, were also used [16],
[17], [18], [20], [21] considering the cross-modal connections
between visual and haptic sensations. The participants were
not provided any definition of the adjectives.

The descriptors selected were based on related studies so
that the number of descriptors would not be large. The first

3. The corresponding Japanese words for the above list of adjec-
tives are as follows: arai–nameraka, katai–yawarakai, tsumetai–atatakai,
nebatsuku–suberu, simetta–kawaita, tsuyanonai–tsuyanoaru, futomeina–
tomeina, fukai–kaiteki, jimina–hadena, karui–omoi, minikui–utsukushi,
yasuppoi–kokyuna, and ochitsukinonai–ochitsukinoaru, respectively. Fur-
thermore, artificial–natural was rated aside the above thirteen adjective
dyads; however, it was not analyzed in the present study.
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seven adjective dyads are frequently used in the study of
material perception by visual cues (e.g. [12], [17], [20]). The
latter six dyads are used in the study of affective properties
of materials (e.g. [7], [12], [14]). Nonetheless, the present
study does not aim to exhaustively cover various types of
affective properties. It aims to demonstrate how middle and
higher levels of layered structures may differ among the
different types of materials.

For the appraisal of affective states of humans, non-
verbal methods such as [38], [39] are also available. How-
ever, both affective and sensory aspects are covered in the
present study. Non-verbal approaches covering these two
types of aspects do not exist, and we selected the method
based on descriptors.

Each participant rated 368 randomly selected pictures
and different image sets. They included nearly equal num-
bers of pictures for each material category. On average,
six or seven participants rated one picture. They took a
break between every session containing 46 pictures and
completed their assignments over 2 to 3 days to prevent
strain. Each session required approximately 30 min. In total
the experiment took approximately 5 hours.

2.4 Data analysis: Computation of hierarchical causal
structure of sensory and affective responses

We used the method in [13] to compute the hierarchi-
cal structure of affective and sensory adjective scores.
This method is based on structural equation modeling
(SEM) [40], [41], which is suitable for analyzing causality
among multiple variables. As aforementioned in the intro-
duction (second paragraph), the structure among the scores
of affective adjectives can be hypothesized and estimated
more accurately in these models, than in two-layered mod-
els. The hypothesized models are statistically validated, as
will be discussed below. Another merit of the method in
[13] for the present study is that a multi-layered structure
is established solely based on an adjective rating task and
mathematical computation whereas other methods make
use of, or require, experts’ knowledge or another task for
determining the hierarchy of adjectives (see the second
paragraph in the introduction). In general, multiple models
can statistically explain one observed dataset; however, the
method in [13] allows us to establish a concise model by
sequentially improving on the simplistic two-layered model.
That is, layers in the model with the lowest modeling
accuracy are continually developed until the entire structure
is statistically acceptable.

The multi-layered modeling method in [13] yields a
structure where sensory adjectives are placed at the bottom
to explain the affective and evaluational adjectives in the
middle and higher layers as in Fig. 1.

The sensory responses were the following adjectives:
rough–smooth, hard–soft, cold–warm, matte–glossy, opaque–
transparent, sticky–slippery, and moist–dry. All the adjectives
are directly related to the physical properties of the material
surfaces and can be largely judged or estimated by their
appearances. In terms of non-visual adjectives i.e. hard-soft,
sticky-slippery, and cold-warm, according to [18], the ratings
in two tasks with either only haptic cues or visual cues,
were highly correlated, suggesting that these non-visual
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Fig. 4. Graphical expression of structural equation modeling. Unidirec-
tional arcs and associated values are direct effects and their magni-
tudes, respectively. The effect values can be either positive or negative.
Nodes are the observed variables after normalization. e is the model
error, independent of the other variables and has a mean of zero.

properties are haptic-related visual properties, and can be
judged visually.

The remaining six adjectives (modest–vivid, cheap–luxury,
restless–relaxed, ugly–beautiful, uncomfortable–comfortable, and
light–heavy) were placed on the higher layers of the model.
Light–heavy is a haptic sensation, and visual judgment of this
quality requires longer response times than does judgment
of other visual qualities, such as glossiness and rough-
ness [21]. Further, light–heavy tends not to be included in
rating tasks of perceptual qualities for visual images of
materials [17], [19], [20] because physical heaviness (i.e.,
weight) is not judged solely from images of surface ma-
terial. Hence, light–heavy was not included in the sensory
adjectives in the context of our visual task.

The layered structure created via SEM is graphically
shown by using nodes and directed arcs in Fig. 4. The nodes
present the continuous variables after normalization (in the
present study, the z-scores of the adjective scores), while
the directed arcs indicate a direct effect from one variable
to another. The strength of influence a is either positive
or negative. For example, the value of x is expressed as a
linear summation of the effects of y, z, and model error
ex (x = ayxy + azxz + ex). The error follows a random
distribution and has a mean of zero. The influence values a
correspond to partial regression coefficients of the multivari-
ate regression analysis. x is also used to explain a variable in
the higher layer (i.e., w). Bidirectional arcs indicate that two
connected variables (in the figure, y and z) are significantly
correlated.

SEM determines the coefficients and statistical signif-
icance of the arcs in a layered structure, such that the
observed and estimated covariance matrices of the variables
resemble each other. To judge how accurately the hypoth-
esized structure approximates the observed data, multiple
indices of model fit are used [42], [43]. We used represen-
tative indices of the similarity between the observed and
estimated covariance matrices, including the goodness-of-
fit index (GFI), comparative fit index (CFI), and χ2. The
GFI and CFI range from 0 to 1; for statistically valid mod-
eling, they should be greater than 0.90–0.95 [44], with the
maximum value of 1 indicating a complete match between
the two matrices. The χ2 value should, on the other hand, be
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non-significant and small (i.e., the p value should be greater
than 0.05), indicating that the two covariance matrices are
not statistically different.

As well as the statistical validity, the semantic validity
of the established model is also important for SEM, which
will be discussed in Secs. 4.1 and 4.2. The meanings of the
models are evaluated on the basis of common sense and the
literature available.

For each material category, we processed the adjective
scores as follows. First, we transformed the visual analogue
scores for individual participants for each adjective into z-
scores for each material category such that their mean and
standard deviation are 0 and 1, respectively. The value for
each adjective dyad was bipolar: for example, if the value for
rough–smooth was negative, it meant that the participant had
rated the material picture as smoother than average in the
material category. The z-scores were then averaged among
the participants for each picture. We did not conduct any
outlier tests for this calculation. The covariance matrix of the
thirteen adjective dyads was then computed and used in the
SEM. Sensory variables in the lower layer of the model were
allowed to correlate with each other due to the specifications
put in place. To conduct the SEM, we used the sem (version
3.1) package for R.

3 RESULTS

For all material categories, the layered structures were suc-
cessfully computed with p values greater than 0.05, and the
GFI and CFI values were mostly greater than 0.95. Fig. 5
shows the layered structure of each material. All the unidi-
rectional arcs are statistically significant (p < .05). For visual
clarity, we do not show the correlations among the lower-
layer sensory adjectives. Instead, they are summarized in
Tables 1–7 in the Appendix. The adjectives that are not
linked with the others are also not displayed. Further, we
have omitted the graphical description of the errors. Instead,
we note the R2 value to indicate how accurately the value is
estimated. R2 represents the square value of the correlation
coefficient between the observed and estimated values. For
the same reason, each node displays only the adjective with
the positive value.

The materials showed several common features. First,
the higher layers tended to include restless, modest, and
cheap, while the middle layer contained light, ugly, and
uncomfortable. For the majority of materials, hard, matte, and
rough influenced light, modest, and ugly, respectively. Despite
these commonalities, the layered structures mostly differed
according to the material category. For some materials, cold,
opaque, and moist had no significant impact on higher-layer
adjectives. For glass and stone, light was allocated to the
higher part of the structure, although it was just above the
bottom perceptual layers for the other materials.

To investigate the similarities in participants’ responses
among the materials, we calculated the distances between
each of two material categories by using the following
formula:

dab = tr[(Xa −Xb)
T(Xa −Xb)] (1)

where Xa,b are the covariance matrices for materials a and
b, which were in separate material categories (i.e., one of pa-

per, fabric, wood, leather, stone, glass, and foliage). This dis-
tance corresponds to the dissimilarity between two covari-
ance matrices that define the structure among the observed
variables (adjectives). With a greater distance value between
two material categories, their variable structures are more
different from each other. These distances were then used
to compute the multidimensional scales of the covariance
matrices [45], [46]. The covariance matrices of the seven
material categories were arranged on a one-dimensional
scale, with the stress value being 0.015. Their locations are
shown in Fig. 6. Five material categories were closely placed,
whereas glass and stone were at the two extremities. These
patterns indicated that participants’ responses were distinct
for glass and stone, whereas they were similar for the other
five types of materials.

Further, to investigate how sensory and affective re-
sponses varied among the material categories and pictures,
we conducted a principal component analysis of the re-
sponses to pictures of all material categories for each set of
the sensory and affective adjectives. As shown in Fig. 7 (a),
the sensory responses to glass were substantially different
from those of the other materials. In contrast, the responses
to paper, fabric, and leather exhibited some similarities
that is, they were closely located. The responses to stone
tended to be dissimilar to those of the others, but slightly
similar to the responses to wood. As shown in Fig. 7 (b),
these trends were true for the affective responses as well.
Thus, the sensory and affective responses depended on the
material categories, although they naturally varied within
each category because of the variety of pictures.

4 DISCUSSION

4.1 Commonalities of fabric, leather, paper, wood, and
foliage
The shared link for all types of materials was that between
hard and light, with the other connections differing among
the materials. Still, as shown in Fig. 6, we found similar
questionnaire results for fabric, leather, foliage, wood, and
paper, and their layered structures were also rather simi-
lar. Note that these five types of material categories were
grouped into one, such that the following discussion is easy,
and we do not conclude that they have the same variable
structures. Fig. 8 shows a structure computed based on the
questionnaire responses from these five material categories.
This can be constructed as a common structure for these
material categories, and we discuss its characteristics and
semantic validity below.

Light and hard were strongly connected in a negative
manner. Light corresponded with weight, and the softer the
surfaces in the pictures appeared, the lighter the pictures
were scored. This is physically reasonable because soft ob-
jects tend to be of low density and are expected to be light
in weight, which agrees with [12], [21]. They are, however,
judged to be independent, depending on experimental con-
texts [5].

Ugly was moderately connected with rough and cold.
Rougher surfaces were tended to be judged as uglier, as
were pictures with high cold scores; this suggests that ugly
refers not only to the apparent beauty of an object but
also haptic aspects. Impressions of beauty and thermal cues
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are known to be synesthetic in the haptic perception of
materials [47] whereas it is not clear whether this finding
fits into the present visual task. Furthermore, a study on
visual impression of furniture reported the relationships
among ugly, rough, modest, and uncomfortable [48], which is
comparable with the relationships in Fig. 8.

Uncomfortable was influenced by sticky, cold, and ugly,
which in turn were influenced by rough, cold, and matte.
These connections suggest that uncomfortable largely corre-
sponded to the mechanical unpleasantness of touch [12],
[49], [50], [51], [52], [53], [54], and that pictures that appeared
to stimulate the skin were judged as unpleasant.

Cheap was directly explained by ugly, uncomfortable, mod-
est, light, and rough, which are reasonable features for low-
price surfaces. For example, woods that appeared light and
modest were judged to be cheap [12].

Restless is a complex characteristic comprising visual
beauty (ugly) and mechanical comfort (uncomfortable), which
means that relaxed (i.e., relieved) experiences are achieved
by visually beautiful and mechanically comfortable stimuli.
Even when using visual or tactile cues only, feelings of relief
(or relaxation) and comfort are strongly correlated [5], [12],
[47].

We speculate that modest is conceptually similar to re-
lieved (the opposite of restless) because of their strong associ-
ation. In other words, modest pictures tend to be perceived
as relieving as well. Modest is directly linked with matte and
hard and indirectly with opaque by way of ugly, which is
consistent with [55].

All these connections are reasonable and indicate that the
affective and evaluative relationships of the pictorial stimuli
were reasonably captured.

4.2 Distinctive characteristics of stone and glass
As shown in Fig. 6, the covariance matrices of stone and
glass were substantially different from those of the other
materials used in our study. Thus far, several studies have
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analyzed the similarities in the subjective ratings of the per-
ceptual features of images belonging to a variety of material
categories. These studies differed in the material categories,
questionnaires, panelist backgrounds, and analyses used;
hence, the conclusions are inconsistent. For example, in
some studies, wood and stone exhibited similar responses
in questionnaires [17], [18] whereas in the other studies,
the responses for these categories were very different [12],
[16], [20], [21]. The studies seem to weakly agree that the
responses to leather and fabric are similar. However, the
majority of these studies exhibited dissimilarities between
stone and glass [16], [17], [20], [21]4, which agrees with
our similarity analysis among the material categories, as in
Figs. 6 and 7.

In the structure for stone, unlike the other materials, light
and uncomfortable were placed in the higher layers. Light
was directly influenced by hard, ugly, and restless. This sug-
gests that light carried the psychological meanings (“gentle,”
“delicate,” “cheerful,” “non-solemn,” and “non-serious”) as
well as the physical one (i.e., “lightweight”) [56]. Visual
ugliness might have imbued a picture with non-delicate and
non-gentle (heavy) impressions, whereas restless pictures
may have seemed cheerful (light). For the other materials,
we speculate that light largely meant “lightweight” because
light was almost solely influenced by hard as in Fig. 8. In
contrast, stones are usually heavy and less distinctive in
terms of their weight. Hence, the psychological meanings
might have become more salient for stone.

For the majority of material categories, pictures that
looked smooth, soft, and warm were rated as comfortable.
As noted above, uncomfortable seemed to be felt as the—
strength of mechanical stimuli on the skin or body—that
is, mechanical unpleasantness. However, for stone, ugly
and restless stimuli were strongly related with uncomfort-
able, suggesting that uncomfortable also reflects visual un-

4. Glass was not used in [18].

pleasantness. Visual aesthetic value might have been more
influential for the impression of comfort when compared
to physical pleasantness because most stone objects are
haptically uncomfortable due to their surface roughness,
hardness, and coldness.

The adjective structure for glass also differed from those
of the majority of other materials. Similar to the structure
of stone, light was placed in the highest position. Light was
linked with hard, cheap, and modest, suggesting that it carried
both physical and psychological meanings. The direct nega-
tive effect of modest on light suggests that modest glasses
were felt as serious and solemn, which are the opposite
meanings of light in the psychological sense. Furthermore,
the direct effect of cheap on light suggests that cheap glasses
were felt as non-serious (i.e., light). The effect of cheap to
light was also rather complicated. Cheap had a direct positive
influence on light, but also an indirect negative influence via
modest. The affective responses in the higher layers of the
structure appear to be underlaid by complicated causality.
It also bears noting that the R2 value of light was merely
.35, indicating that further adjectives are necessary to fully
describe this polysemic concept. For example, adjectives
related to artistic values of glass might be helpful for ex-
plaining the responses to light.

Light in the structure for wood appears exceptional. Light
was placed in the highest layer for wood, unlike for fabric,
paper, leather, and foliage, although these five types of
materials exhibited similar covariance matrices of adjective
scores. For wood, light might be an irregular case because
its R2 value was the smallest of all material categories. In
other words, the scores for light could not be well explained
by the other adjectives. For the quality judgment of wood,
attributes such as sturdiness, newness, and cleanliness are
substantial factors [12]; however, these adjectives were not
used in the present study. Both the appearance and im-
pression of wood changes substantially with its age. For
example, new wood looks clean and the surface of old wood
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does not look sturdy. These attributes might be related with
impressions of delicate and solemn, which are both included
in the meanings of heavy i.e. the opposite of light. Age might
be an important factor for evaluating wood; however, this
attribute was not included in our study, which might have
resulted in the low R2 values for light.

4.3 Dependence of layered structures on materials
Our main focus in this study was whether the semantic
structures of sensory and affective responses were differ-
ent or similar among the different material categories. The
results in section 4.1 indicated that fabric, leather, paper,
wood, and foliage exhibited similar structures, while the
findings in section 4.2 suggest that glass and stone exhibited
different structures.

The polysemic nature of affective adjectives might be
responsible for the variations in the structures of affective
responses. Some affective adjectives have both physical and
psychological meanings and the salience of these meanings
might depend on the material categories.

For example, as mentioned in section 4.2, for typically
heavy materials such as stone, participants seemed to have
focused on the psychological meanings of the adjective pair
light–heavy as well as the physical meanings.

For fabric, paper, leather, wood, and foliage, uncom-
fortable corresponded to the mechanical unpleasantness. In
contrast, for stone, uncomfortable was affected by restless and
ugly, indicating that the visual unpleasantness was more
activated. We might attribute this finding to the fact that the
tactile comfort of stones is not usually discussed because
stone is generally uncomfortable due to its harsh and hard
surface. As such, for stone, comfort seemed to be based
primarily on its visual properties rather than its visually
estimated, tactile properties.

Taken together, the results above suggest that the
salience of the meanings of polysemic adjectives vary with
the material category involved, which in turn, explains the
differences in the hierarchical structures of adjectives. This
resembles the phenomenon where the meanings of poly-
semic words are automatically selected in specific contexts
while reading [57], [58], [59]. Lexical processing is activated
through pictures [60], [61], and thus the pictorial stimuli
used in the present study might have influenced the com-
prehension of polysemic affective adjectives.

In terms of the sensory adjectives, some distinctions were
also observed among the different material categories. Cold,
moist, or opaque were not significantly linked with the other
adjectives for some material categories, probably because
they do not represent the characteristics of these materials.
For example, most glass materials are glossy, meaning that
moist and matte are not appropriate words to express their
differences.

4.4 Limitations of the study and future issues
Some pictorial characteristics that we did not consider in the
experiment could have weakened the accuracy of the model.
The material pictures comprised shapes, colors, and surface
patterns, in addition to their material characteristics. Shape
has been shown to influence abstract or affective impres-
sions [62], [63], [64], [65], [66], [67], while the color of the

pictures is known to influence judgments of warmth [34],
[35], [36], [68], roughness, and softness [34], [69]. Colors are
also linked with some affective features [17], [20], [70]. The
removal of color (usage of gray images) may be an effective
method for excluding the effects of color, especially when
gray images do not deter material classification ratio [30].
These features, including shapes, surface patterns, and col-
ors, are intrinsic properties of materials and we consider that
they should not be fully controlled for.

As mentioned in Sec. 2.1, we did not use metal and
plastic materials because many pictures in FMD are not
close-up pictures. Also, FMD does not include ceramic and
rubber, which are sometimes used in the study of material
perception [16], [20]. In future, these materials will be tested
with new pictures to complete our study.

Similarly, if we use different adjective words in the rating
tasks, the similarities among the seven types of material
categories may change. For example, we did not include
natural-artificial or live-dead, for which foliage may evoke
unique response. Further, as aforementioned in Sec. 4.2, new-
old seems an important property for the perception of wood.
Hence, we should note that the similarities of the sensory-
affective relationships appear different, depending on the
descriptive word sets used, in the rating tasks.

The layered structures computed in the present study
indicate the semantic relationships of adjective ratings, and
therefore are different from the actual neural systems in-
volved. Information processing in the human affective and
hedonic systems is flexible, and thus may differ depending
on material category. The SEM method is a linear approxi-
mation, whereas human perceptual and affective linkages
are likely to be nonlinear [71]. Additionally, SEM does
not account for recurrent structures. Hence, SEM might
not perfectly express the actual neural processing of the
relationship between sensory and affective responses. In
addition, SEM does not provide a definite conclusion on
the relationships of observed variables; the structures tested
in this study by using SEM are but some of the statistically
possible structures.

In the present study, still pictures were tested mainly
because of the availability of FMD images. Previous studies
have indicated that moving and interactive images enhance
sensory properties such as the softness and glossiness of
materials [72], [73]. Hence, in the future, our approach
will be coupled with videos focusing on materials. Further,
the perceptual dimensions of visual and haptic material
perception are similar to each other, except for the properties
unique to visual perception such as colorfulness and glossi-
ness [12], [18], [74], [75]. However, in terms of the affective
responses, the similarity between the visual and haptic cues
has yet to be established. Hence, the findings in the present
study are limited to pictorial stimuli.

5 CONCLUSION

In the present study, we had participants rate pictures of
seven material categories using seven sensory and six affec-
tive adjectives. Through SEM, we created a layered structure
that semantically and statistically explained the observed
adjective scores for each material category. Participants’
responses for five material categories—fabric, paper, wood,
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leather, and foliage—were similar. For these materials, the
responses to relieved–restless, vivid–modest, and luxury–cheap
were in the higher layer of the structure and were influenced
by the other affective and sensory responses. In contrast,
for stone, light–heavy and comfortable–uncomfortable appeared
in the high layers, while for glass, light–heavy occupied
the highest position in the structure. We speculate that the
relative importance of the physical (weight) and psycholog-
ical meanings of light–heavy rely on the material category.
For some materials, light is more physical, while for other
materials, it is more psychological. Stone and glass are both
heavy in weight, which perhaps makes the physical mean-
ing of light less important or salient when evaluating their
quality. Further, comfortable comprises a predicted mechani-
cal pleasantness and visual beauty, and the precise meaning
that arose may have depended on the materials involved.
For stone, which is generally rough and unpleasant on
the skin, comfortable might have been interpreted mainly
as an aspect of visual beauty. The material-dependency of
affective responses found through our adjective-rating tasks
suggests the mutability of the human affective system.

CORRELATION COEFFICIENTS AMONG SENSORY RE-
SPONSES

TABLE 1
Correlation coefficients among sensory variables for fabric. Significant

values (p < .05)) are listed.

Rough Hard Cold Sticky Moist Matte
Hard .15 -
Cold -.23 .45 -

Sticky .45 .19 -
Moist -.23 .40 .42 .20 -
Matte .63 -.21 -.45 .33 -.39 -

Opaque .23 -.19 -.42 -.49 .35

TABLE 2
Correlation coefficients among sensory variables for paper. Significant

values (p < .05)) are listed.

Rough Hard Cold Sticky Moist Matte
Hard .19 -
Cold .37 -

Sticky .58 -.24 -
Moist .23 -
Matte .33 -.24 -.33 -

Opaque .17 -.40 .52

TABLE 3
Correlation coefficients among sensory variables for leather. Significant

values (p < .05)) are listed.

Rough Hard Cold Sticky Moist Matte
Hard .30 -
Cold .23 .58 -

Sticky .40 .17 -
Moist -.24 -
Matte .49 -.17 .34 -.23 -

Opaque -.18 -.19 -.26 .30
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TABLE 4
Correlation coefficients among sensory variables for stone. Significant

values (p < .05)) are listed.

Rough Hard Cold Sticky Moist Matte
Hard -
Cold -

Sticky .41 -.52 -
Moist -.38 -.62 .22 -
Matte -

Opaque

TABLE 5
Correlation coefficients among sensory variables for glass. Significant

values (p < .05)) are listed.

Rough Hard Cold Sticky Moist Matte
Hard -
Cold -

Sticky .44 -.47 -
Moist -.60 .44 -
Matte .64 -.28 .45 -

Opaque .36 .18 -.23 .52
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