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Dynamic State-Space Modeling with
Factorial Memories in Temporal Dominance of

Sensations, Emotions and Temporal Liking
Kyoichi Tachi and Shogo Okamoto, Member, IEEE

Abstract—There are few mathematical models that describe how human perceptual and affective responses evolve with time. We
developed a state-space model of the interrelationships based on time-evolving perceptual and affective responses acquired by the
temporal dominance (TD) method. We defined and computed the state variables that endow the system with memory using canonical
variate analysis. Furthermore, we determined the model parameters on the basis of a cross-validation approach such that the
observed and estimated changes in the affective responses are highly correlated. We applied this method to the TD curves of
responses to eating strawberries and plum pickles, reported in our previous work. The model describes what happens during food
intake in terms of a few state variables that summarize a large number of observable responses reductively, thus helping to make the
perceptual and affective dynamics understandable.

Index Terms—Temporal dominance, latent variable, memory, sensation, emotion, canonical variate analysis.
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1 INTRODUCTION

HUMAN perceptual and affective responses to stimuli
are not static, but change dynamically with time.

Temporal-dominance (TD) methods [1], [2], [3], [4], [5] are
used in food industry to record such multiple subjective
experiences in time-series form. This sensory-evaluation
technique enables the study of how perceptual (gustatory,
osmatic, and textural), affective, and preferential responses
evolve during food intake. TD methods have a great po-
tential for new applications or experimental designs. For
example, TD methods realize research on dynamic linkage
among multiple types of feelings and human physiological
data such as skin conductance [4].

However, since TD has been in intensive use for a
comparatively short time, only a few mathematical ap-
proaches to the data acquired by it have been developed.
These include methods based on Granger causality [6], [7],
which seek causal relationships between the perceptual and
affective responses on the basis of their time-series; Markov
models [8], [9], [10], which treats TD data stochastically and
compute the expected probabilities that a type of subjec-
tive response is observed after another type of subjective
response; and principal motion analysis [11], which decom-
poses time-series TD responses into modal spectra and can
be used for discriminating between food products; a graph
theoretical model [12] to suggest the frequency of temporal
transition from one feeling to another; a covariance selection
model established by concurrent changes among multiple
types of feelings [13]. Visalli et al. proposed to separate the
entire duration of stimulus experience into three phases and
separately analyze each phase [14]. Most other studies have
computed static or quasi-static indices from the records of
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TD tasks; standard methods to model the dynamic nature of
TD response have yet to be established.

In a typical TD task (described in Section 2), approxi-
mately 10 types of responses are assessed. As TD tasks for
recording perceptual and affective responses are generally
conducted separately, up to 20 types of responses must
be explained in a single model. Such a large number of
observed variables prevents intuitive understanding of the
relationships within the data. A more reductive method-
ology is required if the interdependences of perceptual
and affective responses are to be understood. In fact, re-
ductive methods have been employed by many sensory
studies involving static (non-dynamic) sensory appraisal
methods [15]; however, in terms of TD methods, most of the
methods mentioned earlier [6], [7], [8], [9], [10], [12], [13],
[14] do not aim at a reductionistic treatment of the time-
series data acquired by TD methods. The technique in [11] is
capable of decreasing the model dimensions by using modes
computed from the time-series responses recorded by TD
tasks, but, although it excels at discriminating between dif-
ferent types of food products, this method does not provide
an understanding of the relationships between the sensory
and affective responses.

In the present study, by using state-space modeling,
we establish relationships between perceptual and affective
time-series responses. State-space models include measured
variables and unmeasured or latent variables to explain the
behavior of typically mechanical and information systems.
The latent variables are called states. They are not directly
observed in TD experiments, but function as memories
of past responses and are helpful in understanding the
relationships between observable quantities. Usually, the
number of state variables is smaller than the number of
perceptual and affective responses evaluated in the TD
task; therefore, state variables can provide a reduction-
ist representation of the entire model. Further, the state-
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variable model allows us to estimate the affective responses
as outputs when the perceptual responses are provided as
inputs. None of the previous approaches [6], [7], [8], [9],
[10], [11], [12], [13] can simultaneously offer a reductionist
representation and the prediction of affective responses.

The present study is based on [16], in which we intro-
duced the state-space modeling of TD responses to straw-
berries. In this study, we establish state-space models of TD
responses to strawberries from 10 participants [6], [7] and
plum pickles from 20 participants [11], [17]. The model pa-
rameters are determined by cross-validation approach such
that the observation and estimation of TD responses exhibit
a high correlation coefficient, which was not performed
in [16]. For this purpose, a number of samples are attained
by a bootstrap sampling method. We discuss the semantic
validity of the model (chiefly in the case of strawberries, as
plum pickles are popular in Japan but possibly not popular
in much of the world). We note that the method developed
here is also applicable to data recorded by temporal check-
all-that-apply method [18], a popular modification of a TD
method.

2 TEMPORAL-DOMINANCE (TD) METHOD

In this study, we use a TD method [1], [2], [3] to study
the time evolution of perceptual and affective responses.
The TD method enables the simultaneous measurement of
multiple types of assessors’ subjective responses to various
stimuli. Thus far, the protocols of TD methods have been
established and validated for food and beverage stimuli. TD
methods have also been tested with tactile stimuli [19] and
audio-visual stimuli [4], [20], [21], but less extensively. In
future, the TD method is expected to be a standard one for
multiple sensory modalities. Here, we briefly introduce the
method; more details can be found in previous reports [1],
[2], [3].

In the TD method, a graphical touch-panel interface
is used, as shown in Fig. 1 (a). The assessor presses the
start button upon the initiation of food intake. Various
other buttons on the touch panel may then be pressed,
their labels corresponding to possible dominant feelings
about (or perceptions of) the food while eating it. Here,
the “dominant” sensation is the sensation catching attention
at that moment, not necessarily the one with the highest
intensity. The assessor selects a corresponding button each
time the dominant feeling changes; only one button can be
selected at any given moment. The stop button is pressed
when the sensations associated with food intake are no
longer predominant. A button can be selected more than
once, and not every button needs to be selected.

The times at which buttons are selected in each trial are
recorded. As a result, we can obtain a binary time-series
for each button as shown in Fig. 1 (b). We can calculate TD
curves by integration and smoothing the binary time-series
from all trials (Fig. 1 (c)). The horizontal axis of a TD curve
is the normalized time with zero at the moment of pushing
the start button and one at that of pushing the stop button.
The vertical axis is the dominance rate, the ratio between
how often the button was selected at each time and the total
number of trials (i.e., the number of assessors × the number
of trials per assessor).
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Fig. 1. Overview of temporal-dominance (TD) methods. (a) Example
of a graphical user interface used in TD experiments. (b) Binary data
obtained by TD method from three assessors (panelists). (c) TD curves
calculated by accumulating and smoothing the panelists’ binary re-
sponses. Adapted from [16].

TD methods are used for recording perceptual responses
(TD of sensations) and affective and preferential responses
(TD of emotions). In general, perceptual and affective re-
sponses are measured separately in repeated trials, not in a
single trial; the data collection for the present study was also
conducted in this standard way.

3 STATE-SPACE MODELING OF TEMPORAL-
DOMINANCE CURVES

3.1 State and observation equations
In this study, we construct a model that estimates changes
in affective response from changes in perceptual response.
The output and input vectors for the model are the discrete
differential series of affective and perceptual dominance
rates:

yt = [y1t, . . . , yit, . . . , ypt]
T, (1)

ut = [u1t, . . . , ujt, . . . , uqt]
T, (2)

where yit and ujt are the differential values between two
successive instants t and t + ∆t of responses to the i-th
affective and j-th perceptual descriptor, respectively. Note
that i runs from 1 to p and j from 1 to q.

The state equation and observation equation are

mt+∆t = Amt +But, (3)

yt = Cmt +Dut + et, (4)

where A,B,C and D are coefficient matrices for each
variable; et ∈ Rp×1 is the observation error vector, with
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mean 0; and mt ∈ Rd×1 is the vector of state variables
at time t. d is the number of state variables and can be
arbitrarily determined. From (3), the present state variables
can be determined using the past state and input vectors; the
present state variables implicitly contain information about
the past states of the system. Hence, mt is called the vector
of memory. We show a concrete method of calculating it in
Section 3.2.

3.2 Canonical variate analysis

To determine the values of the state (memory) variables
mt at instant t, we use canonical variate analysis for
time-evolving inputs and outputs [22]. The past vector
pt ∈ Rp′×1 and future vector ft ∈ Rf ′×1 are defined as

pt = [yT
t−∆t, . . . ,y

T
t−l∆t,u

T
t−∆t, . . . ,u

T
t−l∆t]

T (5)

ft = [yT
t ,y

T
t+∆t, . . . ,y

T
t+h∆t]

T, (6)

where l ∈ {1, 2, ...} and h ∈ {0, 1, 2, ...} represent time lags
(or forward steps) for the past and future, respectively. The
sizes of the vectors are p′ = l(p + q) and f ′ = p(h + 1). pt

includes the system’s past inputs and outputs at t, whereas
ft includes the current and future outputs at t.

The values of the vector of state variables mt at t are
computed using the past vector pt:

mt = WTΣ
− 1

2
pp pt, (7)

where W ∈ Rp′×d is a matrix of the left singular vector
obtained by singular value decomposition, as in (8) below;
and Σpp ∈ Rp′×p′

is the variance matrix of pt. We also
define Σff ∈ Rf ′×f ′

as the variance matrix of ft, and
Σpf ∈ Rp′×f ′

as the covariance matrix of pt and ft:

Σ
− 1

2
pp ΣpfΣ

− 1
2

ff = WΣV T. (8)

Here, Σ ∈ Rd×d and V ∈ Rf ′×d are a diagonal matrix of the
singular values and the matrix of the right singular vector,
respectively.

3.3 Bootstrap resampling

In canonical variate analysis, overfitting occurs unless the
sample size, i.e., the number of curve sets, is sufficiently
large compared to the number of variates to be analyzed.
In the TD method, a single set of TD curves is acquired
by superimposing the responses of all assessors (Fig. 1 (c)).
Hence, canonical variate analysis cannot be directly applied.
To circumvent this problem, we increase the number of TD
curves by bootstrap resampling [23], i.e., forming a new
sample set by sampling the original observational data with
replacement [11]. In this study, we generated a single set
of TD curves by sampling n times at random from a pool
of n participants. By repeating this process 40 times, we
produced 40 sets of TD curves, to which canonical variate
analysis was applied.

3.4 Selection of model parameters
To construct a state-space model, we need to choose the
past (l) and future (h) time lags and the number of state
variables (d). In earlier studies [24], [25], the time lags were
determined such that the correlation coefficients between
observed and estimated values were maximized. However,
that approach led to overfitting when applied to our prob-
lems. To determine the number of state variables, Bartlett’s
test or Akaike’s information criterion is typically used.
However, Bartlett’s test led to overly complicated models
for our problems (d = 9 in the case of strawberries, for
example). On the other hand, Akaike’s information criterion
led to overly simplified models (d = 1 in the case of straw-
berries) that were not capable of predicting the affective
time-series.

Thus, we determined the model parameters by using
two-fold cross-validation. We divided the forty sets of TD
curves generated by the bootstrap resampling into two
groups at random. We then computed the state-space model
using the data of one group and obtained the state values
(mt) and model coefficients (A–D) corresponding to them.
The correlation coefficients between the observed and es-
timated values were then computed using the data of the
other group. The two groups were switched, and the same
process was repeated. The correlation coefficients acquired
in this way were averaged. These procedures were con-
ducted exhaustively for all the combination of parameters
defined by l = 1, ..., 5, h = 0, ..., 10, and d = 1, ..., 6. (This
parameter space was determined through a preliminary
search with a small number of bootstrapped samples.) We
then employed the parameter sets that achieved the greatest
correlation coefficients.

3.5 Edge reduction of the model based on confidence
interval
The coefficients A–D were computed between all variables,
but some of them were not statistically significant. We
used the sets of bootstrap samples, from each of which the
coefficient values, along with their means and confidence
intervals, were computed. If the mean of a certain coefficient
differed from zero by at least one confidence interval, then
that coefficient was considered significant and retained in
the model; insignificant coefficients were dropped. This pro-
cess of edge reduction greatly facilitates the interpretation of
the state-space models.

4 TD RESPONSES FOR STRAWBERRIES AND PLUM
PICKLES

4.1 TD curves for strawberries
Fig. 2 shows the TD curves obtained in [6], [7] as the
assessors (eight male and two female university students,
22–24 years old: n = 10) were eating strawberries. All the
assessors conducted TD of both sensations and emotions
tasks. The researchers recorded the responses using a set
of adjectives chosen in advance. We removed melty, soft,
happy/satisfied, natural, and elegant, which we judged to
be statistically meaningless according to the criteria given
in [1], and used the remaining nine descriptors (listed in
Table 1) in our later analysis. The curves were smoothed
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TABLE 1
Descriptors used to represent perceptual and affective/evaluative

responses to strawberries [7].

Perceptual Affective/Evaluative
Sweet Like
Sour Delicious
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Fig. 2. Temporal-dominance (TD) curves for (a) sensory adjectives and
(b) affective/evaluative adjectives for strawberries (modified from [7]).

by a low pass filter with a cutoff frequency of 1/∆t, where
∆t was 1/30 the normalized time, or approximately 1 s.
Continuous TD curves were discretized into 31 points with
a sampling interval of ∆t.

4.2 TD curves for plum pickles
Another published study [11], involving twenty university
student assessors (16 males and four females, 21–26 years
old: n = 20), contains TD curves for ten types of plum
pickles. Similar to the case of strawberries, all the assessors
conducted TD of both sensations and emotions tasks. We
used the curves for the bonito-flavored plum pickle, shown
in Fig. 3, eliminating the adjectives expensive, refreshing,
and fruity because of their small dominance rates; the 14
adjectives we retained are listed in Table 2. The smoothing
and discretization methods employed with the plum-pickle
data were the same as those with the strawberry data.

5 RESULTS

5.1 Strawberries
5.1.1 Selected model parameters
For strawberries, the selected model parameters l (past lags),
h (future lags), and d (number of state variables) are listed in

TABLE 2
Descriptors used to represent perceptual and affective/evaluative

responses to plum pickles [11].

Perceptual Affective/Evaluative
Sour Like
Sweet Dislike
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Salty Flavorsome
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Fig. 3. Temporal-dominance (TD) curves for (a) sensory adjectives and
(b) affective/evaluative adjectives for plum pickles (modified from [11].)

Table 3. The values of l and d vary among affective descrip-
tors, whereas h = 1 is selected for all of them. The parameter
values that maximize the mean estimation accuracy for all
types of descriptors are (l, h, d) = (2, 1, 3); we used this
parameter set to construct the model for strawberries.

5.1.2 State-space model for strawberries
The state-space model for strawberries constructed using
the above parameters is shown in Fig. 4. The model is shown
in a decomposed manner because it includes many edges.

TABLE 3
Parameters to maximize the estimation accuracy of individual affective

descriptors for strawberries. l: time lag for the past, h: time lag (or
forward step) for the future, d: number of state variables. The

parameters in the bottom row are used for the final model.

l h d
Like 3 1 5

Delicious 1 1 2
Fresh 5 1 3

Flavorsome 2 1 5
Whole model 2 1 3
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In these figures, the nodes indicate perceptual responses,
affective responses, or state variables. The edges indicate
significant influence between nodes. The values next to the
edges are the coefficients corresponding to each edge. Dot-
ted edges are statistically significant; however, their effects
are comparatively weak, with the absolute values of the
coefficients less than one third that of the largest influence
on each node. Red and blue edges indicate positive and
negative influences, respectively. As defined in (3) and (4),
edges connected to state variables are the effects of past
values, and edges connected to affective adjectives are the
effects of current values.

Fig. 4 (a) shows that the first state variable (m1) is
mainly affected by juicy and sweet and exerts a powerful
effect on delicious. Therefore, it represents the memory of
the deliciousness of strawberries.

Fig. 4 (b) shows that the second state variable (m2)
is strongly affected by watery; influences from the other
perceptual responses are small. This state variable repre-
sents the memory of wateriness of strawberries; it exhibits
negative effects on like and fresh and positive effects on
delicious and flavorsome.

The third state variable (m3), shown in Fig. 4 (c), is
negatively affected by watery and positively affected by
refreshing and sour. This state variable may represent the
memory of the coolness or unripeness of strawberries. This
state exhibits a positive effect on like and a negative effect
on flavorsome.

Figs. 4 (d)–(g) show the parts of the model pertaining
to each affective word. The node like is influenced by the
memories of wateriness (m2) and coolness (m3) and by
the perceptual variables watery, refreshing, and sour. The
node delicious is mainly influenced by refreshing and by
the memories of deliciousness (m1) and wateriness (m2).
The node fresh is weakly influenced by several perceptual
responses and memories; therefore, it must be considered
a comprehensive subjective response. The node flavorsome
is mainly influenced by refreshing and m1 (memory of deli-
ciousness), but is also moderately affected by the other two
types of memories, i.e., wateriness (m2) and coolness (m3).
The semantic validity of these connections will be discussed
in Section 6.1.

5.1.3 Estimation accuracy for strawberries
Fig. 5 shows the observed and estimated TD curves for af-
fective descriptors (in orange and blue, respectively). These
curves are the means of resampled TD curves. Note that
the curves are not shown at very small normalized times
because the past values for the perceptual descriptors and
states are not defined for t < 0 and the estimate for t < l∆t
is also not defined. The correlation coefficients between
the observed and estimated values are listed in Table 4.
These were computed from the 29 discrete points in Fig. 5,
excluding the first two undefined points. The correlation
coefficients for delicious and for flavorsome are approximately
0.90, and thus they are predicted with sufficient accuracy.
By contrast, like and fresh are only moderately correlated. In
terms of fresh, despite its moderate correlation coefficient,
i.e., 0.49, the estimated and observed curves are substan-
tially different, suggesting a difficulty in estimating fresh
using the sensory responses (see also Section 6.1).

TABLE 4
Correlation coefficients between observed and estimated

temporal-dominance curves for strawberries

Adjective Correlation coefficient
Like 0.54

Delicious 0.88
Fresh 0.49

Flavorsome 0.94

TABLE 5
Parameters to maximize estimation accuracy of individual affective
descriptors for plum pickles. l: time lag for the past, h: time lag (or

forward step) for the future, d: number of state variables. The
parameters in the bottom row are used for the final model.

l h d
Like 1 5 3

Delicious 4 5 1
Dislike 4 5 1

Flavorsome 4 3 1
Rich and deep 1 1 4

Sharp 2 1 2
Arousing 2 5 1
Whole 2 4 2

5.2 Plum pickles

5.2.1 Selected model parameters

The selected model parameters for plum pickles are listed
in Table 5. Like those for strawberries, they vary among
affective descriptors. The parameter set (l, h, d) = (2, 4, 2) is
best in terms of the average correlation coefficients among
all types of affective descriptors, and we used it for the
analysis of plum-pickle data.

5.2.2 Computed state-space models for plum pickles

The state-space models related to state variables for plum
pickles are shown in Fig. 6. The models specific to affective
adjectives are shown in the Appendix.

Fig. 6 (a) is the model related to the first state variable.
This state is positively affected by the second state variable
and by all perceptual responses except sweet. It is especially
affected by salty, sour, and umami, which are the general
tastes of bonito-flavored plum pickles [11]. Also, the first
state variable exhibits strong effects on like and delicious. This
state may correspond to the overall reaction to plums, or the
valence.

Fig. 6 (b) is the model related to the second state variable.
This state is strongly affected by sweet and juicy, from which
we infer that it may represent the memory of the sweetness
of fruit.

5.2.3 Estimation accuracy for plum pickles

Fig. 7 shows the observed and estimated TD curves for plum
pickles. Their correlation coefficients, summarized in Table 6
were computed using the 29 discrete points, excluding the
first two points. The correlation coefficients for delicious,
dislike and rich and deep are equal to or greater than 0.8,
suggesting that the model represents them accurately. By
contrast, the correlation coefficients for the other attributes
are moderate or low, with that for sharp being the smallest
at 0.36.
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Fig. 4. State-space models for strawberries related to (a) the first state variable (memory of deliciousness), (b) the second state variable (memory
of wateriness), (c) the third state variable (memory of coolness or unripeness), (d) like, (e) delicious, (f) fresh, and (g) flavorsome.



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 7

0 1
Normalized time

D
o

m
in

a
n

c
e
 r

a
te

0

0.5
Estimated
Observed

(a) Observed and  estimated TD curves for Like

R = 0.54 (��27� � 3.33, 
 � 0.0025)

0 1
Normalized time

D
o

m
in

a
n

c
e
 r

a
te

(b) Observed and  estimated TD curves for Delicious

R = 0.88 (� 27 � 9.62, 
 � 3.18 � 10���)

0 1
Normalized time

D
o

m
in

a
n

c
e
 r

a
te

(c) Observed and  estimated TD curves for Fresh

R = 0.49 (��27� � 2.92, 
 � 0.0070)

0 1
Normalized time

D
o

m
in

a
n

c
e
 r

a
te

(d) Observed and  estimated TD curves for Flavorsome

R = 0.94 (� 27 � 14.3, 
 � 3.95 � 10���)

Estimated
Observed

Estimated
Observed

Estimated
Observed

0

0.5

0

0.5

0

0.5

Fig. 5. Observed and estimated temporal-dominance (TD) curves for
strawberries: (a) like, (b) delicious, (c) fresh, and (d) flavorsome. R is the
correlation coefficient between the observed and estimated values in the
curves. Results of the significance tests of correlation are also shown.

TABLE 6
Correlation coefficients between observed and estimated

temporal-dominance curves for plum pickles

Adjective Correlation coefficients
Like 0.51

Delicious 0.96
Dislike 0.85

Flavorsome 0.44
Rich and deep 0.80

Sharp 0.36
Arousing 0.48

6 DISCUSSION

6.1 Semantic validity of the model for strawberries

Like that of previous studies [7], [9], [10], [11], [12], [13], the
modeling method in this one is meant to provide insight
into the dynamics of perceptual and affective responses. It
is therefore important to consider whether the interpretation
put on the model is semantically valid. We discuss this
only in the case of strawberries by citing some literature,
because, as mentioned previously, plum pickles are eaten
in very limited regions of the world or in certain cultures,
and the validity of the model may not be evident to readers
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Fig. 6. State-space models for plum pickles related to (a) the first state
variable: memory of overall reaction; and (b) the second state variable:
memory of sweetness of fruit.

unfamiliar with this food.
The three types of states that could be considered as pre-

dominant memories were found in the strawberry model.
These memories correspond well to the principal compo-
nents found by Oliver et al. [26] in their study where several
types of strawberries were classified on the basis of a rating
task using normative descriptors, i.e., quantitative descrip-
tive analysis. According to [26], the positive extreme of the
first principal component was characterized by the sweet
and floral flavor and fruity aroma. These characteristics are
close to those of the first memory (memory of deliciousness)
in our model. The negative extreme of the first principal
component was characterized by the under-ripeness such
as green flavor and aroma, sourness, and citrus flavor and
aroma. These characteristics are close to those of the third
memory (memory of coolness and unripeness) in our model.
The second principal component in [26] was mostly related
to the appearances of strawberries, which were not investi-
gated in the present study. The third principal component
in [26] was characterized by the quantity of fluid in straw-
berries, which corresponds to the substances of our second
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Fig. 7. Observed and estimated temporal-dominance (TD) curves for
plum pickles: (a) like, (b) delicious, (c) dislike, (d) flavorsome, (e) rich
and deep, (f) sharp, and (g) arousing. Results of the significance tests of
correlation are also shown.

memory (memory of wateriness). The study by Oliver et
al. [26] did not investigate the dynamic sensory appraisal;
however, some common features can be found in [26] and
our dynamic sensory appraisal.

As shown in Fig. 4 (e), delicious was positively influenced
by the memories of deliciousness (m1) and wateriness (m2).
The memory of deliciousness is an accumulation of past
juicy and sweet. Hence, this part of the model is interpreted
as stating that sweeter, juicier, and waterier strawberries are
judged more delicious. This appears plausible for strawber-
ries.

As shown in Fig. 4 (d), like was negatively affected by
watery and the memory of wateriness (m2). It is difficult to
say whether or not this connection is reasonable; however, in
a sensory study of strawberries [27], the amount of liquid in
strawberries was neutral or negative against the consumer
preferences, which is consistent with our results. By con-
trast, refreshing and sour positively influenced like, as did the
memory of coolness or unripeness (m3). Thus, strawberries
that felt cool, refreshing, and sour were preferred. For most
fruits, sweetness is a positive factor [27], [28], [29], [30];
however, in our data, sweet hardly affected like. Instead, as
mentioned above, sweet pertained to delicious. In most of the
earlier studies, either like or delicious was used in ratings,
but not both; the meanings of these two descriptors might
have been mixed. One might expect that the responses to
delicious and like would be similar; however, in our data,
they were influenced differently by watery and refreshing.
This dissociation between deliciousness and liking was seen
in our past analysis using the same data [7]. Ares et al.
also reported that deliciousness and liking responses were
different in their study using milk desserts [31], but that
deliciousness can be a driver of liking.

In terms of fresh, our model may be inadequate, given the
low correlation coefficient (0.49) between observation and
estimation. As shown in Fig. 4 (f), fresh received positive ef-
fects from all the perceptual responses, and negative effects
from the memories of wateriness (m2) and coolness (m3).
Although the direct effects of watery, refreshing, and sour on
fresh were positive, the indirect effects through m2 and m3

were negative. It is difficult to explain these connections
semantically. We speculate that the perceptual descriptors
used in our data did not cover the information necessary
to judge the freshness of strawberries. According to Péneau
et al. [32], although the subjective judgment of freshness
in strawberries and apples is influenced by many factors,
including odor and texture, visible aspects such as bruises
and surface glossiness are the most important. These were
not addressed in the questionnaire that we used.

Flavorsome represents the good odor. It was positively
affected by the memories of deliciousness (m1) and wateri-
ness (m2). It is reasonable that the memory of deliciousness
would positively influence flavorsome, because this memory
is composed of the time-lagged descriptors juicy and sweet.
As shown in Fig. 4 (e) and (g), flavorsome and delicious have
similar structures. This seems fair, because taste preference
for strawberries is strongly related to their aroma [30], [33],
[34].

In general, our model of strawberries seems to be se-
mantically acceptable. At the very least, it does not include
apparently incorrect connections between the descriptors.
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Nonetheless, this point should be further studied involving
various type of foods and stimuli in future.

Here, the strawberry model of the present study and
that of our past report [16] are compared. In [16], the
model parameters were arbitrarily determined ((l, h, d) =
(1, 1, 3)) whereas in the present study, they were determined
such that the mean prediction performance was maximized
((l, h, d) = (2, 1, 3)) as in Section 3.4. In terms of delicious
and flavorsome, the correlation coefficients between the ob-
servation and estimation are similar between the present
model and that in [16]. The correlation coefficient for like
in the present model decreased to 0.54 from 0.81 in [16].
In contrast, the coefficient for fresh increased to 0.49 from
0.09. The mean correlation coefficient of the present model
is 0.71, which is slightly greater than 0.66 in [16]. This
is understandable because the parameters in the present
model were selected to maximize the mean correlation
coefficient. Nonetheless, a criterion for parameter selection
should be adjusted according to the objective of the model
establishment.

6.2 Limitations of the method and study

We constructed models to estimate the changes in affective
responses from those in perceptual responses. In reality,
affective and perceptual responses may exert a mutual
influence, and their effects may not be unilateral. Further,
affective responses are known to influence each other [35],
[36], [37]. Our method does not incorporate such factors,
perhaps limiting the realism of the model. Perceptual and
affective responses can influence each other in the model
presented in [7]: a model, however, that does not allow
the introduction of latent memory variables. Multi-layered
modeling methods [37], [38], [39], on the other hand, may
mitigate the response-interaction problem more effectively:
such models consider multiple layers of affective responses
whereas the present model has only a flat output layer.

As may be seen from Tables 3 and 5, time-lag parameters
differ among the descriptors. This is interesting and should
be studied in future. However, our method uses the same
time lag for all descriptors chosen so that the average ability
of the model is maximized. In future, model parameter
flexibly determined by descriptors should be substituted for
the present model’s unique time-lag values.

One concern about the present study is that the bootstrap
resampling method for TD data has not been validated.
Thus far, the same or similar approaches have rarely been
employed and its adverse effects such as the biases of dom-
inance rates are unknown. However, samples made by the
resampling method do not include impossible values, such
as negative dominance rates and sums of rates exceeding
100% at any instances.

There is no established requirement in the food industry
or among researchers for the minimum estimation-accuracy
of TD curves. Okada et al. [7] estimated the TD curves of
strawberries using the same data as the present study and
vector auto-regression modeling. Compared to their cross-
validation results, our model appears better: the correlation
coefficients between the observed and estimated TD curves
of the present model are higher than those in [7] by 0.1–
0.45 points. However, this difference may simply be due

to the higher number of connections among variables and
the greater complexity of the present model. The criteria
of model selection differ between modeling methods, and a
single performance value is an inadequate basis for compar-
ison. In future, methods for performance comparison should
be developed.

7 CONCLUSION

We proposed a state-space modeling method for temporal-
dominance responses and tested it on TD data for straw-
berries and plum pickles. We computed the state variables
using canonical correlation analysis, which was possible
once we had prepared a large set of samples by boot-
strap resampling. We determined the model parameters by
cross-validation. The model included memory variables that
summarized the directly observed variables reductively. For
example, for strawberries, the dynamic changes of nine
types of TD curves were connected by three types of fac-
torial memories: memories of deliciousness, coolness, and
wateriness. These results suggest that these three memo-
ries play prominent roles in the time-dependent subjective
experience of eating strawberries. The semantic validity of
the model was assessed and found to be acceptable. The
model partly predicted the TD curves of affective responses;
however, some aspects, including the flexible determination
of model parameters, should be explored further to improve
the model’s utility.

APPENDIX A
FIGURES OF THE STATE-SPACE MODEL FOR PLUM
PICKLES

Fig. 8 shows the state-space model for plum pickles. Each
of Fig. 8 (a)–(g) features the influences on an individual
affective descriptor.
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open-ended question to identify drivers of liking of milk desserts.
comparison with preference mapping techniques,” Food Quality
and Preference, vol. 21, no. 3, pp. 286–294, 2010.

[32] S. Péneau, P. B. Brockhoff, F. Escher, and J. Nuessli, “A compre-
hensive approach to evaluate the freshness of strawberries and
carrots,” Postharvest Biology and Technology, vol. 45, no. 1, pp. 20–
29, 2007.

[33] J. T. V. de Resende, L. K. Camargo, E. J. Argandoña, A. Marchese,
and C. K. Camargo, “Sensory analysis and chemical characteriza-
tion of strawberry fruits,” Horticultura Brasileira, vol. 26, no. 3, pp.
371–374, 2008.

[34] C. Jouquand, C. Chandler, A. Plotto, and K. Goodner, “A sensory
and chemical analysis of fresh strawberries over harvest dates and
seasons reveals factors that affect eating quality,” Journal of the
American Society for Horticultural Science, vol. 133, no. 6, pp. 859–
867, 2008.

[35] X. Chen, C. J. Barnes, T. H. C. Childs, B. Henson, and F. Shao,
“Materials’ tactile testing and characterization for consumer prod-
ucts’ affective packaging design,” Materials and Design, vol. 30, pp.
4299–4310, 2009.

[36] S. Okamoto, H. Kojima, A. Yamagishi, K. Kato, and A. Tamada,
“Layered-modeling of affective and sensory experiences using
structural equation modeling: Touch experiences of plastic sur-
faces as an example,” IEEE Transactions on Affective Computing,
vol. 12, no. 2, pp. 429–438, 2021.

[37] S. Okamoto, H. Nagano, K. Kidoma, and Y. Yamada, “Speci-
fication of individuality in causal relationships among texture-
related attributes, emotions, and preferences,” International Journal
of Affective Engineering, vol. 15, no. 1, pp. 11–19, 2016.

[38] I. H. M. Hashim, S. Kumamoto, K. Takemura, T. Maeno, S. Okuda,
and Y. Mori, “Tactile evaluation feedback system for multi-layered
structure inspired by human tactile perception mechanism,” Sen-
sors, vol. 17, p. 2601, 2017.

[39] K. Kidoma, S. Okamoto, H. Nagano, and Y. Yamada, “Graphical
modeling method of texture-related affective and perceptual re-
sponses,” International Journal of Affective Engineering, vol. 16, no. 1,
pp. 27–36, 2017.

Kyoichi Tachi is a mechanical engineer who
received a BS in engineering from Nagoya Uni-
versity in 2020. His research interests include
affective engineering and biomechanics.



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 12

Shogo Okamoto received his PhD in Informa-
tion Sciences from Tohoku University in 2010.
He had been with Nagoya University since 2010;
currently, he is an associate professor at Depart-
ment of Computer Sciences, Tokyo Metropolitan
University. His research interests include hap-
tics, assistive robotics, and affective engineer-
ing.


