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Abstract: In contemporary markets, fish are frequently wrapped in cling film, necessitating consumers’
reliance on visual cues to assess freshness. This study explores whether common Japanese consumers
can accurately discern fish freshness based solely on visual information. We conducted an online
experiment with 529 randomly selected participants in Japan by asking them to select the freshest
fish from photographs of horse mackerel with varying freshness levels. In order to elucidate the
mechanism of freshness detection, we conducted principal component analysis on the quantified
body color and shape data. Additionally, we measured physical characteristics such as lipid contents,
gloss, length, and weight of the fish. This study examines the correlation between these visual cues
and consumers’ judgments, revealing the accuracy of visual indicators used by consumers in daily
assessments of fish freshness. These findings suggest that a portion of Japanese consumers can
correctly identify the freshness of fish based on appearance. They primarily rely on the brightness
of the fish’s eyes and specific color combinations of the body to judge freshness, with the shape of
the fish having less impact. Comparing the selection frequency between high- and low-accuracy
participants, we observed that a low accuracy in freshness detection was not solely due to a lack of
sensitivity to signals from photographs, but may also result from a misinterpretation of these signals
by consumers.

Keywords: fish freshness; sensory features; consumer perception; principal component analysis; fish
eye luminance; fish body color

1. Introduction

The freshness of the fish is critical. Fish freshness has been the primary criterion used
by consumers to evaluate the quality of fish products. One study revealed that consumers
prefer freshness when purchasing fish products, followed by price, quality, packaging,
and nonseasonal availability [1]. Another study showed that consumers are willing to
pay higher prices for fresh fish [2]. Furthermore, some consumers equate fish quality
with freshness [3]. However, consumers in the modern era face barriers in assessing the
freshness of fish in grocery stores due to recent changes in distribution and sales methods.
Fish in grocery stores are tightly wrapped in plastic to prevent dehydration and contact
with bare hands. Simultaneously, online shopping only reveals visual information in the
photos indicating the origin and date [4]. In today’s system, consumers must often judge
the freshness of fish using only visual information.

The goal of this study is to investigate whether and how consumers can accurately
judge fish freshness based solely on visual information. We designed an online experi-
ment in which 529 consumers were invited to select the freshest fish from photographs of
horse mackerel with varying levels of freshness sampled from retail stores in Tokyo [5].
To understand the mechanism of freshness assessment in depth, we conducted principal
component analysis on the quantified data of fish body color and contour shape, extracting
ten principal components representing color characteristics and nine representing shape.
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We also measured the physical characteristics of the fish, including lipid content, gloss,
length, and weight [6]. We explored the correlation between these visual cues and con-
sumers’ judgments of fish freshness. Furthermore, we compared the differences between
the high- and low-accuracy participants to identify the features they used to judge the
freshness of fish.

There are various methods to determine freshness; however, they are usually complex
and time-consuming. These include chemical analysis, sensory evaluation, and advanced
technologies such as fish analyzer and electronic noses [7]. In terms of chemical analysis, [8]
detailed several core methods, including the determination of the K-value, peroxide value,
TVB value, and redox potential [9]. It is worth noting that these methods, while providing
us with large amounts of chemical information, are often very time-consuming and can
cause damage to the sample. Recently, simple devices called Fish Analyzers Pro, which
assess the freshness and lipid content of fish quickly by measuring body impedance, became
available for observing fish quality during inventory and distribution [10].

The most important innovation of this study is that it is the first to examine general con-
sumers’ ability to judge freshness based on appearance. Nakamura et al. [11] demonstrated
that professionals could judge freshness based on appearance (color). Jarmin et al. [12] and
Rocculi et al. [13] found that RGB color changes in fish eyes and gills correlated with fish
deterioration. Karoui et al. [14] explored the use of mid-infrared (MIR) spectroscopy com-
bined with chemometric tools to determine fish freshness. Olafsdottir et al. [15] attempted
to determine freshness using a multisensory approach. Hicks et al. [16] conducted an
internet survey to assess consumers’ knowledge and attitudes toward seafood and seafood
consumption. However, it is unclear whether the general consumer can determine the
freshness of fish by appearance in the current distribution and marketing system. Secondly,
we simultaneously included multiple types of visual information (i.e., color and shape) in
our analysis, which allowed us to shed more light on the consumer freshness assessment
process. Murakoshi et al. [17] focused on the relationship between eye luminance and
freshness, while Costa et al. [18] and Ohta [19] examined the role of color calibration in
assessments of fish freshness. Our study built upon this by examining a comprehensive
list of characteristics. Furthermore, the study compared data from fish analyzers with con-
sumer judgment [20]. This approach pioneered the study of how consumers perceive and
interpret visual cues associated with scientifically measured freshness levels. By combining
objective measurements from a fish analyzer pro with consumer assessments, we can delve
into the nuances of consumer sensitivity to specific visual signals.

2. Materials and Methods
2.1. Animal Ethics and Confidentiality

This study did not involve live animal experimentation or any harmful treatment of
fish. This study only involved horse mackerel that were sold and purchased from retail
stores. The experimental procedures were non-invasive, consisting solely of photographing
the fish and measuring parameters such as freshness, size, and weight. In addition, the
online survey did not collect any information that may reveal the identity of the respondent,
nor did it include any questions that are potentially harmful to the respondents. The school
policy states that we do not need an Institutional Review Board’s approval in such studies.

2.2. Freshness Definition

Definitions of freshness in the literature may vary but are usually based on time, such
as the time since capture or the time since the fish was delivered to the store. Although
time-based definitions are convenient, they are not practical in reality because the condition
of the fish can vary greatly depending on handling and storage methods [2,21] To simulate
real situations that consumers face when buying fish, relying solely on the number of days
since capture to judge freshness can lead to accurate judgments in experiments but errors
in real-life situations. Therefore, in this analysis, it is preferable to assess fish freshness
based on the condition of the fish at the time of sampling rather than the number of days
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since capture. For this purpose, we used a fish analyzer pro to measure the freshness of
fish. The principle of the fish analyzer pro is based on impedance, which measures how
difficult it is to pass an electric current through the fish. High-frequency currents pass
through cells with low impedance, while low-frequency currents pass outside of cells with
high impedance. As the freshness of the fish decreases, the impedance also decreases due
to the intracellular fluids flowing out of the cell [22]. By comparing impedance at different
frequencies, the freshness of the fish can be accurately measured.

Recent developments in impedance-based freshness measurement methods have
increased its popularity, with studies by [23,24] demonstrating the effectiveness of the
Fish Analyzer for various fish species. Yuan et al. [10] introduced the C-value (the ratio
of impedance between 2 kHz and 100 kHz) and found a high correlation with K-values,
suggesting that impedance measurements reliably reflect fish freshness. Additionally,
Okabe and Murata [25] confirmed the practical application and effectiveness of the Fish
Analyzer Pro in the market, showing that it provides reliable freshness measurements that
align well with the perceptions of seafood sellers and buyers.

2.3. Experimental Design

To investigate whether consumers can accurately assess the freshness of fish based
solely on visual information, we conducted an internet questionnaire survey using pho-
tographs of horse mackerel purchased from fish shops. The survey questions were created
by authors, and an actual online survey was conducted by Cross Marketing Inc. A total
of 529 participants were recruited randomly, including 265 males (50.1%) and 264 females
(49.9%) ranging from 16 to 76 years old. The participants represented a diverse range of
occupations and were from all 47 prefectures of Japan. The experiment was conducted as
a multiple-choice questionnaire in which participants were shown three photographs of
horse mackerel sampled from retail stores in Tokyo and asked to select which they per-
ceived as the freshest one. We used 242 fish for the experiment, and all fish were purchased
from different retail stores to ensure various freshness levels. These fish were a mixture
of both aquaculture and wild-caught. These photographs were randomly selected and
combined from a pool of 242 images of horse mackerel with varying freshness levels, with
every image appearing to participants at least 52 times. Each participant was required to
complete 10 such selection quizzes. Subsequently, we analyzed the correlation between the
frequency of selection, color, and shape features of the fish and measured values (i.e., fresh-
ness, lipid contents, length, weight, and gloss) of the fish. The frequency of selection (S) is
expressed as

S =
number o f times selected by participants
number o f times shown as an alternative

(1)

2.4. Extraction of Visual Information

The gloss of the fish’s surface was measured within 10 min of purchasing the fish
using a Gloss Measuring Instrument (Horiba IG 340). The fish were then photographed in
a camera box (Figure 1). The freshness and lipid contents measurements were based on
the electrical characteristics of the fish’s body, which were measured using a Fish Analyzer
Pro DFA110 Ver.1.00 [5]. This can instantly measure the freshness and lipid contents of
fresh fish without damaging its surface using impedance at five different electric current
periodicities (General Scale Manufacturer, Yamato Scale Co., Ltd.: https://www.yamato-
scale.co.jp/en/example/case/206 (accessed on 27 September 2024)). The selection of eye
luminance and skin luster as visual cues are based on the knowledge obtained by the
previous studies in assessing fish freshness. Cloudy white eyes and reduced skin gloss
are commonly associated with poor freshness [17,26,27]. Therefore, these indicators were
prioritized at our study in evaluating freshness.

The shooting frame was a square measuring 44 × 44 cm. Two rows of LED lights were
placed on top of the frame, and the bottom center was marked to position the fish (Figure 1).
The fish were placed in the center of the plate with the head facing left and the front facing
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up to ensure that the fish were in the same position and placed in the same way each time a
photo was taken. The digital camera was fixed to the position of a hole to ensure identical
shooting angles. The shooting box was fully enclosed and light sources were provided by
LEDs on both sides to ensure adequate light and stability. The camera model used was a
Canon PSD20 PowerShot D20 Digital Camera, approx. 12.1 Megapixels, 5× optical zoom,
and Tough waterproof. After taking photos, the fish were stored on ice and brought back to
the laboratory at the end of the day of purchase to measure their length and weight. After
collecting 242 photographs, visual information was extracted from them.
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Figure 1. Shooting frame.

Based on previous studies by [11,18] and observations of the photographs captured,
we examined six distinct body parts, as depicted in Figure 2. Parts 1, 4, 5, and 6 were
selected based on their significant color differences, whereas parts 2 and 3 were selected
based on samples being easily damaged and reddish. The average color of each part
was quantified using the Lab color space system, employing the OpenCV and Skimage
libraries in Python. To assess the luminance of the fish’s eyes, we initially separated the eyes
using ImageJ software (ImageJ2 2.9.0/1.53t) [28]. Subsequently, the average eye luminance
was calculated with the “imager” package in R (Version 1.3.959), which is designed for
image processing.
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2: Part 2 of the fish body; 3: Part 3 of the fish body; 4: Part 4 of the fish body; 5: Part 5 of the fish body;
6: Part 6 of the fish body.

For analysis of morphological changes, a software tool called Shape (Ver. 1.3, an ellipti-
cal Fourier descriptor) was used to quantify the contour lines of the fish [29]. We binarized
the photographs using “Paint 3D “to make shadowgraphs and converted the format of the
photographs from JPG to BMP to adapt to Shape. In this process, special attention was paid
to manually removing the body shadow caused by lightning. We put these shadowgraphs
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into the software “shape” for Fourier Transformation and principal component analysis.
“Shape” extracts contours from shadow graphs of objects and abstracts these contours into
the average amplitude of 20 frequencies using elliptical Fourier expansion. It then performs
PCA on the variance and covariance matrix of these 20 frequencies using PrinComp in R
(Version 1.3.959). As a result, “Shape” identifies 20 principal components and provides
a scree plot of the eigenvalues (variance). It also generates contours for each principal
component, showing the average amplitude of each frequency and contours representing
the average ± 2 standard deviations.

2.5. Principal Component Analysis

To condense the body color data, we performed principal component analysis (PCA)
using R software (Version 1.3.959). PCA is a dimensionality reduction technique that
transforms the original variables into a smaller set of uncorrelated variables, called principal
components while retaining as much variance as possible [30,31]. This approach is beneficial
when dealing with complex datasets, such as color values across multiple body parts of
the fish, by reducing the number of variables while maintaining the key information [32].
For the color information, we utilized the LAB color space, which is more intuitive for the
human eye than RGB color space using three primary light colors. Each body part of the
fish was characterized by three color values (L, a, b). In the Lab color space system, “L”
represents luminance, with values between 0 and 100; “a” represents the hue from green
to red (the negative axis represents green, and the positive axis represents red); and “b”
represents the hue from blue to yellow (the negative axis represents blue, and the positive
axis represents yellow) [33].

Given that we analyzed six body parts, this resulted in 18 color values per fish. These
color data were then subjected to PCA to extract the principal components. Due to the
complexity of the color data (comprising 18 variables) and the subtle variations in them, we
adopted the cumulative variance contribution criterion to select the principal components.
We chose the widely used standard of 80%. In the principal component analysis of the
color data, the first 10 principal components met this standard. We explained the 10 color
principal components by using the size of each principal component’s loadings, along with
the color changes in the images corresponding to the variations in principal component
scores. We examined the loadings of each color variable to interpret principal components.
The loadings indicate how much each original color variable contributes to a principal
component. By observing the visual changes in the images, the significance of the color in
principal components can be explained. An explanation of each principal component is
given in Table 1.

Table 1. Description of Color Principal Component.

Principal Component Description

PC1_C As the PC1 value increases, the colors in parts P1, P3, P5, and P6 become more yellow.
PC2_C As the PC2 value increases, the luminance in part P1 decreases, while the redness in part P3 increases.
PC3_C As the PC3 value increases, the green in part P2 increases, along with its luminance.

PC4_C As the PC4 value increases, the luminance in parts P2 and P3 increases, while parts P1 and P6 shift
towards red.

PC5_C As the PC5 value increases, the luminance in parts P1 and P6 increases.
PC6_C As the PC6 value increases, the luminance in part P4 increases, with a shift towards blue.
PC7_C As the PC7 value increases, the luminance in part P5 increases, and part P2 shifts towards blue.
PC8_C As the PC8 value increases, the luminance in part P6 increases, and part P4 shifts towards yellow.

PC9_C As the PC9 value increases, the luminance in part P4 increases, the redness in parts P1 and P4
increases, and the greenness in parts P2 and P6 increases.

PC10_C As the PC10 value increases, the redness in part P3 increases.

Note: Descriptions were made from principal component loadings of L, a, and b values in each part in the first
step. The validity of these descriptions was confirmed by comparing the highest and lowest photographs of fish
in each principal component in the second step.
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The software “shape” returned principal components with the result of the scree plot.
We selected 9 principal components from them referring to the scree plot. The description
of the morphological changes expressed by each principal component is given in Table 2.

Table 2. Description of shape principal component.

Principal Component Description

PC1_S Reflects the size and spread of the caudal fin relative to the body. Lower PC1 values indicate a larger
and more spread-out caudal fin.

PC2_S Reflects the orientation of the caudal fin relative to the body axis. Changes in PC2 values are
associated with the direction of the caudal fin.

PC3_S Reflects the size difference in the caudal fin relative to the body. Changes in PC3 values indicate the
size difference between the caudal fin and the body.

PC4_S Reflects the thickness of the caudal peduncle relative to the body. Changes in PC4 values indicate
differences in the thickness of the caudal peduncle and body size.

PC5_S Reflects the ratio of overall length to body height. Changes in PC5 values indicate the proportion
difference between total body length and body height.

PC6_S Reflects the variation in the spread of the caudal fin. Changes in PC6 values indicate different ways
the caudal fin spreads.

PC7_S, PC8_S, PC9_S Mainly reflect the shape of the caudal fin. PC8, in particular, shows the feature of the upper part of
the caudal fin s extending upwards.

Note: The descriptions were made by comparing three contours provided by Shape: average +2 standard
deviations, average, and average −2 standard deviations for each principal component in the first step. Then,
the validity of the descriptions was confirmed by comparing the highest and lowest photographs of fish in each
principal component in the second step.

2.6. Participant Grouping and Analysis of Variance

To explore how people with high accuracies differ from those with low accuracies
when judging freshness based on fish appearance, we analyzed participants’ preferences
in judging fish freshness by standardizing the characteristics of the fish selected by each
participant. Participants were classified into three groups based on their correctness rates.
To explore variations in freshness across these groups, we calculated their average scores
and conducted a one-way analysis of variance (ANOVA) [34].

3. Results
3.1. Distribution of Correct Answers

In the demonstration experiment, the average freshness value measured by the Fish
analyzer was 0.341, with a standard deviation of 0.072 (The scale range used by the Fish
analyzer is 0–1. A value above 0.43 indicates that the fish is fresh enough to be eaten
raw. A value of 0.341, as mentioned in the manuscript, is considered moderately fresh,
meaning the fish is recommended to be cooked rather than eaten raw). Seven participants
did not provide any correct answers in the ten quizzes, while four of the highest-scoring
participants recorded eight correct answers. For these four participants, the maximum
difference in freshness values between incorrectly selected fish and the freshest fish was
0.093, with the average being 0.047. The average number of correct answers was 3.78,
and the standard deviation was 0.49. This average was higher than 3.33 (the expected
value of the number of correct answers hypothesizing a binomial distribution if the answer
was randomly selected). Figure 3 shows the number of participants for each number
of correct answers with the expected number of participants presumed in the binomial
distribution [35]. We conducted a chi-square test using the number of participants for each
number of correct answers compared with the expected value of the number of participants
for each number of correct answers [36]. The sum of the chi-square value was 53.48, and
the shape of the distribution was statistically different from the random selection (critical
value of α = 0.005 is 25.2).
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3.2. Correlation

Tables 3–5 present the correlation matrices for the consumer judgments, actual mea-
sured freshness, and visual cues.

Table 3. Correlation matrix for measured data.

Score Con_Fre

Con_fre 0.8
gloss 0.05 0.3 **

lipid contents 0.08 −0.12
length 0.05 0.25 **
weight 0.06 0.1

Notes: ** Correlation is significant at the 0.01 level, correlation is significant at the 0.05 level. con_fre: measured
freshness.

Table 4. Correlation matrix for eye luminance and color data.

Score Con_Fre

eye_lum 0.59 ** −0.17 *
PC1_C 0.17 * 0.51 **
PC2_C −0.36 ** 0.1
PC3_C −0.18 ** 0.23 **
PC4_C 0.02 0.01
PC5_C −0.07 0.03
PC6_C 0.11 0.15 *
PC7_C 0.04 −0.17 *
PC8_C 0.02 −0.04
PC9_C −0.02 0.06

Notes: ** Correlation is significant at the 0.01 level, * Correlation is significant at the 0.05 level. con_fre: measured
freshness. For the meaning of color principal components, please refer to Table 1.

Gloss, length, PC1_C, PC3_C, PC6_C, and PC8_S are positively correlated with actual
measured freshness. This means that higher values of these variables indicate higher
actual freshness of the fish. Eye luminance (eye_lum), PC7_C, PC2_S, PC5_S, and PC6_S
are negatively correlated with freshness, indicating that higher values of these variables
correspond to lower actual freshness of the fish.

The correlation between the consumer judgments and the freshness measured by the
Fish analyzer is only 0.08 and not significant. Consumer judgments are significantly and
positively correlated with fish eye luminance (eye_lum) and PC1_C. This means that the
brighter the fish’s eyes or the higher the PC1_C value, the fresher the consumers perceive
the fish to be. Conversely, consumer judgments are significantly negatively correlated with
PC2_C and PC3_C. This indicates that higher values of these principal components lead
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consumers to believe the fish is less fresh. There are no statistically significant correlations
between the measured data and shape data with consumer judgments.

Table 5. Correlation matrix for shape data.

Score Con_Fre

PC1_S −0.1 −0.05
PC2_S −0.04 −0.2 **
PC3_S 0.01 −0.03
PC4_S 0.13 −0.12
PC5_S −0.01 −0.26 **
PC6_S −0.09 −0.19 **
PC7_S −0.06 −0.02
PC8_S 0 0.14 *
PC9_S 0.02 0.04

Notes: ** Correlation is significant at the 0.01 level, * Correlation is significant at the 0.05 level. con_fre: measured
freshness. For the meaning of shape principal components, please refer to Table 1.

3.3. Participant Grouping and ANOVA

To investigate the differences in freshness judgment preferences between participants
with high and low correctness rates, we categorized the participants based on their accu-
racy. We standardized the information on the characteristics of the fish selected by each
participant to show their preference when judging freshness. The participants in each
group were as follows: Group L (low correctness rate): individuals with zero or one correct
answers; Group M (average correctness rate): individuals with four correct answers; and
Group H (high correctness rate): individuals with seven or eight correct answers. These
groups contained 39, 141, and 20 respondents, respectively. We compared the average
scores of each group and performed an analysis of variance.

Figure 4 highlights the variables that exhibited significant differences among the low,
medium, and high correctness rates (LMH) groups (p < 0.05). Notably, these groups showed
significant variations in measured freshness (con_fre), gloss, color characteristics (PC1_C),
and body shape features (PC3_S and PC4_S).
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Figure 4. Boxplots of significant variables at 95% confidence intervals. Note: con_fre: measures
freshness. Eye_lum represents eye luminance. PC1_C: As the PC1 value increases, the colors in parts
P1, P3, P5, and P6 become more yellow. PC3_S: Reflects the size difference in the caudal fin relative
to the body. Changes in PC3 values indicate the size difference between the caudal fin and the body.
PC4_S: Reflects the thickness of the caudal peduncle relative to the body. Changes in PC4 values
indicate differences in the thickness of the caudal peduncle and body size.
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Significant differences were observed in preference for eye luminance between the
low and high correctness rate (LH) groups. The participants in Group H predominantly
selected fish with lower eye luminance, whereas those in Group L were inclined towards
fish with higher luminance. When it came to gloss, Group H generally preferred fish with
high gloss, while Group L opted more for fish with low gloss. Regarding PC1_C, Group H
favored photos with a higher PC1_C component, indicating a preference for certain color
traits, whereas Group L selected photos with a lower PC1_C component. For the body
shape, there were differences in the choices of Groups L and H concerning the body shape
characteristics PC3_S and PC4_S.

4. Discussion

The primary aim of this study is to investigate whether and how consumers can
judge the freshness of fish sold in the real market, but not to assess the general ability
of consumers to determine freshness in a controlled environment where fish originating
from a single location can be used. Thus, we focus on fish sold in real-world settings.
In practice, fish sold in the market can vary significantly due to factors such as growth
stages, environmental conditions of the habitat, and treatments after the harvests, which
substantially impact appearance and shape. These variations may be more significant than
those caused by differences in freshness alone. Consumers must therefore discern freshness
amid these factors.

Principal component analysis (PCA) was chosen for this study because it allows for
a broad extraction of changes without forcing variations into dominant factors, which
happens in factor analysis. When conducting factor analysis with a controlled sample,
factors related to freshness would naturally emerge as the most significant. However, with
market samples, other variables could dominate, potentially overshadowing the visual
changes caused by freshness. PCA, as merely a diagonalization of the variance–covariance
matrix, prevents minor factors from being excluded in favor of dominant ones. This
flexibility is essential for our study, where we aim to capture consumers’ more subtle visual
cues to assess the freshness of fish sold in real-world settings.

The results demonstrate that while the first principal component of color was cor-
related with freshness, other components were not. It was also found that most factors
related to shape showed no significant correlation with freshness. These results were
anticipated, as freshness changes are more likely to appear in color than shape, which is
more influenced by environmental and growth factors. This supports the validity of using
PCA in this analysis.

4.1. Accuracy of Visual Judgment of Freshness of Participants

The correlation coefficient between the measured freshness and frequency of selection
by participants was 0.08, which is very low and statistically not significant, though it
is positive. This result does not provide evidence that common people can accurately
judge the freshness of fish using visual cues alone. Previous studies have shown that
multiple sensory factors—visual, olfactory, and tactile cues—are typically used to assess
freshness [15,37], and the low correlation observed in this study (r = 0.08) supports the
idea that many consumers rely on sensory information beyond just visual cues, such as
smell and touch. However, our study has revealed that a small number of consumers can
accurately assess freshness based on visual cues alone. The chi-square analysis between
our choice experiment result and random selection showed that the accuracy of judgment
was higher than that of random selection. This means that there are participants who
can accurately judge the freshness. For instance, four participants correctly judged the
freshness in eight out of ten choice quizzes, suggesting that some individuals possess
a higher capability to make accurate freshness judgments, even when relying only on
visual information.

For the binomial distribution, the accuracy of the visual judgment of the freshness of
participants was 3.78 (SD = 0.49). From this, we estimate that 37.8% of Japanese individuals
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gave correct answers, which is higher than the expected value, assuming a binomial
distribution. However, the capacity for freshness estimation varies widely from one person
to another. This is depicted in Figure 3, where seven participants could not provide even
one correct answer. Conversely, four other participants achieved eight correct answers
(and 80% depicts extremely high judgment accuracy when we consider the existence of
similar fresh fish in alternatives of selection quizzes). The observed value line is on the
right side of the expected value line in Figure 3. From this, we can conjecture that there
were participants who could detect freshness from photographs of fish with high accuracy,
although the sensitivity and accuracy differed among general consumers.

4.2. Correlations

As the result of correlation analysis, two characteristics of fish and four principal
components were positively correlated with measured freshness, namely gloss (0.30), length
(0.25), PC1_C (0.51), PC3_C (0.23), PC6_C (0.15), and PC8_S (0.14), and one characteristic of
fish and four principle components were negatively correlated with measured freshness,
eye luminance (−0.17), PC7_C (−0.17), PC2_S (−0.20), PC5_S (−0.26), and PC6_S (−0.19).
Among these, the highest absolute value of the correlation coefficient was 0.51 of PC1_C.
Among these features and principal components, there is eye luminance (0.59), PC1-C
(0.17), and PC3-C (−0.18) which are correlated with selection frequency. In addition to this,
PC2_C (0.38) was positively correlated with selection frequency, but the correlation with
measured freshness was small. As a whole, the correlation coefficients were low and there
were no characteristic and principal components that could be used as a proxy for freshness
in the fish analyzer. Therefore, we estimated that participants who were able to select the
fish photos with the highest freshness would use a combination of this visual information.
Based on the hypothesis of the combined use of visual information from photographs, we
will discuss below how participants utilized the visual information.

Before accepting the hypothesis that common consumers can detect freshness only
from the visual information in photographs of fish, we must demonstrate the possible
mechanism of freshness detection by general consumers. The correlation analysis showed
that there were 12 possible components for the detection of freshness, namely gloss, length,
eye luminance, PC1_C, PC2_C, PC3_C, PC6_C, PC7_C, PC2_S, PC5_S, PC6_S, and PC8_S.
Body size can be detected by comparing body length to the size of the dish under the
fish’s body. Theoretically, the relationship between body size and freshness should be
considered [38]. In principle, body size is not directly related to freshness. This correlation
may be caused by differences in treatment during the distribution process because large fish
are sold at high prices and treated carefully [39]. Therefore, we considered the correlation
between measured freshness and length as a spurious correlation and removed length from
the candidates of possible components.

Gloss is also obtained directly from the fish. It is the ratio of positive reflection to
diffuse reflection and is measured as an index of the smoothness and glitter of the body’s
surface [40]. Gloss cannot be measured directly from photographs; however, humans can
detect the smoothness and glitter of a surface from photographs and can estimate the gloss
of the fish. We need to clarify this possibility in future studies. Therefore, we used gloss as
a candidate mechanism.

The frequency of selection refers to the participants’ general preference for fresh
fish. As presented in Table 3, only 4 components were frequently used to judge freshness
by the participants; PC6_C, PC7_C, PC2_S, PC5_S, PC6_S, and PC8_S, which have a
relatively high correlation with freshness, were not widely used as freshness indicators.
One possible reason for the limited use of these components is that most participants
ignored these signals because they did not have the knowledge. Another possible reason
is that the sensitivities of detecting these signals differ between machines and humans,
and humans cannot commonly detect the difference in these signals. When we accept this
hypothesis, there remains a possibility that several gifted human beings can detect the
difference with high sensitivity. The experiment in this study was not designed for the
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evaluation of sensitivities of gifted persons. We need future studies to clarify the content
and mechanism of their gifted ability and the possibility of education to improve the ability
for common people.

Another notable finding from the correlation analysis is that consumers’ knowledge
is not always accurate. Most participants gave negative evaluations of PC2_C, but the
scores of this component were not correlated with measured freshness. Additionally, there
were typical misinterpretations in the correlations between consumer judgments and eye
luminance, as well as PC3_C. Freshness is inversely correlated with eye luminance (−0.17)
and positively correlated with PC3_C (0.28). However, selection scores are positively
correlated with eye luminance (0.59) and negatively correlated with PC2_C (−0.18). This
indicates that many participants may perform poorly due to misinterpretations of the visual
information in the photographs.

Figure 5 shows the morphological changes with changes in each principal component
score by the contour of −2 SD, mean and +2 SD imaginary individuals.
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mean + 2 standard deviations.

People do not place much emphasis on shape information when judging freshness.
PC2_S and PC5_S are inversely correlated with freshness. In Figure 5, the ratio of body
width to length is high in +2 SD imaginary fish compared to −2 SD and the mean imaginary
fish of PC5_S. This indicated that PC5_S represented obesity. This is possibly due to obese
fish being more prone to damage during transportation or handling. The changes in
PC5_S revealed a potential relationship between the fish’s body shape and how it was
handled in the market distribution process. The meanings of PC6_S and PC8_S were
difficult to recognize from only the contours of the fish. When we observed differences
in the shape of the caudal fin, the contours also differed. Fins are easily damaged during
rough treatments. These differences may have occurred in the process of transportation or
management of shops. Fin vulnerability may be related to freshness, and physiological and
biochemical changes after death can cause morphological changes in caudal fins. Clarifying
the mechanism of the changes in the shape of the caudal fin is a future challenge.

4.3. Participant Grouping and ANOVA

As described in Section 3.3, participants were categorized based on their accuracy in
judging fish freshness. Participants who provided seven or eight correct answers were
classified into the “High-accuracy (H)” group, which comprised 20 individuals. The
probability of randomly selecting seven or more correct answers without relying on visual
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freshness information is 0.020. Given the sample size of 529 respondents, the expected
number of participants with such accuracy is 10.40. A chi-square test showed that the
probability of 20 participants having seven or more correct answers is 0.0026, indicating that
nearly half of these participants accurately judged freshness based on visual information.
This group was categorized as the “High-accuracy (H) group.

For the “Medium-accuracy (M)” group, participants with four correct answers were
selected. A correct answer count of fouris the mode of the data and includes the mean of
3.7. The probability of obtaining four correct answers by random selection is 0.228, and
given 529 respondents, the expected number of participants with four correct answers
would be 120, while the actual number was 131, which is close to the expected value. This
suggests that this group is mainly consistent with random selection and that participants
in this group likely did not have a clear visual standard for assessing freshness or could not
detect relevant visual information. We categorized this group as the “Medium-accuracy
(M) group”.

Lastly, participants with zero or one correct answers were categorized into the “Low-
accuracy (L)” group, comprising 39 individuals. In such surveys, it is possible that some
participants may have intentionally chosen incorrect answers, while others might have
detected changes in color and shape associated with freshness but misinterpreted these
cues, leading to inaccurate judgments. If participants chose answers randomly because
they could not visually assess freshness, the probability of achieving a correct answer
count of one or lower is 0.104. Given 529 respondents, the expected number of individuals
with this level of performance would be 55.5. However, the observed number was lower,
at 39, suggesting that few participants either deliberately avoided correct answers or
misunderstood the visual cues they detected. Although the possibility of misinterpretation
cannot be entirely ruled out, these participants were classified as the “Low-accuracy (L)”
group and were included in the subsequent ANOVA analysis.

As depicted in Figure 4, Group H preferred to choose fish with lower eye luminance,
whereas Group L tended to select fish with higher luminance. From the previous results,
we know that the luminance of fish’s eyes is inversely related to fish freshness, which
means that the participants in Group H made correct choices using fish eye luminance.
Most participants in Group L made incorrect choices using eye luminance information.
This may be part of the reason for the difference in correctness.

Regarding the choice of gloss, Group H tended to select photos of fish with high gloss,
whereas Group L tended to select pictures of fish with low gloss. From this, we hypothesize
that individuals with higher accuracy can recognize the difference in gloss on the surface
of fish more efficiently through photographs. This implies that the gloss on a fish’s surface
may be an important visual cue that influences an individual’s judgment of fish quality.
Regarding PC1_C (color characteristics), Group H tended to select photos with a high
PC1_C component, whereas Group L selected pictures with a lower component. The high
correlation between PC1_C and the measured freshness suggests that people in Group H
could correctly determine the freshness of fish by looking at the color profile of PC1_C. This
might be an essential factor that contributed to the difference in accuracy between groups.

There were differences in the choices of Groups L and H concerning the body shape
characteristics PC3_S and PC4_S. However, the differences in the mean values were small
and the correlations with freshness were weak. To some extent, these signs might have
misled their judgment.

5. Conclusions

This study demonstrates that several Japanese consumers evaluate fish freshness
based on visual attributes, body color, and eye luminance, although assessment accuracy
varies among consumers. Building on previous research by Nakamura et al. [11] and
Murakoshi et al. [17], which demonstrated that professionals could judge freshness based
on appearance and eye luminance, our findings indicate that differences in consumer
accuracy were partially due to low-accuracy consumers misinterpreting visual signs.
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Jarmin et al. [12] and Rocculi et al. [13] found that color changes in fish eyes and
gills correlated with fish deterioration. Our study built upon this by including multiple
types of visual information (i.e., color and shape) in our analysis, allowing us to shed
more light on the consumer freshness assessment process. The accurate participants of the
experiment selected fish for the colors in parts P1, P3, P5, and P6, and more yellow and
bright colors in the abdominal region. This suggested that the difference in body color
could be due to changes in chromatophores caused by nerve control after the fish’s death.
These findings align with the observations of [41] regarding the importance of visual factors
in food choices.

Our study also compares data from fish analyzers with consumer judgment, as [20]
pioneered. This approach allows us to delve into the nuances of consumer sensitivity
to specific visual signals. Combining objective measurements from a fish analyzer with
consumer assessments helps us better understand the complexity of visual cues in fish
freshness detection.

In summary, Japanese consumers evaluate fish freshness based on visual attributes,
including body color, eye luminance, etc., even though the judgments are not always
correct. The critical role of visual factors in consumer decision-making but is often ignored
in product presentation and marketing strategies in the seafood industry. Future research
can further explore the cognitive and cultural factors influencing these visual preferences
and investigate the physiological and biochemical aspects of chromatophores to deepen
our understanding of the complexities behind these visual cues.
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