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Abstract: This study explores the effectiveness of functional near-infrared spectroscopy (fNIRS) as an implicit
measurement tool for evaluating sweetness intensity and affective value. Thirty-two participants tasted sucrose
solutions at concentrations of 0.15M, 0.3M, and 0.6M, while both their neural responses were recorded with a
24-channel fNIRS system and their self-reported assessments of sweetness intensity and affective value were
collected. The neural fNIRS data were converted into oxygenated hemoglobin (HbO) and deoxygenated
hemoglobin (HbR) concentrations using the modified Beer-Lambert Law, and analyzed through univariate
activation analysis and multivariable decoding analysis to identify neural activation patterns associated with
sweetness perception. The results showed significant activation in the dorsolateral prefrontal cortex (dIPFC) and
orbitofrontal cortex (OFC) in response to varying levels of sweetness intensity and affective value, with channels
8, 10, 12, 13, 14, 15, and 17 consistently activated across all sucrose concentrations. As sweetness concentration
increased from 0.15M to 0.6M, the number of significantly activated channels rose from seven to eleven,
indicating stronger and more widespread neural responses corresponding to higher sweetness intensity. The
multivariable decoding analysis further demonstrated the capability of fNIRS in accurately distinguishing
positive affective responses, with up to 72.1% accuracy. The moderate positive correlation between explicit self-
reports and implicit fNIRS data regarding sweetness intensity further supports the validity of fNIRS as a reliable
tool for assessing taste perception. This study highlights the potential of fNIRS in sensory neuroscience,
demonstrating its effectiveness in capturing the neural mechanisms underlying sweet taste perception.

Keywords: Sweetness Perception; fNIRS; Implicit Measurement; Affective value; Sweetness Intensity; Neural
Activation

1. Introduction

Intensity and affective value, as key dimensions of taste perception, play significant roles in
influencing consumer food choices and are critical for the quality control and marketing of food
products [1-3]. However, accurately evaluating these dimensions is challenging because taste
perception involves not only chemosensory input but additionally involves complex cognitive and
emotional processes, including the integration of past experiences, personal preferences, and
emotional responses. Currently, self-report-based explicit evaluation methods, such as the 9-point
hedonic scale and visual analog scale (VAS), are widely employed to measure consumer preferences
and taste attribute intensity [4,5]. While these explicit methods are advantageous for quick data
collection, ease of use, and straightforward analysis, they primarily capture conscious, verbal
responses, potentially missing crucial non-verbal sensations and subconscious cognitive reactions
that significantly contribute to sweetness intensity and affective value [6,7]. Therefore, there is a need
for implicit measurement techniques that can access deeper layers of cognitive and emotional
processing involved in taste perception [8].

Implicit neuroimaging techniques, such as electroencephalography (EEG) and functional
magnetic resonance imaging (fMRI), have been employed to overcome the limitations of explicit
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measurement methods [9]. These methods capture subtle neural and physiological responses,
providing a more comprehensive understanding of taste perception. Currently, neuroimaging
research in taste perception mainly targets the regional representation of taste within the brain [10]
and the precise decoding of specific taste attributes [11]. EEG offers high temporal resolution, which
allows for the decoding analysis of neural activity linked to taste qualities and affective responses.
However, its limited spatial resolution and susceptibility to interference from head movements
reduce its effectiveness in extracting detailed neural patterns associated with taste perception [12]. In
contrast, fMRI identifies specific brain areas involved in processing taste intensity and affective value,
providing more comprehensive spatial exploration of taste attributes. However, the supine position
required during fMRI scans may alter natural taste perception, which could potentially affect the
results of implicit measurements [13]. Moreover, the low temporal resolution and high cost of fMRI
equipment restrict most research to laboratory settings, which restricts its broader application.

In this context, functional near-infrared spectroscopy (fNIRS) has emerged as a promising
neuroimaging technique for evaluating perceptual processes by measuring changes in cerebral
oxygen levels. {NIRS provides higher spatial resolution than EEG and higher temporal resolution
than fMRI, allowing it to capture subtle changes in perception processes with a balance between
temporal and spatial precision. Additionally, {NIRS exhibits higher tolerance to motion artifacts,
enabling it to acquire more precise implicit information during naturalistic tasks compared to EEG
[14,15]. Its outstanding portability, low cost, and ability to collect data in participants' natural state
further position fNIRS as more suitable than fMRI for investigating the relationship between
perception and brain activity [16,17]. Recent studies have highlighted the potential of fNIRS in better
understanding complex taste perception processes. Laves et al. [18] explored neural correlates of food
preference using fNIRS, revealing detailed brain activation patterns in response to different taste
stimuli. Similarly, Meyerding et al. [19] utilized fNIRS to study neural activation in response to sweet
and bitter tastes, as well as different types of chocolates, providing valuable insights into the
neurophysiological underpinnings of taste perception. Minematsu et al. [20] monitored changes in
oxygenated hemoglobin levels in response to sweet and bitter stimuli, showing distinct patterns for
pleasant and unpleasant edibles, particularly in the anterior prefrontal cortex. These studies
underscore the feasibility of using fNIRS to investigate taste perception and highlight its advantages
over other neuroimaging techniques.

Despite recent progress, the application of {NIRS in quantifying sweetness intensity and linking
it to explicit consumer reports remains underexplored. Most prior studies have primarily focused on
identifying neural responses to different taste stimuli without specifically addressing variations in
taste intensity or integrating implicit neural signals with explicit consumer reports. This study aims
to contribute to bridging this research gap by leveraging fNIRS to explore the assessment of sweetness
intensity and its associated affective value. Specifically, the study seeks to: 1) validate the effectiveness
of fNIRS in measuring sweet taste responses through univariate activation analysis; 2) achieve
effective decoding of sweetness intensity and affective value using multivariate decoding analysis;
and 3) demonstrate the correlation between implicit fNIRS-based measurements and explicit self-
reports through feature correlation and result consistency analysis.

2. Materials and Methods
2.1. Participants

A total of thirty-two volunteers from Zhejiang University were recruited to participate in the
experiment. None of the participants had impairments in taste perception, and none had a history of
neurological disorders, diabetes, or recent use of medications affecting taste perception. They were
asked to abstain from eating, drinking, or smoking tobacco for at least one hour before the
experiment. Participants were informed about the nature, procedure, potential risks of the study, as
well as their right to withdraw at any time. Written informed consent was obtained from all
participants before the start of the experiment, and they received monetary compensation. Of the 32
participants, 29 provided viable f{NIRS data. One participant failed to attend, and two did not
complete the experiment. All 29 participants included in the analysis were right-handed, with 17
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females and 12 males. The mean age was 21 + 1 years. All procedures performed in this study
involving human participants were in accordance with the Medical Ethics Committee in School of
Medicine of Zhejiang University, and with the 1964 Helsinki declaration and its later amendments or
comparable ethical standards.

2.2. Sweetness Stimuli

Sucrose solutions at three concentrations were used as sweet stimuli to represent varying levels
of sweetness intensity: 0.15M (low), 0.3M (medium), and 0.6M (high). These specific concentrations
were derived from median concentrations identified in prior neuroimaging investigations of taste
perception, which were compiled in previous neuroimaging meta-analyses [9,21-24]. Food-grade
sucrose and deionized water were used to prepare these solutions. Sucrose was accurately weighed
and dissolved in deionized water to achieve the desired molar concentrations. The solutions were
stored in airtight glass containers at 4°C to prevent contamination until use. Before each experimental
session, the sucrose solutions were brought to room temperature. Deionized water was used as a
tasteless reference to minimize potential interference from oral motor activity.

2.3. fNIRS Measurement

The portable 24-channel optical topography system (Brite24, Artinis Medical Systems) with
dual-wavelength emitters was used to record the fNIRS data. Optical signals were measured at
wavelengths of 760 and 850 nm. This system incorporates 18 optodes (10 transmitters and 8 receivers)
placed bilaterally in frontal to prefrontal locations, as indicated in Figure 1. The receiver-transmitter
distance was set at 30 mm. A soft neoprene head cap was selected to match the subject's head
circumference. This ensured optimal optode-to-scalp coupling for enhanced signal-to-noise ratio.
Each emitter-detector module on the head cap is arranged in an array and equipped with adjustable
brackets. After placing the head cap, the transmitters and receivers were positioned, and the brackets
on each module were adjusted for optimal alignment of the optodes with the skin to enhance signal
reception. Oxysoft software (version 1.81) was used to check and record the fNIRS data.

The participant's cranial morphology was evaluated using a Patriot device (a 3D digitizer from
Polhemus Inc), which aligned the cranial structure with a standard brain model and determined the
positions of the fNIRS optodes relative to the template brain. Given the device's susceptibility to
electromagnetic interference, all experiments were conducted in an environment with minimal
electromagnetic disturbances.

To ensure the precise and repeatable administration of taste stimuli during the fNIRS
measurement, a self-developed delivery apparatus based on miniature peristaltic pumps was
employed. The device features an open-source software and hardware architecture, and allows for
swift adjustments to infusion parameters during experiments. It can rapid injection of small volumes
of taste solutions directly into the participant's mouth, which minimized manual handling and
reduced movement artifacts. The setup is illustrated in Figure S1, which outlines the integration of
control modules, pump driving units, and liquid transport paths, all coordinated for automated
delivery directly to the participant's mouth. Figures S2 and S3 show the detailed hardware
configuration and software interface, respectively. This design helped maintain consistent timing and
volume delivery, essential for reliable functional near-infrared spectroscopy (fNIRS) measurements.
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Figure 1. Functional Near-Infrared Spectroscopy (fNIRS) System Setup. (a) Optode arrangement on a
brain model with 30 mm source-detector spacing. (b) Equipment setup including head cap with
optodes, positioning device, and real-time data monitoring.

2.4. Experimental Procedure

Before beginning the experiment, participants were provided with comprehensive information
about the test content. To mitigate the influence of negative emotions and satiety, measurements were
scheduled for the morning (10-11 a.m.) and afternoon (3-4 p.m.) sessions [25]. The study was
conducted in a tranquil, fragrance-free, and secure environment with a maintained temperature of
26 + 1°C. Participants were seated and instructed to adhere strictly to guidelines which include
avoiding conversation or movement, staying relaxed, maintaining steady breathing, and focusing on
taste perception. The fNIRS equipment was then installed and calibrated according to the section 2.3.
Signal quality of the channels was checked, and the topographical layout was set up before recording.
Participants were asked to remain as calm as possible throughout the experiment and avoid any
strong head movements. Then the self-developed solution delivery apparatus was pre-configured
with parameters for injection time, intervals, and volume. The f{NIRS experiment was combined with
a sensory evaluation approach (detailed below). After completing the fNIRS measurements, the
headcap was removed from the participants.

2.5. Experimental Design

The experiment consisted of four conditions: tasting three different concentrations of sucrose
solution and deionized water, which served as a tasteless control. The tasting was carried out blindly,
which means that participants knew that they would taste different intensities of sucrose solutions
but did not know the specific concentrations. The experimental trial consisted of the following steps
(Figure2): the participants rested for 30 seconds. After the rest period, 2 mL of sucrose solution was
infused into their mouth by the solution delivery system. Participants held the solution in their mouth
for 30 seconds to taste it, then swallowed it and rinsed their mouths for an additional 30 seconds to
eradicate any lingering taste. Participants then were asked to rate the perceived sweetness intensity
using a 15-point scale ranging from 0 (‘absent') to 14 ('highly intense'). They also rated the affective
value using a 9-point scale ranging from -4 (‘'extremely unpleasant’) to +4 (‘'extremely pleasant'). The
rating and resting period took a total of 30 seconds, during which the next sample was prepared.
Each sample was tasted three times in total.
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Figure 2. Experimental trial schedule. Timeline of rest, taste, and rinse phases with corresponding
durations for fNIRS trials.

2.6. Data Analysis

All data preprocessing, feature extraction, and analyses described in the following sections were
performed using MATLAB 2021b.

2.6.1. Explicit Analysis Based on Self-Report

Sweetness intensity data for each sucrose concentration (0.15M, 0.3M, 0.6M) were visualized
using box plots and analyzed using one-way ANOVA followed by Tukey post hoc tests (p < 0.05) to
determine significant differences. Affective value data were analyzed using similar statistical
methods. Furthermore, a simplified two-dimensional emotion model was used to visualize the
distribution of affective value ratings across participants.

2.6.2. Implicit Analysis Based on fNIRS Data

e  Preprocessing of {NIRS data

The data preprocessing procedures consisted of the following steps. (1) Removal of fNIRS
channels with poor contact, motion artifacts, or outliers, where values significantly deviated from
similar trials within each condition. Additionally, channels with a coefficient of variation greater than
15% and trial coefficients of variation exceeding 5% were excluded. (2) The data were down sampled
from 50 Hz to 25 Hz for efficient processing and analysis. After converting the attenuated light
intensities to optical density, the data were segmented into 35-second epochs around the trigger
stimulus for each trial, starting 5 seconds before each stimulus (0 s). This allowed for accurate baseline
correction using the mean HbO/HDR values from -5 to 0 s, after which the corrected segments were
spliced together using advanced data processing techniques to ensure continuity and consistency. (3)
Automated motion detection was applied to each channel, marking active data segments exhibiting
abrupt amplitude signal changes exceeding the amplitude threshold or artifact signal drifts greater
than the standard deviation threshold as motion artifacts. Principal Component Analysis (PCA) with
a threshold set at 0.9 was employed to remove movement artifacts and minimize physiological noise.
The data were band-pass filtered between 0.01 and 0.1 Hz to remove low and high frequencies
associated with body movements, heart rate, skin blood flow, and other dynamic signals. (4) Finally,
the optical density data were converted into HbO and HbR concentration using the modified Beer-
Lambert Law with due pathlength factors. Figure 3 shows the key preprocessing steps, starting from
the original fNIRS signal, followed by segmentation, correction, filtering, and block averaging,
providing a visual summary of how the data was prepared for analysis.
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Figure 3. Visualization of key fNIRS data preprocessing steps.

e  Feature Extraction of {NIRS data

Only the HbO data were subjected to analysis, as it exhibited a superior signal-to-noise ratio
compared to HbR [20]. Eight parameters representing different specific aspects of HbO concentration
curves during the 0-20 second post-stimulus time window were extracted as features, including
maximum value, mean value, area under the curve, standard deviation, left slope for the time
window of 2-7 seconds, sample entropy, approximate entropy, and autoregressive model parameters.
These features capture various dimensions of the neural response, providing a comprehensive
representation of the data. The extracted features from different fNIRS channels were concatenated
horizontally to form a fusion feature set, enabling an integrated analysis across multiple brain
regions.
e  Univariate activation analysis

Univariate activation analysis was used to explore the neural activation patterns in the prefrontal
cortex in response to sucrose solution. The averaged signal across trials for different sucrose solution
was employed to determine if channels were activated by sweetness intensity and affective value. A
paired t-test was conducted across all 24 channels to compare the effects of different concentrations
of sweet and tasteless solutions, as well as positive and negative affective value, with a significance
level set at p < 0.05. To control for multiple comparisons and false discovery rates, the Benjamini-
Hochberg correction (pFDR) was applied.
e  Multivariable decoding analysis

To investigate the neural correlates of sweetness intensity and affective value, a Support Vector
Machine (SVM) with a Radial Basis Function (RBF) kernel was employed for multivariable decoding
analysis using a custom script and the extracted fNIRS feature set [26]. To assess the generalization
of the decoding results, a leave-one-out cross-validation (LOO-CV) process was performed multiple
times, and the average decoding accuracy was reported. The SVM classifier was trained with two sets
of target labels: (1) different levels of sweetness intensity (labeled as SU1, SU2, and SU3); and (2) affect
value, categorized as positive and negative. To evaluate the statistical significance, classification
analysis was repeated numerous times with permuted labels to generate a null distribution. The
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significance of the observed decoding accuracy was determined using empirical p-values derived
from this null distribution.

2.6.3. Relationship Analysis Between Explicit and Implicit Measurement

To better understand the relationship between fNIRS-based implicit measures and self-reported
explicit measures of sweetness perception, our assessment involves performing correlation analysis
on the extracted features and conducting a thorough evaluation of the consistency between the results
obtained from the two measurement methods.

Correlation analysis was first conducted between the implicit feature data and the original
explicit feature data. The explicit feature data refer to the evaluated data of sweetness intensity and
affective value, while implicit feature data encompasses different feature subsets extracted from
preprocessed data.

To further explore the consistency between the two measurement methods, the explicit data
were categorized into groups based on sweetness intensity and affective value. Specifically, the
sweetness intensity evaluated data were divided into three groups (low intensity, medium intensity,
high intensity), and affective value evaluated data were split into two categories (positive and
negative). This manual partitioning model was used to align with the subjective perceptions captured
in the explicit evaluated data. For implicit data, unsupervised clustering models were employed for
exploratory analysis. The widely recognized unsupervised K-means clustering algorithm was
utilized for its adeptness in discerning underlying patterns and structures within datasets. The
'distance’ and 'k’ parameters were independently configured within our particular clustering model,
and the algorithm was executed to detect implicit patterns devoid of any preceding assumptions. The
label corresponding to the largest feature set sharing identical attributes within each cluster was
designated as the label for that specific cluster. After establishing both the unsupervised K-means
clustering model and the manual division model, and obtaining clustering results for sweetness
intensity and affective value, attention shifted to examining the presence of clear similarities in the
results. The proportion of consistent sample labels with the original sample labels in the clustering
results was calculated (recorded as POC). Utilizing the unsupervised clustering outcomes of eight
implicit measurement datasets as samples, relationship curves were derived by fitting the
relationships between intensities and POC, as well as between affective value and POC. Employing
a mixed-effects model, the interplay between different clustering outcomes and items was examined
through cross-random effects, resulting in regression curves yal and ya2 for POC in conjunction with
distinct intensities and levels of affective value. Additionally, regression curves ybl and yb2, based
on the manually divided model results for POC and different intensities, as well as POC and levels
of affective value, were calculated. Comprehensive similarity was utilized to assess the concordance
between yal and ya2, as well as yb1 and yb2. The comprehensive similarity was calculated as follows:

w; LnS + w,08
LSUyr) = ———————
wy +w,

[len(l;) — [len(n;)] _ min[len(ly), [len(r;)]

InSUym) =1 = max [len(l,),len(r;)]  max [len(l;), len(r;)]
gli - gri
0S(l;,7;) = max (1 — 1_[—/8, 0)

Where LS is the comprehensive similarity, LnS and OS are the length similarity angle
similarity measure len(l;) and len(r;) are the length of segmengt [; and [;, 6, and 0, are the
horizontal inclination of segmengt [; and [l;, w; and w, are the similarity weight.

3. Results
3.1. Self-Report-Based Explicit Analysis Results
3.1.1. Sweetness Intensity

Figure 4a shows the assessments of sweetness intensity for sucrose solutions with varying
concentrations. One-way ANOVA results indicated significant differences in sweetness intensity
across different concentrations (F = 129.62, p = 2.1141e-26). The evaluation of sweetness intensity
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increased significantly with sucrose concentration, and this trend demonstrated a clear positive
correlation. This consistent increase across low, medium, and high concentrations indicates a strong
alignment between perceived sweetness and sucrose concentration. However, the box plot reveals
substantial variability in sweetness intensity assessments across different concentrations. At low and
medium concentrations, broader variability is observed, which reflects inter-individual differences in
taste perception. In contrast, the narrower variability observed at high concentrations indicates
greater consistency among participants. This difference could be attributed to the varying sensitivity
of taste receptors among individuals at lower concentrations, where receptor sensitivity differences
lead to greater variability. At higher concentrations, saturation effects may reduce these individual
differences, resulting in more uniform perception [27].

Figure 4b presents a more detailed analysis of the sensory evaluation data, which includes
specific assessments provided by all participants for different concentrations of sucrose solution.
Each box represents the overall distribution of assessments for low, medium, and high sucrose
concentrations on a 15-point scale. The different colors within each box correspond to different
evaluation levels, with the size of each color segment indicating the proportion of individuals
assigning that assessment to the specific concentration. For instance, the 0.15 M concentration box
mainly shows assessments in the 1-5 range (green), 0.3 M primarily in the middle range (blue), and
0.6 M mostly in the higher range (red). This overlap, particularly in the medium concentration range
where both green and red hues may appear, highlights the subjectivity and individual variability in
taste perception. These differences in responses could be due to personal taste preferences and
psychophysiological factors [28,29]. For example, one participant rated the 0.15 M solution as a 3 and
considered it mildly sweet, whereas another participant rated the same concentration as a 7,
indicating a stronger sensitivity to sweetness.
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Figure 4. Sweetness intensity evaluation for sucrose solutions of different concentrations. (a) Box plot
of ratings for low (0.15M), medium (0.3M), and high (0.6M) concentrations. (b) Stacked bar chart of
individual ratings distribution on a 15-point scale.

3.1.2. Affective Value

Figure 5a depicts the affective value for sweetness at different sucrose concentrations. ANOVA
results reveal significant differences in affective value scores across concentrations (F=16.19,
p=1.12718e-08). As sucrose concentration increases, affective value scores decline significantly, which
indicates a negative correlation. High concentrations of sucrose may lead to an unpleasant taste
experience, likely due to overstimulation, taste fatigue, or saturation effects. Additionally, the
increased alertness to sugar intake due to high sweetness and energy density could also contribute
to this decline. Conversely, low-concentration sucrose solutions tend to elicit a milder sweetness that
better aligns with taste preferences, leading to higher affective value scores.

Figure 5b further illustrates the individual evaluation distributions for different sucrose
concentrations through a scatter plot. Low-concentration sucrose solutions yield more concentrated
high scores, while medium concentrations exhibit a broader distribution. High concentrations
encompass the entire assessment range, suggesting greater variability and significant individual
differences. The broad distribution of ratings at higher concentrations suggests that while some
individuals may enjoy the heightened sweetness, others may find it overwhelming or unpleasant.
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Synthesizing these analyses, it is evident that while sweetness intensity consistently increases
with sucrose concentration, affective value shows a decreasing trend. This suggests that higher
concentrations of sweetness are perceived as less pleasant by participants, contrary to the expected
model, where pleasantness increases up to an optimal concentration before declining. The absence of
this expected optimal point in the current study may be due to the specific concentration gradient
used, potentially failing to capture the peak level of pleasantness. Nevertheless, this finding
underscores the complexity of determining an optimal sweetness concentration that balances both
taste intensity and emotional value. The score distributions and individual differences shown in
Figure 4b and Figure 5b further highlight the subjectivity and diversity of taste perception, influenced
by both explicit factors like sucrose concentration and implicit factors such as physiological and
psychological states, as well as personal preferences [30]. For instance, a participant who is hungry
might find a higher concentration of sweetness more pleasant, while another who is feeling stressed
might perceive the same concentration as overwhelming or less enjoyable. Since current explicit self-
reporting methods may not fully capture these implicit influences, there is a need to integrate implicit
measurement techniques to achieve a more comprehensive understanding of taste perception and its

variability.
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Figure 5. Affective value evaluation for sucrose solutions of different concentrations. (a) Box plots for
low (0.15M), medium (0.3M), and high (0.6M) concentrations. (b) Scatter plot of individual ratings.

3.2. fNIRS-Based Implicit Data Analysis Results
3.2.1. Sweetness Intensity

Figure 6a shows the significant activations in specific fNIRS channels across different sucrose
concentrations. At low concentration (0.15M), significant activations were observed in channels 8, 10,
12,13, 14, 15, and 17. Channel 8 showed the highest t-value, indicating the most pronounced response.
For medium concentration (0.3M), channels 5, 8, 10, 13, 14, 15, 16, and 17 were engaged, and channel
14 demonstrated the strongest response. High concentration (0.6M) markedly activated channels 5,
8,10,11, 12,13, 14, 15, 16, 17, and 20, where channel 10 registered the highest t-value. Further analysis
showed that channels 8, 10, 13, 14, 15, and 17 were consistently activated across sucrose
concentrations, and this suggests their general sensitivity to the solution. In contrast, channels 11 and
20 were only activated at high concentrations (SU3), which may reflect a specific sensitivity to high
sweetness levels. Additionally, the distribution of t-values further illustrated changes in overall
activation intensity across different concentrations. The overall t-values at high concentration were
generally higher than those at low and medium concentrations. This increase in t-values suggests a
stronger neural response at higher sweetness levels. The number of activated channels increased with
sweetness concentration, from seven at low concentration to eleven at high concentration. This
change indicates a broader neural response to higher levels of sweetness.

The t-test values across different brain regions at various sweetness concentrations are visualized
in Figure 6b, showing the spatial distribution of neural activation induced by sweet sucrose solutions.
As sweetness concentration increases, the range of activated brain regions expands. Specifically,
significant activation is observed bilaterally in the dIPFC under low concentration. Medium
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concentration stimuli induce greater activation in the right dIPFC compared to that at low
concentration, accompanied by concurrent activation in the left orbitofrontal cortex. High
concentration stimuli result in prominent activation in both dIPFC regions, with simultaneous
activation in the left orbitofrontal cortex. Figure 6¢ displays the decoding accuracy for each sweetness
concentration across participants, with accuracy reaching up to 50% at the highest sucrose
concentration. This suggests that higher concentrations of sucrose not only elicit stronger neural
activations but may also slightly enhance the discriminability of neural patterns associated with
different levels of sweetness. However, despite these neural activations and above-chance decoding
accuracy, the ability to accurately classify sweetness levels based on fNIRS data alone remains

moderate.
3
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Figure 6. Neural activation and decoding accuracy across sweetness intensity. (a) T-values for each
channel under low, medium, and high sucrose concentrations, P<0.05. (b) Spatial distribution of t-
values across brain regions. (c¢) Decoding accuracy for each concentration.

3.2.2. Affect Value

Paired t-tests identified significant activations in specific channels associated with positive and
negative affective values (Figure 7a). Specifically, channel 4 exhibited significant activation for the
positive affective value, while channels 18 and 24 were significantly activated for negative affective
value. Positive t-values indicate heightened neural activity compared to the baseline, while negative
t-values suggest decreased activity. This distribution underscores the differential neural responses to
affective valence, with a predominance of positive t-values under positive affective conditions and
negative t-values under negative conditions. The subsequent visualization of t-test values in brain
regions (Figure 7b) shows that positive emotional activation primarily engages the right lateral
orbitofrontal cortex (OFC), while negative emotional activation is linked to the left lateral
orbitofrontal cortex (OFC) and the left ventrolateral prefrontal cortex.

The multivariable decoding analysis using Support Vector Machines (SVM) yielded a decoding
accuracy of 72.15% for positive affective value and 59.56% for negative affective value (Figure 7c). The
lower accuracy for negative affective value may stem from the diverse and complex nature of negative
emotions triggered by different sweetness levels, such as disgust at high concentrations or
disappointment at low concentrations, or anxiety related to health concerns at high sugar intake.
These variations likely lead to less consistent neural patterns, which complicate the decoding of
negative emotions.
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Docoding accuracy

Positive

Positive Negative

Figure 7. Neural activation and decoding accuracy across affective value. (a) T-values for each channel
under positive (orange) and negative (blue) conditions, P<0.05. (b) Spatial distribution of t-values
across brain regions. (c) Decoding accuracy for positive and negative affect.

3.3. Relationship Analysis Between Explicit and Implicit Measurement
3.3.1. Sweetness Intensity

Correlation analysis between explicit sweetness intensity ratings and implicit {NIRS features
(Figure 8) revealed predominantly weak correlations, with most coefficients below 0.2. Some features
show slightly stronger correlations. For instance, the correlation coefficient for the approximate
entropy feature reaches 0.25, which still indicates a weak positive correlation with explicit intensity
evaluation. Approximate entropy assesses time series complexity, with a focus on repetitive pattern
occurrences. Increased sensory stimulation often leads to more repetitive neural activity patterns,
thereby increasing approximate entropy values. The sample entropy feature exhibits a correlation
coefficient above 0.3, representing a moderate positive correlation. This finding suggests that stronger
sweetness perception may involve more intricate neural processing, which leads to higher sample
entropy values. Conversely, the correlation coefficient for the left slope feature is below -0.2,
indicating an increase in neural activity change with heightened sweetness intensity. This negative
slope implies a decrease in oxyhemoglobin concentration, with larger absolute values suggesting
more pronounced fluctuations in neural activity corresponding to changes in sweetness intensity.
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Figure 8. Correlation coefficients between explicit and implicit measures of sweetness intensity across
various features.
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Figure 9 illustrates the assessment of result consistency between explicit and implicit measures
of sweetness intensity. As depicted in Figure 9a, explicit data are clustered into three distinct groups
based on sweetness intensity ratings, labeled as L-intensity (low intensity), M-intensity (medium
intensity), and H-intensity (high intensity). Similarly, Figure 9b shows that implicit data clustering
also indicates the formation of different groups, implying underlying patterns within the data. Each
cluster was labeled according to the largest feature set with the same attribute within each cluster.
The analysis of consistency between explicit and implicit measurements reveals intriguing findings.
Both manual segmentation models and unsupervised clustering models demonstrate a positive
correlation between POC and sweetness intensity. This signifies that higher sweetness concentrations
are more easily discerned. Figure 9c exhibits the regression curves yar = 0.2248x + 0.2547(green) and
ya2=0.2151x + 0.2581(red), visually representing the relationship between POC and different intensity
levels. The dashed lines in Figure 9c represent variations across different feature datasets, while the
solid line indicates the final aggregated result. The high overall similarity score of 0.998 indicates a
strong concordance between the explicit and implicit data models.
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Figure 9. Result consistency across sweetness intensity measures. (a) Explicit data clusters: L-intensity
(low intensity), M-intensity (medium intensity), and H-intensity (high intensity). (b) Implicit data
clusters. (c) Final regression curves for POC (Proportion of Consistency) analysis comparing implicit
(green) and explicit (red) results, with dashed lines representing variations across different feature
datasets.

3.3.2. Affect Value

Figure 10 illustrates that the correlation coefficients between explicit and implicit features related
to affective value are generally below 0.2, indicating a weak correlation. The correlation coefficient
for the sample entropy features is close to 0.3, which suggests a near-moderate positive relationship
between the two measurements. Emotional experiences typically activate the brain's reward system,
and this activation results in complex patterns of neural activity. Conversely, the correlation
coefficient for the left slope is below -0.2, reflecting a negative correlation with explicit affective value
evaluations. The left slope represents the rate of change in neural activity, where steeper slopes
correspond to faster decreases in oxyhemoglobin concentration. This finding suggests that when
participants perceive less pleasure, there is a more rapid change in neural activity, as indicated by a
decrease in oxygenated hemoglobin concentration.
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Figure 10. Correlation coefficients between explicit and implicit measures of affective value across
various features.

The assessment of result consistency between explicit and implicit measures of affective value is
illustrated in Figure 11. Both implicit and explicit data were clustered into distinct categories of
positive affective value and negative affective value, revealing discernible underlying patterns.
Notably, a negative correlation is obsereved between POC and affective value. As illustrated in Figure
11c, the regression lines yb1 = -0.2386x + 0.8579 and yv2 = -0.16666x + 0.7499 elucidate the relationship
between POC and affective value. The dashed lines show variations between different feature
datasets, with the solid line summarizing the final combined result. A composite similarity score of
0.8887 underscores the substantial alignment between the implicit and explicit data models.
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Figure 11. Result consistency for affective value. (a) Radar plot of explicit data clusters. (b) Scatter plot
of implicit data clusters. (c) Final regression curves for POC (Proportion of Consistency) analysis
comparing implicit (green) and explicit (red) results, with dashed lines representing variations across
different feature datasets methods.

4. Discussion

This research investigates the feasibility of using fNIRS implicit measurement methodologies to
evaluate the intensity and affective value of sweetness, and examines their association with explicit
measurement. Our findings reveal that varying concentrations of sweetness evoke significant
activation within specific cerebral regions, with higher concentrations eliciting more pronounced
neural responses. Additionally, a positive correlation is observed between sweetness concentration
and the accuracy of decoding sweetness information. Furthermore, analysis of affective value
indicates that positive affective value exhibits greater discernibility, contrasting with the relationship
observed with sweetness intensity. Correlation analysis suggests a degree of coherence between
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fNIRS implicit measurements and explicit self-report techniques, particularly in capturing certain
aspects of sweetness perception and its affective evaluation.

4.1. Effectiveness and Feasibility of fNIRS in Sweetness Perception Research
4.1.1. Neural Activation Patterns

The activation analysis in this study revealed that different sucrose concentrations elicited
significant neural activations in specific brain regions, particularly within the prefrontal cortex. These
findings are consistent with previous research demonstrating the involvement of the prefrontal cortex
in response to sweetness stimuli [10,22]. Specifically, varying sucrose concentrations primarily
activated the dorsolateral prefrontal cortex (dIPFC). The dIPFC is known for its involvement in
working memory [31], attention to diverse information types [32], integration of multiple cognitive
demands [33] and response choice [34]. However, the observed activation may not be related to
general attention processes, since the activation of the dorsolateral prefrontal cortex was specifically
caused by stimulation with a single sweet substance. The stimulus was limited to a single basic taste
(sweetness), and participants only needed to taste and rate it, without the need for selecting
preferences or integrating multiple gustatory stimuli. Therefore, the observed dIPFC activation is
likely attributable to working memory [35] demands associated with rating taste intensity rather than
integrating multiple cognitive tasks. The dIPFC's involvement in working memory suggests that it
plays a crucial role in the cognitive evaluation of taste intensity, supporting the idea that the observed
activations are specifically related to processing sweetness intensity rather than general attentional
or integrative functions.

In the analysis of affective value, positive affective responses were primarily associated with
significant activation in the right lateral orbitofrontal cortex (OFC), whereas negative affective
responses involved activations in the left lateral OFC and the left ventrolateral prefrontal cortex.
These results align with prior studies highlighting the OFC's critical role in encoding subjective
affective experiences and reward value [10,36,37] Y. The lateral OFC has been implicated in
processing pleasantness and reward evaluation, while the ventrolateral prefrontal cortex is associated
with processing negative emotions and inhibitory control.

These findings provide supplementary evidence supporting the significant association between
the OFC and subjective affective responses to taste stimuli. The ability to detect specific neural
activation patterns associated with sweet perception using fNIRS-based implicit measurement
techniques underscores the effectiveness and feasibility of fNIRS in studying taste perception.

4.1.2. Decoding Accuracy and Classification

The cross-subject group model based on fNIRS data achieved a decoding accuracy of 72.15%
when distinguishing between positive and negative affective values, which exceeded the chance level.
This demonstrates the effectiveness of using fNIRS data to decode affective responses to sweetness.
The higher accuracy for positive affective value suggests that neural responses to pleasant stimuli are
more consistent and distinguishable than those to unpleasant stimuli, which may be more variable
due to the complexity of negative emotions (e.g., disgust, disappointment). For sweetness intensity,
the decoding accuracy, while moderate at 50%, was still above the chance level expected for a three-
class classification. This indicates that while fNIRS can capture neural differences associated with
varying sweetness levels, achieving accurate classification based solely on fNIRS data presents
challenges. Contributing factors may include individual variability in taste perception, overlapping
neural activations for different sweetness levels, and the inherent limitations of fNIRS technology.

Advancements in {NIRS technology, including the development of more sensitive multivariable
decoding analyses, aim to unveil highly reproducible brain activity patterns across various
conditions. These advancements address the impact of subjective factors and participant variability
commonly encountered in traditional research [38,39]. The findings of this study demonstrate that
multivariable decoding analysis can effectively extract detailed information about differences in
sweetness intensity and affective value.
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Overall, the results underscore the feasibility of fNIRS technology in taste perception research
and highlight its potential as an objective tool for taste assessment. By capturing neural activations
associated with both the intensity and affective value of sweetness, fNIRS provides valuable insights
into the neural mechanisms underlying taste perception. Despite the moderate decoding accuracy for
sweetness intensity, the ability to exceed chance levels indicates that fNIRS can detect meaningful
neural patterns related to taste stimuli.

4.2. Correlation and Complementarity Between Implicit and Explicit Measures

Building upon the established efficacy of fNIRS technology in detecting neural patterns related
to sweet taste perception, we explored the relationship between implicit neural responses and explicit
self-reported measures of sweetness intensity and affective value. This investigation aimed to
understand how these two methodologies correlate and complement each other in capturing the
multifaceted experience of sweetness.

This research revealed that while there are weak correlations between explicit and implicit
measures at the feature level, these methods capture different yet complementary aspects of
sweetness perception. Specifically, implicit measures obtained through fNIRS capture finer and more
complex neural responses that provide insights beyond those obtained from explicit self-reports.

For sweetness intensity, a moderate positive correlation was observed between the sample
entropy feature from fNIRS data and explicit intensity ratings. Sample entropy reflects the complexity
and irregularity of neural activity, suggesting that higher perceived sweetness intensity is associated
with more complex neural responses [40]. This indicates that implicit measures can capture the
nuanced neural dynamics underlying intensity perception, offering a deeper understanding beyond
conscious evaluations [41].

In terms of affective value, while most fNIRS features showed weak correlations with explicit
affective ratings, the sample entropy feature again demonstrated a moderate positive correlation.
Additionally, the left slope feature exhibited a weak negative correlation with explicit affective
evaluations. The left slope represents the rate of change in neural activity, with steeper negative
slopes indicating faster decreases in oxyhemoglobin concentration, potentially reflecting less pleasant
emotional responses. These results suggest that implicit measures capture physiological indicators
related to emotional processing, which may not be fully captured through self-report [8,42].

The generally weak correlations highlight that these methodologies tap into different
dimensions of sweetness perception. Explicit measures reflect conscious evaluations influenced by
personal biases, social desirability, and limited introspective access [43]. In contrast, implicit
measures via fNIRS capture subconscious neural processes and physiological responses that
participants may not be fully aware of or able to articulate [12]. This divergence underscores the
complexity of taste perception, involving both conscious and unconscious components.

Furthermore, the consistency analyses demonstrated alignment between explicit and implicit
measures at the model level. A positive correlation was found between the probability of correct
classification (POC) and sweetness intensity across both manual segmentation and unsupervised
clustering models. This indicates that higher concentrations of sweetness are more easily decoded,
consistent with previous research. Studies have shown that increased taste stimulus concentration
leads to increased neural response amplitude, which supports the idea that higher concentrations of
stimuli are more readily processed and perceived [44,45].

Similarly, a negative correlation between POC and affective value suggests that positive
emotions are more readily decoded than negative emotions, aligning with our results and prior
studies indicating that positive affective responses elicit more consistent and distinguishable neural
patterns [46,47]. High composite similarity scores between clustering results indicate strong
alignment between explicit and implicit data in categorizing affective responses. These findings
emphasize that while implicit and explicit measures capture different aspects of sweetness
perception, their complementarity enhances our overall understanding of how sweetness is
processed and evaluated.
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4.3. Implications for future research

While this study provides valuable insights, several limitations should be considered. The
relatively small and homogeneous sample may not represent the general population, as individual
differences in taste perception, such as genetic variations or cultural influences, were not extensively
controlled or accounted for.

The limited depth penetration may have impeded the detection of neural activations in deeper
brain regions. Additionally, the moderate decoding accuracy for sweetness intensity suggests
challenges in accurately classifying sweetness levels using fNIRS data alone.

To address these limitations, future research could consider expanding the sample size and
diversity by recruiting a larger, more varied participant pool to enhance generalizability. Improving
fNIRS methodology through the use of advanced systems with higher spatial resolution and better
depth penetration, implementing sophisticated preprocessing methods to reduce artifacts and noise,
and integrating fNIRS with other neuroimaging techniques like EEG or fMRI for complementary data
could enhance data quality. Enhancing decoding accuracy is another crucial area for future work.
Employing advanced machine learning algorithms and developing individualized decoding models
may improve classification performance, allowing for more precise interpretation of neural responses
to sweetness.

Practical applications of this research include developing products that optimize sweetness
levels while considering health implications, and studying taste perception in clinical populations to
inform interventions and therapies. By addressing these limitations and pursuing these future
directions, researchers can enhance the understanding of sweetness perception and the utility of
fNIRS technology in sensory neuroscience. An integrated approach combining methodological
advancements, diverse participant samples, and multidisciplinary perspectives will contribute to
more effective strategies for studying and influencing taste perception.

5. Conclusions

In this study, the sweetness perception was investigated by using both explicit self-report
measurement and implicit NIRS measurement. The results reveal distinct activation patterns in brain
regions associated with sweetness intensity and affective value, particularly noting heightened
responses with increasing sucrose concentrations. Multivariate decoding accurately identifies
sweetness intensity and affective value, highlighting its potential as a reliable tool for objective taste
assessment. Moreover, the findings underscore the complementary nature of implicit and explicit
measurement techniques in capturing different aspects of taste perception. While implicit measures
provide finer insights into neural responses and physiological indicators, explicit measures offer
subjective evaluations and personal preferences. The consistency analysis further corroborates the
complementary relationship between these measurement methods, emphasizing the importance of
considering both in understanding subjective experiences like sweet taste perception
comprehensively. Overall, this research advances our understanding of the neural underpinnings of
sweet taste perception and highlights the potential of fNIRS technology as an objective tool for taste
assessment. By elucidating the complex interplay between neural responses and subjective
evaluations, this study contributes to the broader field of sensory neuroscience and offers valuable
insights for future research in taste perception.
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