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Human taste perception is a complex multisensory process that integrates 

chemical, emotional, and cognitive responses within the brain. Traditional 

methods for evaluating taste rely on subjective reporting, which limits 

reproducibility and accuracy. Brain-Computer Interface (BCI) technology 

provides an objective solution by decoding neural activity associated with 

taste perception using non-invasive techniques such as EEG and fNIRS. The 

research contribution aims to deliver an extensive overview of the latest 

advancements in BCI-oriented taste research, emphasizing various 

applications, methodological frameworks, and potential future pathways that 

connect the domains of neuroscience and sensory technology. This review 

examines the use of EEG and fNIRS modalities for signal acquisition, 

preprocessing, feature extraction, and classification across 36 studies 

conducted between 2020 and 2025. These works employ both traditional 

algorithms and deep learning models, including SVM, CNNs, and 

Transformer-based frameworks, to decode neural signatures of basic tastes 

and multisensory interactions. Results show that BCIs have successfully 

identified distinct brain responses for sweet, sour, salty, bitter, and umami 

stimuli. They have also been applied in multisensory integration, hedonic 

evaluation, consumer behavior analysis, clinical diagnosis of taste disorders, 

and affective monitoring. However, challenges remain in signal noise, dataset 

standardization, and model interpretability. In conclusion, BCIs represent a 

promising and interdisciplinary approach for objectively studying and 

enhancing human taste perception through the integration of neuroscience, 

engineering, and artificial intelligence. 
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1. INTRODUCTION 

Taste perception is one of the most complex and least understood sensory modalities in humans, 

integrating chemical detection, multisensory processing, and emotional evaluation within the brain [1]. 

Traditional methods for studying taste perception, such as sensory questionnaires, hedonic scales, or behavioral 

tests, heavily rely on subjective reporting [2]. These approaches, while valuable, are limited by personal bias, 

linguistic variability, and contextual influence [3]. Consequently, there is still a significant gap in developing 

objective and reproducible tools that can quantify human taste experiences directly from neural activity [4]. 

Understanding how the brain encodes various gustatory stimuli encompassing the five basic tastes (sweetness, 

saltiness, sourness, bitterness, and umami perception) remains an open scientific and engineering challenge 

[5]. 

Recent advances in neuroscience and biomedical engineering have introduced Brain-Computer Interfaces 

(BCIs) as a promising solution to this problem. BCIs allow direct measurement and interpretation of brain 

activity through non-invasive techniques such as EEG and fNIRS [6]. These technologies can capture event-

related potentials, spectral features, and hemodynamic responses associated with sensory experiences, offering 

a quantitative window into how the human brain perceives and evaluates taste [7]. In contrast to subjective 

assessment methods, BCI systems can objectively record neural correlates of taste perception, enabling 

researchers to decode flavor-specific brain signatures and emotional responses with increasing precision [8]. 

The state of the art in this field shows a growing interest in using BCIs for sensory and consumer research. 

Several studies have demonstrated that EEG signals can discriminate between basic flavors with classification 

accuracies exceeding 80% [9], and that fNIRS can detect cortical activations linked to pleasantness and taste 

intensity [10]. Machine learning and deep learning methods, including SVM, CNNs, and LSTM models, have 

been increasingly adopted to enhance the interpretability and performance of these neural decoding tasks [11]-

[13]. Despite these advances, current research remains fragmented, most studies use small datasets, lack 

standardized protocols, and seldom integrate multimodal BCI approaches [14]. There is therefore a pressing 

need to consolidate existing findings and identify future directions that could strengthen methodological rigor 

and interdisciplinary application. 

The novelty of this review lies in its comprehensive synthesis of recent developments in BCI applications 

specifically for human taste perception, an area that has received far less attention compared to vision, hearing, 

or motor control. Unlike previous works that only discuss BCIs in general sensory contexts [15], this paper 

focuses on the intersection of gustatory neuroscience, signal processing, and computational intelligence. It 

systematically examines how neural features related to taste are acquired, processed, and classified using 

advanced algorithms, and how these insights can be leveraged for engineering and industrial applications such 

as food design, sensory evaluation, and personalized nutrition. 

The contribution of this research is threefold. First, it provides a structured overview of current BCI 

methodologies applied to taste perception, highlighting signal modalities, processing pipelines, and 

computational techniques. Second, it identifies major challenges (including data variability, interpretability, 

and scalability) that hinder real-world application. Third, it outlines future research opportunities by proposing 

a roadmap for integrating BCIs with multimodal sensors and artificial intelligence to create reliable, real-time, 

and ethically responsible systems for taste-driven sensory engineering. By consolidating these insights, this 

review aims to bridge the gap between neuroscience and engineering, advancing the objective understanding 

and technological exploration of how humans experience taste. 

 

2. NEUROPHYSIOLOGICAL FOUNDATIONS OF TASTE PERCEPTION 

Human taste perception begins at the peripheral sensory level within the taste buds of the tongue, where 

specialized gustatory receptor cells detect chemical compounds present in food and beverages [16]. As shown 

in Figure 1, these receptor cells send neural signals through three main cranial nerves. The facial nerve (cranial 

nerve VII) transmits sensory input originating from the front portion of the tongue [17]. The glossopharyngeal 

nerve (cranial nerve IX) is responsible for carrying taste sensations arising from the back section of the tongue 

[18]. Meanwhile, the vagus nerve (cranial nerve X) delivers sensory information derived from the regions of 

the pharynx and the epiglottis [19]. All these neural pathways converge in the solitary nucleus of the medulla 

oblongata, which acts as the first central relay for taste information [20]. From this point, gustatory signals 

travel through the pons and reach the thalamus, before projecting to higher brain centers such as the insular 

cortex and the orbitofrontal cortex (OFC) [21]. These cortical areas, often referred to as the gustatory cortex, 

are responsible for conscious taste recognition, discrimination, and hedonic evaluation [22]. 

At the cortical level, the five fundamental categories of taste perception (namely sweetness, saltiness, 

sourness, bitterness, and umami) are represented by complex but overlapping neural activation patterns [23]. 

Sweet and umami tend to activate anterior regions of the insular and frontal opercular areas, which are linked 
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with pleasant or rewarding sensations [24]. Bitter and sour flavors often engage posterior parts of the insular 

cortex that are associated with aversive or protective responses [25]. Salty taste produces intermediate 

activation because it plays both a sensory and homeostatic role [26]. This distributed neural representation 

supports the concept of population coding, in which networks of neurons work together to encode different 

dimensions of taste, including intensity, valence, and quality [27]. 

Findings from EEG and fNIRS studies have provided important insights into these gustatory processes. 

In EEG recordings, several event-related potential (ERP) components are observed during taste perception. 

The P200 component reflects early sensory detection [29]. The P300 component represents attention and 

stimulus evaluation [30]. The N400 component corresponds to cognitive and affective interpretation [31]. In 

the frequency domain, taste stimulation typically causes a reduction of alpha-band activity that indicates 

cortical activation, together with an increase in beta-band activity that reflects higher cognitive integration [32]. 

fNIRS studies complement these results by identifying hemodynamic changes in the insular and orbitofrontal 

regions during exposure to different taste qualities [33]. These findings form the physiological basis for non-

invasive Brain-Computer Interface (BCI) applications that attempt to decode the brain’s electrical and 
metabolic responses to taste [34]. 

Taste processing also involves emotional and motivational circuits that modulate the sensory experience 

[35]. The amygdala and orbitofrontal cortex are central to this integration process. They link gustatory inputs 

with affective states and reward valuation [36]. Dopaminergic signaling in these regions strengthens learning 

and memory related to taste experiences, helping to shape food preferences and behavioral responses [37]. For 

this reason, taste perception cannot be described as a purely sensory event. It represents a unified neural 

experience that merges cognition, emotion, and motivation into one dynamic system [38]. Understanding the 

entire neurophysiological pathway illustrated in Figure 1 is essential for the advancement of BCI-based studies 

in taste perception. By capturing ERP signatures and brain oscillations related to insular and orbitofrontal 

activation, BCIs can serve as objective tools for analyzing taste-specific neural responses [39]. This foundation 

supports future developments in sensory engineering, flavor design, and affective computing, where taste is 

evaluated not only through behavior but also through measurable brain activity [40]. 

 

 
Figure 1. Overview of the gustatory neural circuits [28] 

 

3. BCI APPROACHES FOR DECODING TASTE 

The application of BCI technology in the study of taste perception has opened new possibilities for 

understanding how neural signals represent gustatory information. Among the available BCI modalities, non-

invasive techniques such as EEG and fNIRS are the most widely adopted [41]. These methods are preferred 
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because they are safe, portable, and suitable for repeated testing in healthy participants. EEG provides high 

temporal resolution, which makes it ideal for capturing fast neural dynamics associated with taste 

discrimination [42]. In contrast, fNIRS offers better spatial resolution by measuring hemodynamic activity in 

cortical regions that process taste information, particularly in the insular and orbitofrontal cortices. The 

combination of these two modalities allows researchers to examine both electrical and metabolic responses, 

creating a more comprehensive picture of gustatory processing [43]. 

The general signal processing pipeline in taste-related BCIs is composed of four fundamental stages. The 

initial stage involves signal acquisition, which entails capturing brain responses while participants are 

presented with systematically controlled gustatory stimuli [44], including liquid samples that correspond to the 

five basic taste categories (sweetness, sourness, saltiness, bitterness, and umami). The second step is artifact 

removal, where non-neural signals caused by eye movement, facial muscles, or swallowing are filtered to 

improve data quality [45]. The third step is feature extraction, in which meaningful neural characteristics are 

identified from the recorded signals. These features may include time-domain components such as event-

related potentials (P200, P300, and N400), or frequency-domain patterns like alpha and beta power changes 

[46]. The final step is classification, where machine learning or deep learning models are used to differentiate 

between various taste conditions or hedonic responses [47]. Classical algorithms such as SVM and Linear 

Discriminant Analysis remain widely used due to their simplicity and interpretability, while newer approaches 

like CNNs and LSTM networks offer improved accuracy by capturing spatial and temporal dependencies 

within the data [48]-[50]. 

Research on brain-computer interfaces for taste perception has expanded considerably in recent years, 

beginning with early EEG investigations that explored neural correlates of sweetness and beverage evaluation. 

Mouillot et al. [51] reported that natural sucrose produced stronger and faster gustatory-evoked potentials 

compared to synthetic sweetening agents like aspartame and stevia. In the same year, Chen et al. [52] integrated 

virtual-reality contexts into EEG experiments and found that visual–taste congruency enhanced the perceived 

sweetness of beverages although it did not necessarily increase product liking. Alvino et al. [53] extended EEG 

analysis to the evaluation of red wine, revealing beta-band oscillations associated with sensory and reward 

processing during wine appraisal. These foundational studies demonstrated that EEG could detect subtle 

variations in hedonic and cognitive responses to different taste conditions. 

Subsequent research diversified the stimuli and analytical frameworks. HajiHosseini et al. [54] used sixty-

four-channel EEG to examine foods differing in health value and taste and observed that alpha-band activity 

encoded value integration whereas theta-band activity reflected self-regulation during decision making. Huang 

et al. [55] employed intracranial stereotactic EEG in epilepsy patients and discovered that the posterior insula 

encoded anticipation of food whereas the anterior insula and frontal operculum responded selectively to 

palatable cues. In a related study, Sinding et al. [56] observed that introducing a beef scent intensified 

participants’ perception of the soup’s saltiness, and influenced late ERP components such as P3, confirming 
the role of olfactory–gustatory interaction. Franco et al. [57] combined EEG and blood-volume pulse 

measurements to study group identity and branding effects on taste judgments. Their findings showed that 

social labeling influenced purchase intention more strongly than physiological taste response, emphasizing 

contextual modulation in taste perception. 

During 2022, researchers further explored multimodal and computational aspects of BCI. Hong et al. [58] 

demonstrated that inhalation of Agastache rugosa essential oil increased alertness and freshness through broad-

band EEG activation, while Atzingen et al. [59] used a CNN with two-channel EEG to distinguish caloric from 

non-caloric sweeteners, achieving high classification accuracy despite minimal electrode input. Wu et al. [60] 

analyzed umami-related EEG patterns and found low-frequency delta and theta activity with right-hemisphere 

dominance, suggesting lateralized processing of monosodium glutamate. Arroyo et al. [61] used statistical 

features from dry-electrode EEG to discriminate between sweet and non-sweet stimuli across odor, taste, and 

flavor conditions, revealing parietal and temporal involvement. Çelik et al. [62] applied olfactory event-related 

potentials in a clinical population and showed that OERP analysis could identify anosmia and malingering, 

demonstrating potential diagnostic value. Collectively, these 2022 studies highlighted the adaptability of EEG 

and hybrid systems for both research and applied contexts. 

The following year, methodological diversity continued to expand. Stuldreher et al. [63] reported that 

food neophobia heightened attentional ERP responses and reduced consumption volume when participants 

viewed unfamiliar foods. Hosang et al. [64] examined carbohydrate mouth rinsing and observed modulation 

of visuospatial attention through N1pc and N2pc components without behavioral change. Naser et al. [65] 

introduced a reduced-channel EEG approach using Hilbert Transform and Wavelet Packet Decomposition, 

which improved accuracy and efficiency. Jing et al. [66] investigated cross-modal effects of music on taste 

evaluation and found that classical music enhanced preference for sweet food while rock music increased 
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cognitive control over salty food consumption. Ullah et al. [67] validated surface electromyography as a 

potential proxy for taste perception by successfully recognizing six electronic taste states that mirrored real 

taste experiences. Mastinu et al. [68] performed large-scale time–frequency EEG on dysgeusia patients and 

demonstrated that gustatory event-related potentials provided higher diagnostic sensitivity than traditional 

assessments. These developments marked a turning point where BCI research began to include clinical 

diagnostics and emotional modulation alongside sensory decoding. 

From 2025 onward, the field saw a sharp increase in algorithmic innovation and dataset complexity. Xia 

et al. [69] developed a CNN-based channel-spatial attention model that improved recognition of four basic 

tastes while maintaining high accuracy. Li et al. [70] linked EEG band activity to food palatability, showing 

that more appetizing dishes elevated arousal and motivation levels. Stickel et al. [71] used frontal alpha 

asymmetry to show that explicit liking aligned with implicit neural responses only for taste-labeled drinks, 

indicating subconscious bias. Another work by Xia et al. [72] employed a Local-Global Fusion Transformer 

to quantify odor-enhanced sweetness, identifying frontal and parietal activation patterns. Albayrak et al. [73] 

combined EEG and EMG signals to test the effects of vagus nerve stimulation and found no direct EEG change 

but an increased eye-blink rate associated with reward anticipation. Zhao et al. [74] examined nine citrus 

essential oils and revealed that concentrated samples evoked stronger brain activity yet lower subjective 

acceptability, reflecting the neural basis of flavor intensity. 

Further refinement in 2025 involved controlled stimulus delivery and multimodal measurement. Liu et 

al. [75] designed an automated taste-delivery system that improved timing precision and decoding accuracy 

for salty taste EEG. Stickel et al. [76] combined EEG and eye-tracking data to evaluate labeled yogurts and 

reported that “health” labels reduced perceived tastiness and liking. Wang et al. [77] demonstrated that EEG 

signals could differentiate sweetener types and concentrations even under equal sweetness conditions, 

indicating fine neural discrimination. De et al. [78] introduced TasteNet, an entropy-based deep network 

capable of classifying six basic tastes with higher accuracy than prior models. Wang et al. [79] used EEG 

microstate analysis to track brain dynamics during exposure to alcoholic beverages of varying alcohol content 

and found that higher concentrations shifted attentional and evaluative states. Another study by Wang et al. 

[80] combined EEG source localization and connectivity mapping to show that volatile compounds enhanced 

salty taste perception through olfactory-gustatory integration. 

Additional contributions in 2025 explored relaxation, molecular modeling, and affective responses. Park 

et al. [81] applied s-LORETA analysis to EEG data collected during consumption of rice-bran cookies and 

found that these products promoted relaxation and reduced stress. Yang et al. [82] used graph convolutional 

networks to design safer dairy flavor substitutes and demonstrated cortical activation patterns comparable to 

standard diacetyl. Pereira et al. [83] confirmed that sweet and umami tastes elicited distinct neural and 

emotional patterns measurable through EEG and self-assessment manikins. Chen et al. [84] analyzed Baijiu 

beverages of varying mouthfeel and observed that intensity levels influenced comfort-related neural activity. 

Fu et al. [85] combined EEG with facial-expression tracking to show that sweet and salty food pairings 

improved liking and could be predicted by multimodal features. The latest development by Wang et al. [86] 

introduced TEDNet, a transformer-based local–global attention model that achieved state-of-the-art accuracy 

in decoding the four basic tastes from EEG signals. 

 
Table 1. Summary of recent studies on BCI applications in human taste perception 

Author(s) Year 
BCI 

Modality 

Stimuli / Taste 

Type 

Dataset / 

Participants 

Feature Extraction / 

Analysis 
Main Findings 

Mouillot et 
al. [51] 

2020 
EEG (9 

electrodes) 

Sweet taste using 

sucrose, 
aspartame, and 

stevia 

20 healthy 

adults aged 

19–27 

Latency and 

amplitude of GEP 

peaks 

Natural sugar induced 

stronger and faster activation 

than artificial sweeteners 

Chen et al. 

[52] 
2020 

EEG (9 

channels, 
VR) 

Sweet beverage 
in sweet, bitter, 

and neutral VR 

scenes 

41 adults 

aged 27 ± 2 

Alpha-band frontal 

asymmetry and self-
report ratings 

Visual–taste congruency 
enhanced sweetness 

perception without increasing 

liking 

Alvino et al. 

[53] 
2020 

EEG (32 

electrodes) 

Red wines 
differing in price 

and origin 

26 adults 

aged 18–40 

FFT and beta-band 

power with ANOVA 

Beta oscillations linked to 

reward and sensory 

processing during wine 
evaluation 

HajiHosseini 

et al. [54] 
2021 

EEG (64 

channels) 

Food items 

varying in taste 

and health 

50 adults 

aged 17–31 

ERP and time–
frequency analysis of 

alpha and theta 

Alpha encoded value 

integration while theta 

reflected self-regulation 

Huang et al. 

[55] 
2021 

Intracrania

l SEEG 

Palatable and 

neutral liquids 

11 epilepsy 

patients 

Broadband (70–170 

Hz) time–frequency 
analysis 

Posterior insula encoded food 

anticipation and anterior 
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Author(s) Year 
BCI 

Modality 

Stimuli / Taste 

Type 

Dataset / 

Participants 

Feature Extraction / 

Analysis 
Main Findings 

insula responded to palatable 
cues 

Sinding et al. 

[56] 
2021 

EEG (5 

electrodes) 

Salty soup with 

or without beef 
aroma 

13 adults 

aged 18–30 

ERP (P1, P3) latency 

and amplitude 

Odor enhanced perceived 

saltiness and affected late 
cognitive flavor processing 

Franco et al. 

[57] 
2021 

EEG and 

BVP 

Watermelon 

drink with 
sponsor labels 

90 football 

fans 

Alpha power and 

HRV analysis 

Group identity influenced 

buying intention more than 
taste 

Hong et al. 

[58] 
2022 

EEG (29 

electrodes) 

Agastache 

rugosa essential 
oil 

38 adults (19 

male, 19 
female) 

Power spectral 

analysis across theta–
gamma bands 

Essential oil increased 

alertness and freshness while 
reducing drowsiness 

Atzingen et 

al. [59] 
2022 

EEG (2 

electrodes) 

Passion fruit 

juice with 

various 

sweeteners 

11 adults 

aged 19–55 

Filtered EEG (8–40 

Hz) for CNN input 

CNN differentiated caloric 

vs. non-caloric sweeteners 

with high accuracy 

Wu et al. 

[60] 
2022 

EEG (8 
electrode 

pairs) 

Umami taste 
(MSG at 3 

concentrations) 

10 adults 

aged 24 ± 1 

Power spectral 

density (1–100 Hz) 

Umami evoked low-
frequency δ and θ activity 
with right-side dominance 

Arroyo et al. 

[61] 
2022 

EEG (64 
dry 

electrodes) 

Sweet odor, 
sweet taste, non-

sweet flavor 

18 adults 

aged 24–35 

Time-domain 

statistical descriptors 

EEG distinguished sweet vs. 
non-sweet across modalities 

with parietal involvement 

Çelik et al. 

[62] 
2022 

EEG 

(OERP) 

Odor stimuli (n-

amyl acetate) 

98 post-
trauma 

patients 

ERP waveform (Fz–
Cz–Pz) 

OERP helped detect anosmia 
and malingering in forensic 

assessment 

Stuldreher et 

al. [63] 
2023 

EEG (32 

electrodes) 

Familiar and 
unfamiliar food 

images 

43 adults 

aged 19–64 

ERP (LPP) and inter-

subject correlation 

Food neophobia increased 
attention and reduced sip size 

for unfamiliar foods 

Hosang et al. 

[64] 
2023 

EEG (60 

electrodes) 

Carbohydrate 

and non-nutritive 
mouth rinse 

53 adults 

aged 26 ± 4 

ERP (N1pc, N2pc) 

amplitude 

Carbohydrate rinse 
modulated visuospatial 

attention without behavioral 

change 

Naser et al. 

[65] 
2024 

EEG (17–
256 

channels) 

Taste and odor 

stimuli 

10 for taste, 

5 for odor, 

29 for motor 
imagery 

Hilbert Transform 

and Wavelet Packet 

RSCS improved accuracy 

with fewer EEG channels 

Jing et al. 
[66] 

2024 
EEG (64 
channels) 

Sweet and salty 

foods under 

music styles 

24 college 
students 

ERP (P2, N2, N3, 
LPC) 

Classical music enhanced 

sweet preference while rock 
increased control for salty 

food 

Ullah et al. 

[67] 
2024 

Surface 

EMG 

Electronic taste 

stimuli 

17 adults (8 
used for 

data) 

Time and frequency 

features 

sEMG recognized six 
electronic taste states 

correlating with real tastes 

Mastinu et 
al. [68] 

2024 
EEG (128 
electrodes) 

Salty taste (NaCl 
concentrations) 

103 
participants 

(44 
dysgeusia, 

59 controls) 

Time–frequency and 
canonical averaging 

Time–frequency analysis 

improved dysgeusia 
diagnosis 

Xia et al. 

[69] 
2025 

EEG (21 

channels) 

Sour, Sweet, 

Bitter, Salty 

20 

participants, 

1600 

samples 

CNN-CSA with 

Grad-CAM 

CAM-Attention improved 

recognition efficiency with 
high accuracy 

Li et al. [70] 2025 EEG 

Fried rice with 

varied 

palatability 

46 students 
aged 19–28 

Band analysis of 
theta–gamma 

Delicious food increased 
arousal and motivation 

Stickel et al. 

[71] 
2025 

EEG 

(frontal 

alpha 
asymmetry

) 

Protein 

chocolate milk 
with labels 

118 adults 

aged 18–50 
PSD of alpha band 

Taste label increased liking 

compared to health label 

Xia et al. 

[72] 
2025 EEG 

Sucrose mixed 
with odor 

compound 

16 adults 

aged 20–30 

Local–Global Fusion 

Transformer 

Odor enhanced sweetness 
with frontal and parietal 

activation 

Albayrak et 

al. [73] 
2025 

EEG and 

EMG 
Chocolate milk 

15 healthy 

adults 

ICA and artifact 

removal 

tVNS did not alter EEG but 
sipping increased eye-blink 

rate linked to reward 

Zhao et al. 

[74] 
2025 EEG 

Nine citrus 

essential oils 

20 healthy 

adults 

PSD and frequency 

analysis 

Concentrated oils evoked 
stronger brain responses and 

lower acceptability 
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Author(s) Year 
BCI 

Modality 

Stimuli / Taste 

Type 

Dataset / 

Participants 

Feature Extraction / 

Analysis 
Main Findings 

Liu et al. 

[75] 
2025 EEG 

NaCl solutions 
(150 and 200 

mmol/L) 

20 adults 

aged 24 ± 1 
DWT, GFP, PCA 

Automated taste delivery 
improved precision of EEG 

decoding 

Stickel et al. 

[76] 
2025 

EEG and 
Eye 

Tracking 

Dairy and plant 

yogurts 

154 
participants 

aged 19–65 

PSD of alpha band 

and gaze metrics 

Health labels reduced 

tastiness and liking 

Wang et al. 

[77] 
2025 EEG 

Sucrose and iso-

sweet sweeteners 

28 adults 

aged 18–30 

PSD and AUC of 

bands 

Brain differentiated 
sweetener type and 

concentration 

De et al. [78] 2025 
EEG (19 

electrodes) 

Sweet, Sour, 
Salty, Bitter, 

Umami, Neutral 

51 adults 

aged 19–35 

CEEMDAN and 

entropy features 

TasteNet classified six basic 
tastes with superior 

performance 

Wang et al. 

[79] 
2025 

EEG (64 

channels) 

Alcoholic 

stimuli (various 

ABV) 

20 adults 
EEG microstate 

analysis 

Alcohol concentration 

modulated sensory focus and 

re-evaluation 

Wang et al. 

[80] 
2025 

EEG (64 

channels) 

Salty taste 
enhanced by 

volatiles 

20 adults 

aged 19–26 

Time–frequency, 

source localization 

Volatiles strengthened 
olfactory–gustatory 

integration 

Park et al. 

[81] 
2025 

EEG (21 
channels, 

s-

LORETA) 

Rice bran 

cookies with 
sugar substitutes 

6 adults 
Band analysis and 

source mapping 

Cookies promoted relaxation 

and reduced stress 

Yang et al. 
[82] 

2025 
EEG (CSD 
and GCN) 

Dairy flavor and 

diacetyl 

substitute 

177 
evaluators 

GCN molecular 

embedding and GA 

inverse design 

Safe dairy flavor substitute 

matched cortical activation of 

original DA 

Pereira et al. 
[83] 

2025 
EEG (32 
channels) 

Five basic tastes 
28 adults 

aged 18–25 
PSD analysis of δ–γ 

bands 

Sweet and umami produced 

distinct neural and emotional 

patterns 

Chen et al. 
[84] 

2025 
EEG (64 
channels) 

Baijiu with 
varied mouthfeel 

10 adults 
PSD and time–

frequency 

Mouthfeel intensity affected 

neural comfort and 

perception 

Fu et al. [85] 2025 

EEG and 

facial 

tracking 

Baijiu flavors 
and food pairing 

53 total 
participants 

EEG rhythm and 
FaceReader metrics 

Sweet and salty pairings 

improved liking and 

predicted preference 

Wang et al. 
[86] 

2025 
EEG (21 

electrodes) 
Sweet, Sour, 
Salty, Bitter 

30 adults, 

2400 

samples 

TEDNet with Local–
Global Attention 

Model achieved state-of-the-
art decoding accuracy 

 

 

4. BRAIN-COMPUTER INTERFACE APPLICATIONS IN TASTE PERCEPTION 

Recent developments in BCI research have demonstrated that decoding neural signals can provide 

valuable insights into how the human brain perceives and evaluates taste. Across multiple studies, EEG-based 

BCIs have been applied to classify different taste modalities, integrate sensory cues, measure hedonic 

experiences, evaluate consumer products, support clinical diagnosis, and monitor affective states. These 

diverse applications highlight the growing potential of BCI technology to serve as both a research and 

engineering tool in sensory neuroscience and food science can be seen in Figure 2. 

Taste classification represents the most direct and widely explored application of BCIs in gustatory 

research. Several studies have successfully decoded neural signatures corresponding to the five basic tastes 

(sweet, sour, salty, bitter, and umami) using EEG and advanced learning algorithms. Early work by Mouillot 

et al. [51] and Wu et al. [60] identified distinct temporal and frequency-domain EEG patterns for sweet and 

umami stimuli, confirming the feasibility of objective taste discrimination. Later, De et al. [78] introduced 

TasteNet, which used entropy-based features to classify six basic tastes with high precision, while Xia et al. 

[69] and Wang et al. [86] demonstrated that deep models such as CNNs and Transformer-based networks could 

achieve state-of-the-art decoding accuracy. These findings indicate that EEG-based BCIs can reliably 

recognize taste-related brain activity, providing the foundation for automated flavor recognition systems. 

Multisensory integration has also become a central theme in BCI-based taste studies. The perception of 

flavor arises not only from gustatory inputs but also from the interaction of taste, smell, and vision. Studies by 

Sinding et al. [56] and Wang et al. [80] revealed that the addition of aroma compounds or volatile cues 

enhanced taste perception by engaging both gustatory and olfactory cortical regions. Chen et al. [52] confirmed 

that visual context presented through virtual reality could modify the perceived sweetness of beverages, 

illustrating how cross-modal congruency shapes neural taste processing. Arroyo et al. [61] further 
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demonstrated that EEG patterns could differentiate between sweet and non-sweet stimuli across taste and odor 

modalities, highlighting the brain’s ability to integrate sensory information dynamically. 
 

 
Figure 2. BCI applications in Taste Perception 

 

In terms of hedonic evaluation, BCIs have proven effective for measuring subjective pleasure and reward 

responses linked to flavor consumption. Alvino et al. [53] and HajiHosseini et al. [54] showed that beta- and 

theta-band oscillations corresponded to reward processing and self-regulation during food evaluation tasks. Li 

et al. [70] and Pereira et al. [83] observed that more palatable or umami-rich foods produced stronger emotional 

engagement and cortical activation associated with liking and motivation. Zhao et al. [74] added that intense 

citrus aromas evoked powerful neural responses correlated with lower subjective acceptability, reflecting the 

brain’s nuanced encoding of sensory pleasure and discomfort. These results underline the potential of EEG to 
objectively assess hedonic experience and preference formation. 

BCI technology has also been utilized for product assessment, offering valuable tools for neuromarketing 

and sensory product design. Franco et al. [57] demonstrated that group identity and product labeling could 

modulate consumer purchase intention more than the taste itself, as reflected in EEG and physiological 

measures. Stickel et al. [71],[76] explored the influence of “health” versus “taste” labels and found that implicit 
neural responses, captured through frontal alpha asymmetry, often diverged from explicit self-reports of liking. 

Fu et al. [85] combined EEG with facial expression analysis and found that sweet and salty food pairings 

increased positive emotional responses and accurately predicted consumer preference. Together, these studies 

show that BCIs can reveal subconscious evaluations that traditional questionnaires may overlook, enabling 

data-driven approaches to product testing. 

In clinical and diagnostic contexts, BCIs have shown promise in detecting gustatory and olfactory 

dysfunctions. Çelik et al. [62] used olfactory event-related potentials to identify anosmia and malingering 

among patients with post-traumatic smell loss, providing an objective electrophysiological tool for forensic 

evaluation. Mastinu et al. [68] applied EEG-based time–frequency analysis to patients with dysgeusia and 

found altered gustatory activity compared with healthy controls, which improved diagnostic sensitivity beyond 

standard gustatory event-related potentials. These findings suggest that BCIs can complement medical 

diagnostics by quantifying neural responses in patients with sensory impairments. 

Finally, affective and cognitive state monitoring represents another emerging application of BCI in taste 

research. EEG markers of arousal, attention, and relaxation have been successfully measured during food 

consumption. Hong et al. [58] reported that exposure to aromatic essential oils increased alertness and reduced 
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drowsiness, while Park et al. [81] showed that rice-bran cookies induced relaxation and lowered stress-related 

brain activity. Hosang et al. [64] found that carbohydrate mouth rinsing influenced visuospatial attention 

networks without altering behavior, and Wang et al. [79] demonstrated that varying alcohol concentrations 

modulated attentional and evaluative brain states. Such findings highlight the value of BCIs for tracking real-

time emotional and attentional changes, paving the way for adaptive sensory environments and personalized 

food experiences. 

 

5. CHALLENGES AND EMERGING DIRECTIONS 

Despite significant progress in applying brain-computer interfaces (BCIs) to the study of taste perception, 

several technical and methodological challenges remain unresolved. Most existing studies still rely on 

relatively small and homogeneous participant groups, often fewer than thirty individuals, which limits the 

statistical generalizability of their findings. Differences in electrode placement, recording duration, and taste 

delivery methods across studies introduce additional variability that complicates cross-study comparisons. 

Environmental control also plays a critical role, as taste responses can be influenced by external cues such as 

room odor, visual context, and even participant hunger state. These inconsistencies highlight the urgent need 

for standardized experimental protocols, shared datasets, and unified benchmarks to ensure reproducibility and 

comparability across laboratories. 

Signal quality and interpretability present another key limitation. EEG and fNIRS signals used in taste-

related BCIs are prone to low signal-to-noise ratios caused by motion artifacts, swallowing, and facial muscle 

activity during tasting. Although preprocessing techniques such as independent component analysis and 

adaptive filtering have improved data clarity, they cannot fully eliminate non-neural contamination. Moreover, 

the transient and overlapping nature of gustatory-evoked potentials makes it difficult to isolate specific neural 

components associated with individual taste qualities. The majority of studies, including those by Mouillot et 

al. [51] and Wu et al. [60], focused on single or binary taste classifications, whereas more complex and mixed 

flavor experiences remain largely unexplored. Future BCIs should therefore incorporate more robust artifact 

rejection algorithms and multimodal acquisition systems that can synchronize EEG, fNIRS, EMG, and 

behavioral measures for higher fidelity in taste decoding. 

Another major challenge concerns data scarcity and model generalization. Although deep learning models 

such as CNN, Transformer, and entropy-based networks have achieved impressive accuracy in single-study 

settings [69],[78],[86], their generalizability across individuals and experimental setups remains limited. Many 

datasets are proprietary or collected under highly specific conditions, preventing meaningful cross-validation 

and meta-analysis. Building large, open-access, and well-annotated databases of taste-related EEG and fNIRS 

recordings is therefore an essential step toward developing transferable and explainable models. Transfer 

learning and domain adaptation techniques may help overcome subject variability, allowing BCIs to function 

reliably across different user populations. 

Beyond technical barriers, future research must also address the interpretability and ethical implications 

of taste decoding. Current deep neural models, while accurate, often behave as black boxes, providing little 

insight into the underlying neurophysiological mechanisms. Approaches using explainable artificial 

intelligence such as Grad-CAM and SHAP could visualize the cortical regions and frequency bands that drive 

classification decisions, enabling a deeper comprehension of the neural processes through which the brain 

represents and interprets gustatory perception. At the same time, the collection and analysis of neural data raise 

critical ethical concerns related to data privacy, participant consent, and the risk of information misuse. Taste 

preferences are closely tied to individual identity, emotion, and cultural background, and therefore require 

careful data governance and transparent use policies in both research and industry applications. 

Several emerging directions are already shaping the next generation of BCI-based sensory systems. The 

integration of multimodal technologies, including EEG–fNIRS hybrids, electromyography, and eye-tracking, 

offers the potential to capture richer representations of taste-related brain activity. Studies such as Atzingen et 

al. [59] and Fu et al. [85] demonstrated that combining neural and peripheral physiological signals enhances 

model performance and emotional interpretation. Advances in portable and wireless EEG devices will further 

support real-world experiments beyond laboratory environments, enabling mobile monitoring of flavor 

perception in natural eating contexts. Additionally, immersive media technologies encompassing VR and AR, 

previously explored by Chen et al. [52], can be merged with BCI systems to simulate and manipulate 

multisensory dining experiences, contributing to both research and interactive food design. 

Looking forward, the convergence of neuroscience, machine learning, and sensory engineering is 

expected to transform BCIs from experimental tools into practical systems for health and industry. Clinical 

applications such as the detection of dysgeusia and anosmia [62],[68] may evolve into real-time diagnostic 

platforms capable of monitoring taste recovery in neurological patients. In parallel, affective BCIs could guide 
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the development of personalized nutrition and adaptive flavor modulation that responds to users’ emotional 
and physiological states. The field is thus moving toward a future where taste is no longer evaluated solely 

through subjective experience but decoded objectively through brain signals, paving the way for a new 

generation of intelligent, human-centered sensory technologies. 

 

6. CONCLUSIONS 

Research on brain-computer interfaces for taste perception has evolved rapidly, transforming the study of 

gustatory processing from subjective observation to objective neural decoding. EEG and fNIRS technologies 

have proven effective in capturing brain responses to basic tastes, emotional valence, and cognitive evaluation, 

enabling quantifiable insights into how the brain encodes flavor experiences. Advances in signal processing 

and machine learning have made it possible to classify multiple taste modalities with increasing precision, 

marking a shift from exploratory neuroscience toward applied neuroengineering. Beyond taste classification, 

BCIs have provided new perspectives on multisensory integration, emotional processing, and consumer 

perception. Findings show that taste perception is influenced by visual and olfactory cues, as well as by 

cognitive and affective contexts such as reward, motivation, and product labeling. These insights have 

positioned BCIs as valuable tools for sensory analysis, neuromarketing, and affective computing, while also 

demonstrating potential in clinical applications for diagnosing taste and smell disorders.  

Despite this progress, several challenges remain. Many studies are limited by small datasets, non-

standardized experimental designs, and variability in signal quality caused by motion artifacts or individual 

differences. Deep learning architectures deliver high precision but often lack clarity in their decision-making, 

emphasizing the need for more transparent and interpretable methods. Future research should focus on building 

open-access databases, refining multimodal acquisition systems, and developing portable BCIs for real-world 

sensory environments. In summary, BCIs offer a promising and interdisciplinary framework for decoding 

human taste perception. By merging neuroscience, engineering, and artificial intelligence, they pave the way 

for objective and personalized evaluation of flavor experiences. Continued innovation in this field will enable 

the creation of neuroadaptive sensory systems capable of understanding and enhancing the complex 

relationship between the human brain and the sense of taste. 
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