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Abstract

Understanding how the brain adapts to repeated food-related cues provides insight into

attentional and motivational mechanisms that influence eating behaviour. Previous studies

using event-related potentials (ERPs) have shown that food cues, particularly high-calorie

stimuli, elicit sustained neural responses with repeated exposure. The present study extends

this line of inquiry by examining the oscillatory dynamics of within-session habituation

using time-frequency analysis of electroencephalographic (EEG) data from 24 healthy

adult participants. Repeated presentations of the same high-calorie, low-calorie, and non-

food images were shown, and changes in power across the delta, theta, alpha, beta, and

gamma bands were analysed using cluster-based permutation testing. The results revealed

a significant habituation effect for the non-food image within the theta band at frontal

scalp electrode clusters between 110–330 ms, characterised by a progressive reduction

in power over time. In contrast, both high and low-calorie food cues maintained more

stable oscillatory activity, indicating sustained attentional engagement. Participant-level

analyses further suggested that changes in attentional engagement followed a graded

pattern rather than clear categorical differences across stimulus types. These findings

suggest that neural habituation is modulated by stimulus salience, with high-calorie food

images resisting adaptation through persistent theta-band synchronisation at frontal scalp

electrodes. Integrating these oscillatory results with prior time-domain evidence highlights

a multi-stage attentional process: an early sensory filtering phase reflected in parietal

ERPs and a sustained regulatory phase indexed by theta-band activity recorded at frontal

scalp electrodes. This study provides novel evidence that time-frequency analysis captures

complementary aspects of attentional adaptation that are not visible in traditional ERP

measures, offering a richer understanding of how the brain maintains attention to appetitive

visual stimuli.

Keywords: Electroencephalogram (EEG); food-cue processing; frontal theta oscillations;

habituation; time-frequency analysis

1. Introduction

In the modern environment, individuals are constantly surrounded by food-related

cues, ranging from advertisements and social media to everyday settings filled with food

options. Repeated exposure to such cues leads to habituation, a neurobehavioural process

in which physiological, behavioural, or neural responses gradually decrease following
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repeated exposure to the same stimulus [1,2]. This reduction has been consistently observed

across eating-related responses such as salivation, facial muscle activity, and subjective

appetite ratings [3,4]. Habituation is considered an adaptive mechanism that reduces the

attentional and motivational relevance of familiar food stimuli and serves as a natural

regulator of intake. However, it interacts with hedonic reward systems, cognitive control,

and physiological feedback mechanisms [1].

Individual differences in the rate and pattern of habituation have been linked to dis-

ordered eating behaviours and obesity [1]. Overweight individuals, particularly children,

tend to exhibit slower declines in attentional and motivational responses when repeatedly

exposed to food cues, which may lead to increased food intake. This slower habituation

also results in higher consumption when new or a variety of foods are introduced, reflecting

sustained motivation and heightened reward sensitivity [5]. Furthermore, exposure to a

variety of foods, rather than repeated presentation of a single item, has been shown to

weaken habituation and increase energy intake [1]. Collectively, these findings indicate that

variations in attentional and motivational responses to repeated food stimuli play a crucial

role in shaping eating behaviour, suggesting that while habituation is not the sole deter-

minant of overeating, it remains a fundamental component of the broader neurocognitive

framework governing appetite regulation and food-related decision-making.

In existing research, neurophysiological tools such as electroencephalography (EEG)

and magnetoencephalography (MEG) provide precise temporal insights into how the brain

processes food-related cues. Event-related potentials (ERPs) are particularly well suited

for capturing rapid attentional and motivational shifts evoked by visual food stimuli [2,6].

Early components such as P200 reflect attentional capture, whereas later components,

including P300 and the Late Positive Potential (LPP), represent sustained evaluative or

motivational processing [2,7]. In our previous time-domain study, we examined these

habituation effects using EEG and found that low-calorie and non-food cues demonstrated

apparent attenuation in parietal regions within the 170 to 330 ms window, while high-calorie

images maintained sustained responses across repetitions [2]. These findings suggest

reduced neural habituation and prolonged attention to high-calorie cues, providing a

foundation for exploring frequency-domain mechanisms in the present work. Together,

these findings highlight that while habituation to repeated food cues is well established

at the time-domain level, important aspects of the underlying neural dynamics remain

unexplored. One important limitation of previous work is that ERP measures capture only

time-locked activity and cannot fully characterise ongoing oscillatory processes involved

in sustained attention and habituation.

Time-frequency analysis of EEG and MEG data enables a detailed understanding

of how the brain dynamically processes food-related cues. Traditional ERP studies have

contributed substantially to this field, but mainly capture phase-locked neural responses

averaged across trials, which limits their capacity to explore ongoing neural dynamics [8].

In contrast, time-frequency analysis measures both phase-locked and non-phase-locked

oscillations, allowing researchers to examine how power and phase vary across different

frequency bands in response to repeated food stimuli. Oscillatory activity reflects rhyth-

mic neural communication across distributed cortical networks and provides a valuable

framework for understanding cognitive and emotional operations such as attention, moti-

vation, and reward processing [9,10]. The coordinated involvement of multiple frequency

bands, including delta (1 to 4 Hz), theta (4 to 7 Hz), alpha (8 to 13 Hz), beta (13 to 30 Hz),

and gamma (above 30 Hz), illustrates a complex neural system that regulates how food

cues are perceived, attended to, and evaluated.

Frontal midline theta activity has been widely studied because of its strong link to

motivational salience and cognitive control. An increase in frontal theta power is under-
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stood to reflect top-down attentional and evaluative processes, indicating activation of

motivational networks when individuals view appetitive stimuli [10,11]. Previous research

has shown that frontal theta power can remain elevated across repeated presentations of

high-calorie food cues, showing slower habituation compared to low-calorie or neutral

stimuli [12]. This persistence suggests continued engagement of reward-related prefrontal

and limbic regions [13–15]. Overall, frontal theta oscillations appear to serve as a neural

marker of sustained motivational attention and may help explain why high-calorie foods

remain salient even after repeated viewing.

Other frequency bands also contribute to the processing of food cues. A reduction

in alpha-band activity (8–13 Hz), typically observed over parietal and occipital regions,

reflects increased cortical activation and visual attention [9,16]. This alpha suppression

is often stronger when an individual views appetitive foods, and individuals with over-

weight frequently show even greater suppression, which may reflect heightened attentional

responsiveness to food-related stimuli [7]. Beta and gamma oscillations have also been asso-

ciated with food-cue perception [17]. Beta activity is linked to evaluative and sensorimotor

processing, while gamma synchronisation within occipitotemporal regions contributes to

feature integration and reward-related encoding of food images [18–20]. Although these

higher-frequency oscillatory responses occur briefly in the early stages of stimulus pro-

cessing, they support rapid perceptual and evaluative analysis of food cues before the

more sustained motivational engagement reflected in frontal theta activity [13,14]. Taken

together, findings across EEG and MEG research suggest that food-cue perception involves

multiple interacting oscillatory systems: alpha, beta, and gamma bands support early

sensory and attentional processing, whereas frontal theta plays a central role in maintaining

sustained motivational attention toward appetitive food cues [15].

Despite these advances, there has been limited work examining how the brain habitu-

ates within a single session when the same food image is viewed repeatedly, particularly

in the time-frequency domain. Behavioural studies have demonstrated habituation using

measures such as salivation and food intake, and fMRI research has provided additional

insight into the neural systems involved [15]. However, oscillatory mechanisms underlying

within-session habituation remain poorly understood. Our previous EEG time-domain

study showed that low-calorie and non-food cues displayed clear reductions in neural

response across repetitions, while high-calorie cues continued to elicit strong responses [2].

The present study extends this work by re-analysing the same EEG dataset in the frequency

domain, allowing us to track how oscillatory patterns change with repeated exposures

and providing a complementary, more detailed view of neural habituation beyond the

time-domain ERP findings previously reported.

Therefore, the present study aimed to examine within-session habituation to repeated

high-calorie, low-calorie, and non-food images using time-frequency analysis of EEG

data. The objective was to determine whether oscillatory activity patterns differ among

these categories. It was hypothesised that food images would evoke more substantial

and more sustained attentional responses than non-food images, and that high-calorie

cues would elicit greater and slower-to-habituate neural engagement than low-calorie

cues. By tracking oscillatory power within a session, this study sought to capture the

dynamic neural changes associated with habituation and to provide new insights into how

attentional salience influences sustained brain activity during repeated food-cue processing.

2. Methodology

2.1. Participants

The participant recruitment and selection procedures followed the same methodology

described in our previous time-domain study [2]. Twenty-six volunteers (13 males and
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13 females) were recruited through university mailing lists and noticeboards, aged between

18 and 48 years (mean = 31.38 � 7.83). Participants’ liking for apple and pizza was assessed

using a six-point Likert scale (0 = not at all, 5 = like extremely), where scores of 0–2

were considered negative, and 3–5 were considered positive. Only those who scored 3 or

above for both apple and pizza were included (apple liking: mean = 5.01 � 0.74; pizza

liking: mean = 5.41 � 0.79). The use of a six-point Likert scale was based on Leung’s

recommendation for achieving a normal distribution [21]. Participants with neurological

or eating disorders, or those taking medication that could affect their mental state, were

excluded from the study.

This study investigated habituation to single visual stimuli, focusing on pizza as a high-

calorie food, apple as a low-calorie food, and a hammer as a non-food control stimulus.

These stimuli were chosen based on their familiarity and popularity, consistent with a

YouGov global survey [22]. The Body Mass Index (BMI) of participants ranged from 17.21

to 39.15 kg/m2 (mean = 25.9 � 5.0), with 14 participants (six males, eight females) classified

as overweight or obese. Participation was voluntary, with no financial compensation

provided. Due to excessive noise in two EEG datasets, one male and one female participant

were removed, leaving 24 participants in the final analysis. All experimental procedures

were approved by the University of Kent Faculty of Sciences Research Ethics Committee

(ethics approval reference: 0471920), and written informed consent was obtained from

all participants.

2.2. Experimental Design and Procedure

Participants passively viewed three distinct visual stimuli presented on a monitor

positioned one meter away. All images were selected in accordance with the guidelines

of validated food image databases, such as Food-Pics [23], using neutral backgrounds,

controlled lighting, and isolated objects to ensure visual consistency and experimen-

tal control for the habituation analysis. The food items were chosen based on their

caloric content and pre-screened participant preference to ensure consistent emotional

and neural engagement. All three stimuli (apple, hammer, pizza) used in the experi-

ment are provided as a compressed file in the Supplementary Material. Each partici-

pant completed nine sessions in a single day, three sessions for each image type (apple,

pizza, and hammer). In each session, the same image was presented 30 times, totalling

90 trials per category and 270 trials overall. The session order was randomised to minimise

sequence effects. Each image was presented for 4 s, followed by a 2 s inter-stimulus interval,

for a 6 s trial duration. EEG data were time-locked to the onset of each image and analysed

within the 4 s viewing window to assess within-session habituation effects. Each session

lasted approximately 3 min, with short breaks of 3–5 min between sessions to prevent

fatigue. The whole experiment, including setup and rest periods, was completed in about

90 min.

At the beginning and end of each session, participants completed the Craving Ex-

perience Questionnaire (CEQ) [24] to assess any changes in subjective food craving. Al-

though these measures were collected for reference, no significant differences were ob-

served across sessions or image types, and therefore, CEQ data were not included in the

final analysis. Prior to participation, informed consent was obtained, and a screening

questionnaire was used to confirm eligibility. To standardise hunger levels, participants

were instructed to eat a substantial breakfast and fast for at least three hours before the

experimental session, which was consistently conducted at noon across all participants [25].

Upon arrival, they completed the Dutch Eating Behaviour Questionnaire (DEBQ) [26] to

assess emotional, external, and restrained eating styles. These measures were collected

for potential exploratory analysis but are not discussed further in this paper. Following
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questionnaire completion, EEG electrodes were fitted, and visual stimuli were presented

using the Psychtoolbox (v3.0.16) interface in MATLAB (R2023a). EEG signals were recorded

continuously during all sessions, enabling within-session analysis of habituation by track-

ing oscillatory changes in response to repeated exposures. A schematic representation of

the experimental paradigm is provided in Figure 1.

(a)

(b)

Figure 1. (a) Overall habituation experimental design; EEG, Electroencephalogram; CEQ, Craving

Experience Questionnaire (participants record their current craving intensity). Sessions 1–3 illustrate

the first three habituation blocks, while Session 9 represents a later block shown for illustration; the

intervening sessions followed the same structure and were omitted for clarity. (b) Habituation phase

for each image category: low-calorie, high-calorie, and non-food. All images were displayed for 4 s,

followed by a 2 s inter-stimulus interval featuring a blank screen.

https://doi.org/10.3390/s26031001
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2.3. EEG Data Acquisition and Pre-Processing

EEG data were recorded using the StarStim 32-channel wireless system, arranged

according to the international 10�10 electrode placement system and sampled at 500 Hz.

The CMS (Common Mode Sense) and DRL (Driven Right Leg) electrodes placed on the

ear clip served as the reference and ground, respectively. Pre-processing was carried out

in MATLAB R2023a using the EEGLAB (v2023.1) [27] and FieldTrip (v20231220) [28]

toolboxes. A 1 Hz high-pass filter and 60 Hz low-pass filter were applied to remove

slow drift and high-frequency noise. This filter range is commonly recommended for

time-frequency EEG analysis as it provides a clearer estimate of oscillatory power changes

during cognitive tasks [11,29]. Noisy channels were identified through visual inspection

and interpolated. Independent Component Analysis (ICA) was then performed, and arte-

factual components linked to eye movements, muscle activity, cardiac signals, or line noise

with more than 75% probability were identified and removed using the ICLabel classifier,

a plugin within the EEGLAB toolbox. The cleaned EEG was segmented from �200 ms to

1000 ms relative to stimulus onset, with baseline correction applied using the �200 to 0 ms

pre-stimulus window.

Time-frequency analysis was carried out using complex Morlet wavelets with a width

of five cycles per frequency, providing a balance between temporal and frequency resolution.

Power values were computed across the delta, theta, alpha, beta, and gamma bands and

normalised to the pre-stimulus baseline. To assess within-session habituation, trials were

grouped during data analysis into five consecutive trial sets of six trials each based on

their temporal order: Trial Group 1 (Trials 1–6), Trial Group 2 (Trials 7–12), and so on.

This grouping was used to track how brain oscillatory activity changed with repeated

exposure to the same image while maintaining high data quality for time-frequency analysis.

The grouping was applied only during data analysis and was not part of the experimental

design. The trial-grouping approach is shown in Figure 2. Statistical comparisons between

trial groups were carried out using cluster-based permutation testing to identify meaningful

changes in brain activity across time, frequency, and scalp electrodes. The spatial effects

reported in this study reflect patterns observed at the level of scalp electrodes that formed

significant clusters in the analysis. Because source localisation was not performed, all spatial

interpretations are limited to electrode-level distributions rather than specific brain regions.

Trial Group 1
(Trials 1–6)

Trial Group 2
(Trials 7–12)

Trial Group 3
(Trials 13–18)

Trial Group 4
(Trials 19–24)

Trial Group 5
(Trials 25–30)

Time within session (30 trials)

Figure 2. Trial grouping schema used for time–frequency analysis. Each session (e.g., repeated

presentation of the same image) was divided into five consecutive trial groups, each consisting of

six sequential trials (e.g., Trial Group 1: Trials 1–6). These groups were used to examine within-session

neural habituation dynamics.

Statistical Analysis

A cluster-based permutation test (CBPT) was used to examine changes across trial

groups in the time-frequency data. This approach is appropriate for EEG because it takes

into account the temporal and spatial dependency of the signal, identifying clusters of

activity that change together rather than treating each time-frequency point as an indepen-

dent comparison [30]. While CBPT does not fully remove the issue of pseudoreplication, it

reduces its influence by performing statistical inference at the cluster level [31]. For each

stimulus type, trials were sorted into five sequential trial groups and averaged at the

participant level, so that the analysis focused on within-subject changes over repeated

exposure. These participant-level averages were then entered into the CBPT, preserving
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the repeated-measures structure of the design. All statistical analyses were carried out in

MATLAB (R2023a) using the EEGLAB and FieldTrip toolboxes, following recommended

guidelines for time-frequency cluster-based analysis [28,30].

Statistical comparisons were carried out across multiple frequency bands, Delta

(1–4 Hz), Theta (4–7 Hz), Alpha (8–14 Hz), Beta (15–30 Hz), and Gamma (30–60 Hz)

and over key cortical regions, including parietal (P7, P3, Pz, P4, P8), frontal (Fp1, Fp2, F7,

F3, Fz, F4, F8), central (C3, Cz, C4), temporal (T7, T8), and occipital (O1, Oz, O2) sites.

The goal was to identify significant main effects and interactions in time-frequency power

associated with repeated visual exposure to high-calorie, low-calorie, and non-food images.

A regression-based approach was implemented using the ft_statfun_depsamplesregrT

function in FieldTrip to test the hypothesised linear decrease in neural power across

repeated exposures (Trial Group 1 > Trial Group 2 > Trial Group 3 > Trial Group 4 > Trial

Group 5). Monte Carlo randomisation with 1000 permutations was employed to construct a

null distribution of cluster-level t-statistics. Clusters exceeding the 2.5th or 97.5th percentile

of this null distribution were considered statistically significant at a two-tailed a = 0.05.

This non-parametric framework avoids strong distributional assumptions and effectively

corrects for multiple comparisons across time, frequency, and electrode dimensions.

This analytical approach allowed us to evaluate within-session habituation while

maintaining the repeated-measures structure of the data. It is particularly suited for

detecting distributed changes in oscillatory power and provides a robust framework for

identifying how attentional processing evolves during repeated visual exposure.

3. Results

3.1. Behavioural Measures

The behavioural questionnaires were used to describe the participant sample and to

check whether eating style or craving changed during the experiment. Normalised DEBQ

scores showed similar levels of restrained, emotional, and external eating across partici-

pants (restraint: 2.49 � 0.73; emotional: 2.66 � 0.64; external: 2.93 � 0.42). A Friedman

test indicated no statistically significant differences between eating styles (c2(2) = 4.37,

p-value = 0.11), and this was supported by a non-significant trend in the repeated-measures

ANOVA (F(2,46) = 2.86, p-value = 0.066). As these measures did not differ meaningfully

across participants, they were not included in subsequent EEG analyses. Also, subjective

craving was measured at the beginning and end of each experimental session, using only

food images. For both apple and pizza sessions, craving scores remained stable across the

session, with no significant changes from start to end (apple: W = 85.5, p-value = 0.183;

pizza: W = 160.5, p-value = 0.764). These results indicate that repeated exposure to the same

food image did not alter self-reported craving during the experimental session. Overall,

the behavioural measures confirmed that eating style and subjective craving remained

stable throughout the experiment, indicating that the observed EEG changes are unlikely

to be explained by behavioural shifts and instead reflect neural responses to repeated

visual exposure.

3.2. Neurophysiological Measures

Time-frequency EEG analysis was used to examine how brain oscillatory activity

changed as the same image was shown repeatedly. Cluster-based permutation testing

was applied to identify meaningful changes in oscillatory power across time, frequency,

and scalp electrodes for the apple, pizza, and hammer conditions. The results are presented

in Figures 3–5, following the order of image presentation.

Figure 3 shows the time-frequency results for the low-calorie food image (apple). No

significant habituation effects were found in any frequency band or electrode cluster (all
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p-values > 0.05). Although small visual differences were observed across trial groups,

these changes did not reach statistical significance. The topographical map also showed no

consistent pattern of power reduction, indicating that oscillatory activity remained stable

across repeated presentations of the apple image.

(a) t-value distribution across time and

frequency at frontal scalp electrodes.

(b) Normalised theta-band power across trial

groups (no significant change).

(c) Time-frequency power maps for each trial group.

(d) Topographical distribution of theta-band power across frontal scalp electrodes.

Figure 3. Time-frequency results for the apple condition. (a) shows the t-value distribution, (b) shows

theta-band power across trial groups, (c) illustrates changes in spectral power over time for each

group, and (d) shows the spatial distribution of theta activity across the scalp. No statistically

significant clusters were identified for this condition (all p-values > 0.05).

Figure 4 presents the results for the high-calorie food image (pizza). As in the apple

condition, no significant habituation effects were observed across any frequency band

or scalp region. The time-frequency plots showed stable oscillatory patterns across trial

groups, and the topographical map confirmed the absence of a clear spatial pattern of

power reduction. These findings suggest that neural engagement with the high-calorie

image remained consistent throughout the session.

https://doi.org/10.3390/s26031001
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(a) t-value distribution across time and

frequency at frontal scalp electrodes.

(b) Normalised theta-band power across trial

groups (no significant change).

(c) Time-frequency power maps for each trial group.

(d) Topographical distribution of theta-band power across frontal scalp electrodes.

Figure 4. Time-frequency results for the pizza condition. (a) shows changes in t-values over time at

frontal scalp electrodes. (b) shows normalised theta-band (4–7 Hz) power averaged across frontal elec-

trodes for each trial group, with no significant changes observed across repetitions (all p-values > 0.05).

(c) presents the time–frequency representation for each group, and (d) shows the distribution of theta

activity across the frontal scalp. No statistically significant clusters were identified for this condition.

In contrast, Figure 5 shows a clear habituation effect for the non-food image (hammer).

A significant reduction in theta-band power (4–7 Hz) was observed at frontal scalp elec-

trodes between 110 and 330 ms after stimulus onset. Theta power was strongest during

the earliest trials and gradually decreased across subsequent trial groups (p-value = 0.011),

indicating a reliable habituation pattern. The topographical map highlights frontal scalp

electrodes as the main contributors to this effect, confirming that habituation was spa-

tially specific rather than widespread across the scalp. No other frequency bands showed

significant changes, suggesting that the effect was limited to frontal theta activity.

https://doi.org/10.3390/s26031001
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(a) t-value distribution showing a significant

theta-band cluster at frontal

scalp electrodes

(b) Normalised theta-band power across trial

groups showing a progressive reduction

(c) Time-frequency power maps for each trial group

(d) Topographical map of theta-band power showing frontal scalp electrodes contributing to the

significant cluster.

Figure 5. Time-frequency results for the hammer condition. (a) reveals a significant theta-band cluster

in the t-value distribution at frontal scalp electrodes (4–7 Hz, 110–330 ms). (b) shows a progressive

reduction in normalised theta-band power across trial groups. (c) illustrates the time–frequency

pattern for each group, and (d) highlights the scalp electrodes contributing to the significant cluster.

Statistical testing confirmed a significant habituation effect (p = 0.011 �). * Asterisk indicates statistical

significance (p < 0.05, cluster-based permutation test).

Figure 6 shows the overall pattern of mean theta-band power across trial groups for the

apple (blue), pizza (red), and hammer (green) conditions. For each condition, peak theta-

band power was extracted within each trial group, and slopes were calculated to describe

changes across successive trial groups. Table 1 summarises the slopes, along with the mean

and standard deviation of theta power changes across trial groups, providing an estimate

of within-session habituation for each stimulus category. The slopes show a gradual

reduction in theta power across repetitions for all conditions, with more negative slopes

for the non-food (hammer) and low-calorie (apple) images compared with the high-calorie

(pizza) image. To examine differences in habituation rate across conditions, the slopes

were compared using a repeated-measures ANOVA. This analysis showed a nominal main

effect of condition (F(2,46) = 2.43, uncorrected p-value = 0.029), which did not remain

significant after Greenhouse–Geisser correction (p-value = 0.107). Bonferroni-corrected
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post-hoc comparisons showed no significant pairwise differences between conditions (all

p-value > 0.26). Descriptively, pizza images showed a positive mean slope (mean = 0.051),

indicating sustained theta-band activity across repetitions, while apple images showed little

change (mean = 0.001) and hammer images showed a small negative slope (mean = �0.002),

consistent with habituation. The large standard deviations across all conditions indicate

considerable variation in habituation rates across individuals. Overall, these findings

suggest a graded pattern of habituation rather than clear categorical differences, with food

cues showing greater resistance to attenuation than non-food stimuli.

Figure 6. Mean frontal theta (4–7 Hz) power across trial groups for apple, pizza, and hammer condi-

tions. Lines represent group means and illustrate overall habituation trends. Statistical significance

was assessed using cluster-based permutation testing at the participant level, which accounts for

inter-participant variability.

Table 1. Habituation-related change in theta-band power across image conditions. Slopes represent

the change in peak theta-band power across successive trial groups, and mean slopes indicate the

average rate of change across trial groups for each condition.

Image Slope Intercept Mean Slope SD

Apple �0.14 2.46 0.0006 0.0922
Pizza �0.11 2.23 0.0509 0.1058
Hammer �0.15 2.07 �0.0024 0.0885

4. Discussion

This study is the first to examine within-session habituation to repeated visual food

and non-food stimuli using time-frequency analysis of EEG data. By decomposing EEG

activity into oscillatory components across both time and frequency, the analysis provided

a dynamic view of how attentional processes evolve during repeated exposure to stimuli

with different levels of salience. Overall, the results showed that habituation differed

systematically across stimulus types, with non-food stimuli showing the fastest attenuation,

low-calorie foods showing intermediate habituation, and high-calorie foods showing the

slowest reduction in neural response. These findings indicate that habituation is not a

uniform neural process but depends strongly on the attentional relevance and behavioural

significance of the stimulus.

Theta-band activity recorded at frontal scalp electrodes is understood to reflect sus-

tained attentional monitoring and cognitive engagement, rather than early sensory pro-
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cessing [9–11,29]. When theta power decreases over repeated presentations, it indicates

that the stimulus is no longer receiving the same level of attention. In contrast, stable theta

power suggests continued prioritisation of the stimulus. In the present study, the non-food

image showed a clear decrease in theta-band power at frontal scalp electrodes, indicating

that attention gradually reduced as the image became familiar. This pattern is consistent

with the dual-process theory of habituation, which proposes that repeated exposure to

low-salience stimuli leads to reduced orienting responses and lower neural effort [32].

In contrast, the high-calorie image did not show a decrease in theta-band power at

frontal scalp electrodes across repetitions, suggesting that attention toward this stimulus

remained sustained throughout the session. This is consistent with previous research

showing that high-calorie and reward-related stimuli are more motivationally significant

and therefore continue to attract and hold attention [33,34]. The low-calorie stimulus

showed a different pattern. The ERP results demonstrated a clear habituation effect in

parietal electrode channels, indicating that early sensory processing quickly adapted to

the repeated low-calorie image [2,35]. However, the time-frequency analysis showed that

theta-band activity at frontal scalp electrodes did not reduce to the same extent, suggesting

that perceptual familiarity did not fully translate into attentional disengagement. This

dissociation highlights that early sensory adaptation and sustained attention may follow

different time courses.

The combined ERP and time-frequency findings help differentiate between early sen-

sory processing and later attentional control. The significant reduction in P200 amplitude

for the low-calorie stimulus suggests that early sensory-attentional filtering can adapt

readily to moderately salient stimuli [2,35]. In contrast, the downward trend (although

non-significant) in theta-band power recorded at frontal scalp electrodes indicates that

higher-level attentional networks were only partially disengaged. This pattern supports

the idea that motivational salience slows the disengagement of sustained attention even

when early sensory adaptation has occurred.

The rate of habituation also supports this interpretation. The slopes of theta-band

power across repeated presentations showed that the non-food image had the steepest

reduction, the low-calorie image showed a moderate reduction, and the high-calorie image

showed the smallest change, suggesting slower habituation for more salient food cues.

At the same time, there was substantial variability across individuals, and statistical testing

indicated that these differences were expressed as graded trends rather than clear categori-

cal effects. Although the repeated-measures ANOVA on slopes showed a trend-level effect

of condition, this did not remain significant after correction for sphericity, and no pairwise

comparisons reached significance. Descriptively, pizza images showed near-zero or slightly

positive slopes, indicating sustained attentional engagement across repeated exposures,

whereas apple and hammer images showed negative slopes consistent with gradual attenu-

ation. This pattern suggests that stimuli that are less meaningful or less attention-grabbing

habituate more quickly, whereas more salient or rewarding stimuli resist habituation.

This interpretation is consistent with behavioural evidence showing that high-calorie

food cues tend to hold attention and are harder to disengage from, even after repeated

viewing [13,14]. In this context, frontal theta activity may reflect ongoing attentional moni-

toring for motivationally relevant stimuli, contributing to slower habituation rather than

rapid disengagement. Although the pairwise difference between high- and low-calorie

food conditions was not statistically significant, the overall pattern suggests a gradual

hierarchy of habituation, with high-calorie images showing the slowest reduction and

low-calorie images showing intermediate attenuation. This pattern should be interpreted

cautiously and may require confirmation in larger samples.
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When these findings are considered together with our earlier time-domain ERP

results [2], they provide a clearer picture of how the brain responds to repeated visual

stimuli. The ERP results showed reduced activity in parietal electrode channels for both

low-calorie and non-food images, suggesting that early sensory processing became more

efficient as these images became familiar. In contrast, the time-frequency analysis showed a

reduction in theta-band power at frontal scalp electrodes only for the non-food image, indi-

cating faster attentional disengagement for low-salience stimuli. Together, these findings

support a multi-stage model of habituation involving early sensory filtering followed by

later attentional regulation. A key advantage of the present time-frequency analysis is that

it reveals sustained oscillatory dynamics that are not captured by ERP measures. While

ERPs reflect time-locked sensory and attentional responses, oscillatory activity provides

insight into ongoing attentional engagement across repeated exposures. In the current

study, this approach revealed that theta-band activity at frontal scalp electrodes remained

stable in response to high-calorie food cues despite repeated presentation, a pattern not

evident from ERP measures alone. This demonstrates that time-frequency analysis of-

fers complementary information by capturing sustained attentional processes underlying

resistance to habituation.

These patterns suggest that habituation occurs in multiple stages. Early sensory mech-

anisms rapidly adapt to predictable or low-salience stimuli, whereas sustained attentional

mechanisms, as reflected at frontal scalp electrodes, remain engaged when stimuli are

motivationally relevant. Although this study cannot identify the precise neural sources,

the combined evidence suggests that habituation involves coordinated changes across

sensory and attentional systems to optimise neural efficiency during repeated exposure.

From a methodological perspective, the sample size was modest, and only one image

was used for each stimulus category, which limits generalisability. Although stimuli

were presented in a standardised format, caloric content cannot be separated from other

visual and semantic properties such as texture, complexity, and familiarity, which may

also influence attentional responses. Importantly, habituation was assessed by comparing

changes over time within the same image, reducing the influence of between-image visual

differences. Future studies should include multiple images per category matched for visual

features to further minimise this limitation.

Sex differences were not analysed due to limitations in sample size. For female partici-

pants, the menstrual cycle was not controlled, and hormonal changes may have influenced

neural responses. Future studies should consider sex differences and the menstrual phase

when examining habituation. Future research should also include larger and more diverse

samples, examine the role of hunger and eating style, and explore habituation in more

naturalistic settings. Combining EEG with eye-tracking or source localisation may further

clarify the relationship between neural activity and behaviour, and extending the paradigm

over longer timescales may reveal how habituation develops beyond a single session.

5. Conclusions

The present study examined within-session habituation to repeated visual food and

non-food stimuli using time-frequency analysis of EEG data. By assessing oscillatory

activity across frequency bands and time windows, this study provides insight into how

attentional processing adapts when visual cues of different salience are repeatedly pre-

sented. The key finding is that non-food images showed a reliable reduction in theta-band

power recorded at frontal scalp electrodes, indicating faster attentional disengagement from

neutral cues, whereas food images showed more sustained theta-band activity across repe-

titions, reflecting continued attentional allocation to salient stimuli. Although participant-

level analyses revealed substantial inter-individual variability and condition differences
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were expressed primarily as graded trends rather than categorical effects, the overall pattern

consistently indicated greater resistance to habituation for food cues relative to non-food

cues. Combined with earlier ERP findings, these results indicate that habituation involves

both early sensory adaptation and later attentional control mechanisms.

The consistent effects observed in the early latency range (110–330 ms) across both time-

domain and time-frequency analyses highlight the precise timing of attentional adjustments

during repeated stimulus exposure. Methodologically, integrating time-frequency analysis

with cluster-based permutation testing provided a robust framework for capturing both

transient and sustained neural responses, extending beyond the limitations of standard

ERP averaging. Together, these findings demonstrate that habituation reflects selective

attentional adaptation rather than simple neural fatigue, and identify theta-band oscillatory

activity recorded at frontal scalp electrodes as a sensitive neural marker of attentional

habituation to repeated food-related visual cues.
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