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Abstract 30 

Humans rapidly assess the beauty of natural scene images. Previous EEG work 31 

suggests neural representations of beauty emerge early and are temporally sustained. 32 

Complementary fMRI work pinpoints the neural correlates of beauty to visual, frontal, 33 

and default-mode network areas. An integrated view of the spatiotemporal dynamics 34 

that give rise to the perception of beauty, however, is lacking. Beyond the beauty of 35 

the depicted scene, the quality of the image itself influences its perceived beauty, and 36 

it is unknown how the brain separates these two factors. To address these questions, 37 

we recorded EEG (N = 52) and fMRI (N = 29) data while participants rated the beauty 38 

of 100 natural scene photographs. Another group of participants (N = 46) rated the 39 

image quality of the same photographs. Separate representational similarity analyses 40 

on the EEG and fMRI data revealed early and sustained beauty-related 41 

representations across widespread cortical areas. In contrast, representations of 42 

image quality emerged earlier, had markedly different representational dynamics, and 43 

were predominantly localized to visual cortex. In a model-based EEG-fMRI fusion 44 

analysis, we investigated how the correspondence between temporally resolved EEG 45 

signals and spatially resolved fMRI signals is explained by beauty ratings. Our results 46 

suggest that beauty-related representations emerge early (from around 165ms and 47 

peaking at 275ms post-onset), are long-lasting, and primarily originate from high-level 48 

visual cortex. This spatiotemporal signature persisted when controlling for image-49 

quality ratings. Our findings emphasize the importance of perceptual processing for 50 

perceived beauty and suggest that the brain represents aesthetic appeal 51 

independently of image quality. 52 
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Introduction 54 

Humans are attracted by visual beauty, and we actively seek beautiful experiences in 55 

museums or cinemas. Yet, aesthetic experiences are common not only in places like 56 

museums but we spontaneously encounter them in daily life, too, such as when we 57 

see a beautiful sunset or colorful fireworks (cf. Brown & Dissanayake, 2018). How 58 

does the brain represent the beauty of such natural stimuli? Neuroimaging work has 59 

revealed that the assessment of visual beauty is mediated by a complex network of 60 

brain regions associated with perception, executive control, reward, and self-61 

referential processing (Chatterjee & Vartanian, 2014; Iigaya et al., 2023; Nadal & Skov, 62 

2024; Starr, 2023; Vessel et al., 2019). Fewer studies have investigated the temporal 63 

dynamics of beauty-related representations. Evidence from M/EEG experiments 64 

suggests that representations of beauty emerge during perceptual processing (as 65 

early as 200ms) and are relatively sustained over time (Kaiser, 2022a, 2022b; Kaiser 66 

& Nyga, 2020; Lin et al., 2024; Muñoz & Martín-Loeches, 2015; Strijbosch et al., 2022). 67 

Most theories of neuroaesthetics agree that perceived beauty is already, at 68 

least in part, resolved during perceptual processing (Chatterjee & Vartanian, 2014; 69 

Karim et al., 2022; Pearce et al., 2016). This perceptual basis of beauty is linked to 70 

early responses in the M/EEG (Kaiser, 2022a, 2022b; Kaiser & Nyga, 2020; Muñoz & 71 

Martín-Loeches, 2015) that presumably correspond to fMRI activations in visual cortex 72 

(Isik & Vessel, 2021). In line with this idea, deep neural network models of vision 73 

predict perceived beauty well, even when their training objectives are orthogonal to 74 

beauty judgments (Conwell et al., 2025; Damiano et al., 2023; Nara & Kaiser, 2024).  75 

By and large, these previous studies investigated beauty by using images of 76 

the real world. Yet, the beauty of an image depends not only on the beauty of what is 77 

depicted, but also on the quality of the image. The influence of image quality and how 78 

it interacts with the beauty of the depicted content are relatively underexplored (Tinio 79 

& Leder, 2009). Prior research demonstrated that more degraded (in terms of contrast, 80 

sharpness, and grain) photographs are liked less than higher-fidelity versions of the 81 

same stimuli (Tinio et al., 2011). This suggests a systematic difference between the 82 

perception of beauty in the outside world (e.g., looking at a landscape during a hike) 83 

compared to the perception of beauty in depictions of the world (e.g., looking at 84 

landscape photography). However, it is currently unclear how the perceived quality of 85 

a stimulus influences neural representations of its aesthetic appeal. Specifically, we 86 

do not know how the brain represents the beauty and image quality of a stimulus 87 
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independently from each other, and how representations of beauty and image quality 88 

evolve differently across time and space.  89 

Beyond perception, beauty judgments are mediated by a set of cognitive 90 

processes linked to activations in higher-order brain regions. First, it has been 91 

suggested that the default-mode network (DMN) is critically involved in the 92 

representation of beauty (e.g., Belfi et al., 2019; Vessel et al., 2012, 2013) and codes 93 

beauty in ways that generalize across categories (Vessel et al., 2019). Second, higher-94 

order attentional processes likely to contribute to the representations of beauty as they 95 

help identify and maintain task and stimulus attributes for further processing (e.g., 96 

focusing on the façade of a building versus judging it in the context of the surrounding 97 

environment; Cattaneo, 2020; Cela-Conde et al., 2013; Grosbras et al., 2012). Finally, 98 

beauty judgments require the interpretation of valuation and reward signals from the 99 

medial prefrontal (PFCm) and orbitofrontal (OFC) cortices. Taken together, the neural 100 

coding of beauty thus comprises a perceptual stage, during which perceptual stimulus 101 

attributes are evaluated, and a cognitive stage, during which self-referential 102 

processing, attention, and reward signals shape beauty judgments.  103 

There are several open questions about how representations of image beauty 104 

and image quality evolve throughout the course of this processing cascade. First, how 105 

do neural representations of beauty emerge concurrently across space and time? 106 

Second, does the human brain process image quality independently of beauty? Third, 107 

how do representations of beauty and image quality differ across processing time and 108 

brain space? To answer these questions, we obtained behavioral beauty ratings of 109 

100 natural scene images in separate experiments while participants’ brain activity 110 

was recorded using EEG (N = 52) and fMRI (N = 29). We additionally collected image-111 

quality ratings for the same stimuli in an independent survey (N = 46). Performing 112 

representational similarity analysis (RSA; Kriegeskorte et al., 2008) on the individual 113 

fMRI and EEG datasets allowed us to characterize the spatial topography and 114 

temporal dynamics of beauty and image-quality representations, respectively. Our 115 

fMRI results confirm previous findings for widespread beauty representations all over 116 

the cortex (Iigaya et al., 2023; Vessel et al., 2019), while our EEG results substantiate 117 

that these representations emerge early and are sustained over time (Kaiser, 2022a; 118 

Kaiser & Nyga, 2020; Nara et al., 2026). Image-quality representations, in comparison, 119 

were predominantly limited to visual cortex and emerged more rapidly than beauty 120 

representations. Critically, beauty-related representations persisted when controlling 121 
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for image quality, suggesting that beauty and image quality are processed 122 

independently of one another. Furthermore, we characterized the neural correlates of 123 

beauty in a spatiotemporally resolved analysis, combining EEG and fMRI data using 124 

a model-based fusion approach (Cichy et al., 2014; Cichy & Oliva, 2020). Performing 125 

this analysis across a set of 50 brain parcels yielded a time course of beauty-related 126 

representations for each parcel. We found that beauty representations in the EEG 127 

signals primarily originated from three parcels in ventral visual cortex, suggesting that 128 

perceived scene beauty is most prominently related to high-level visual 129 

representations.  130 

 131 

Methods 132 

Participants 133 

fMRI 134 

Thirty healthy adults (µage = 27.7 years, SDage = 4.8 years, 18 female) signed up via a 135 

recruitment email disseminated among students and employees of Justus Liebig 136 

University Giessen. One participant was excluded due to excessive head motion, 137 

yielding a final sample of 29 participants. All participants were right-handed, had 138 

normal or corrected-to-normal vision, and no history of psychiatric or neurological 139 

disorders. Participants provided written consent prior to their participation and received 140 

a financial reward for partaking in the study. All procedures were approved by the 141 

ethics committee of Justus Liebig University Giessen and were in accordance with the 142 

Declaration of Helsinki. 143 

EEG 144 

We used EEG recordings from a total of 52 EEG participants that were tested in two 145 

previous experiments (Kaiser, 2022a; Nara et al., 2026). Twenty-four healthy adults 146 

(Mage = 19.6 years, SDage = 1.7 years, 21 female) took part in the first EEG experiment 147 

(Kaiser, 2022a). One participant had to be excluded due to a recording error, yielding 148 

a final sample of 23 participants. Procedures were approved by the ethics committees 149 

of the Department of Psychology, University of York. Another 30 healthy adults (Mage 150 

= 24.5 years, SDage = 4.1 years, 21 female) took part in the second EEG experiment 151 

(Nara et al., 2026). One participant had to be excluded due to excessive head 152 

movement, yielding a final sample of 29 participants. Procedures were approved by 153 

the ethics committees of the Justus Liebig University Giessen. In both studies, 154 

participants provided written informed consent prior to their participation. Both 155 
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experiments were in accordance with the Declaration of Helsinki. Participants received 156 

course credits or monetary compensation for their participation. 157 

Stimuli 158 

We used the stimulus set from Kaiser (2022a) in both the EEG and fMRI experiments. 159 

The stimuli consisted of 100 diverse, natural scene photographs, resized to 600×400 160 

pixels. The images were taken from the AVA (Murray et al., 2012) and photo.net (Datta 161 

et al., 2008) aesthetics-rating databases. Stimuli were arranged in 50 pairs. In each 162 

pair, one stimulus was highly rated for aesthetic appeal and one was poorly rated 163 

(based on the databases). Pairs were matched in terms of their overall content (e.g., 164 

whether a natural scene or human was depicted) and low-level visual features (Figure 165 

1A; for details see: Kaiser, 2022a). 166 

Paradigm 167 

fMRI 168 

Stimulus presentation and response collection was controlled using Psychtoolbox 169 

(Brainard, 1997) for MATLAB. fMRI participants performed a slightly modified version 170 

of the previous EEG experiments (see below). Each trial started with a 950ms fixation 171 

period before the stimulus was shown for 1450ms. After another 100ms interval, 172 

participants provided their beauty-rating response. Here, the stimuli were rated on a 173 

scale from one to four (one = least attractive, four = most attractive), matching the 174 

button configuration in our fMRI response device. Each rating was located next to a 175 

curved wedge arranged around four quadrants of a circular response screen. The 176 

position of the wedges was randomized on each trial to prevent the participant from 177 

preparing a motor response (ratings always increased going clockwise). Participants 178 

were given 2500ms to provide their ratings. Every stimulus was shown once in each 179 

of the seven scanning runs, adding up to seven repetitions per stimulus and a total of 180 

700 trials. 181 

EEG 182 

We combined EEG data from two previous EEG experiments (Kaiser, 2022a; Nara et 183 

al., 2026) that used the same stimuli to increase power and sample size. Even though 184 

stimulus-presentation times differed in the studies, the RSA correlation time courses 185 

were highly similar (see: Nara et al., 2026). In both studies, stimulus presentation and 186 

response collection was controlled using Psychtoolbox (Brainard, 1997) for MATLAB. 187 

In each trial of the first EEG experiment (Kaiser, 2022a), a single scene was shown 188 

for 1450ms, followed by a 100ms blank screen, and finally two subsequent rating 189 
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prompts. First, the participant gave a simple yes/no response as to whether they found 190 

the scene attractive or not. Second, they had to indicate how attractive they found the 191 

scene on a scale from one to seven (one = least attractive, seven = most attractive). 192 

Responses were provided with the computer mouse. To prevent participants from 193 

preparing a motor response, the response options for both the yes/no and the rating-194 

scale prompts were located at random angular locations on a circular response screen 195 

(analogous setup to fMRI experiment). For the purpose of the current study, only the 196 

rating responses were used. Trials were separated by an inter-trial interval randomly 197 

varying between 800 and 1200ms. Similar to the fMRI study, there were seven blocks 198 

in total, during each of which every image was shown once, yielding seven repetitions 199 

per scene and a total of 700 trials. The second EEG experiment (Nara et al., 2026) 200 

was identical to the first experiment, with two exceptions. First, scenes were shown 201 

for 100ms only, followed by 1350ms of fixation prior to the response. Second, 202 

participants only provided the one-to-seven rating response on each trial (i.e., the 203 

yes/no response was omitted). 204 

 205 

Figure 1. Overview of stimuli and experimental paradigms. A. Example stimulus pairs with high- and low-rated 206 
counterparts. During each run in both the fMRI and EEG experiments, participants viewed 100 natural scenes, 207 
divided into 50 pairs with one rated as more, and the other as less beautiful (based on database ratings; see 208 
Methods: Stimuli for details). B. Neuroimaging paradigms. During fMRI (top), a single scene was shown on each 209 
trial followed by a rating response made via button press (buttons corresponding to wedges on circular response 210 
wheel; 1: least beautiful, 4: most beautiful). We used EEG data from two previous EEG studies with very similar 211 
designs (bottom; experiment 1: (Kaiser, 2022a); experiment 2: (Nara et al., 2026); see Methods: Paradigm for 212 
details). Participants in experiment 1 were asked to give a binary response to indicate whether the previously 213 
shown stimulus was attractive to them or not, however, these yes/no responses were not included in the current 214 
study. We only used the continuous beauty ratings (1: least beautiful, 7: most beautiful) made via mouse click on 215 
a circular response wheel.  216 

Neuroimaging Data Acquisition and Preprocessing 217 
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fMRI 218 

The MRI data were acquired using a 3T Siemens Magnetom PRISMA scanner 219 

(Siemens, Erlangen, Germany) and a 64-channel head coil. T2
*-weighted functional 220 

images were collected in descending order using a gradient-echo EPI sequence (TR 221 

= 1850ms, TE = 30ms, 75° flip angle, 2.2mm3 voxel size, 58 slices, 20% gap/distance 222 

factor, 220mm FOV, 100×100 matrix size, descending acquisition). T1-weighted 223 

anatomical images were acquired using MPRAGE (1mm3 voxel size). The fMRI data 224 

were preprocessed using SPM12 (www.fil.ion.ucl.ac.uk/spm) and custom MATLAB 225 

code. The functional volumes were first realigned and coregistered to the T1 image. 226 

Afterward both the anatomical and functional images were normalized to Montreal 227 

Neurological Institute (MNI) standard space. Finally, we used GLMsingle (Prince et 228 

al., 2022) to model the fMRI response to each stimulus during each run, including 3D 229 

rotation and translation as motion regressors. This involved selecting a custom 230 

hemodynamic response function for each voxel, data denoising using cross-validated 231 

principal component analysis, and a voxel-wise regularization of beta estimates via 232 

fractional ridge regression. The resulting beta maps were used for both the RSA and 233 

EEG-fMRI fusion. 234 

fMRI Parcellation 235 

We conducted our analyses in 50 a priori defined brain parcels from a cortical 236 

parcellation based on resting-state functional connectivity (Yan et al., 2023). All parcel 237 

masks were normalized to MNI standard space. Given that the parcels in each 238 

hemisphere are homotopic to their contralateral counterparts (i.e., each parcel’s voxels 239 

are in approximately the same location in both hemispheres), we created a mask that 240 

featured both the left and right aspect of each parcel, yielding a total of 50 bilateral 241 

parcels. Moreover, since the parcels are organized according to the functional 242 

networks they are part of (e.g., DMN, limbic, somatomotor; Yan et al., 2023), we 243 

rearranged the parcels accordingly in our analyses. 244 

EEG  245 

In the first EEG experiment (Kaiser, 2022a), EEG data were recorded using an ANT 246 

Waveguard 64-channel electrode system and a TMSi REFA amplifier. In the second 247 

experiment (Nara et al., 2026) data were recorded using a 64-channel BrainVision 248 

recorder with an Actichamp amplifier. Except for the different recording systems, the 249 

preprocessing steps were identical. Offline preprocessing was performed in FieldTrip 250 

(Oostenveld et al., 2011). The EEG data were referenced to the Fz electrode online 251 
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and were initially epoched from -500ms to 1900ms relative to stimulus onset. Channels 252 

and trials featuring excessive noise were removed based on visual inspection, eye 253 

blink artefacts were removed using independent component analysis. After 254 

preprocessing, a time window from -250ms to 1450ms relative to stimulus onset was 255 

chosen for further analysis. 256 

Measuring Neural Representational Similarity 257 

To track neural representations in space and time, we performed RSA (Kriegeskorte 258 

et al., 2008) on both the fMRI and EEG data using CoSMoMVPA (Oosterhof et al., 259 

2016) for MATLAB. 260 

fMRI 261 

We extracted representational dissimilarity matrices (RDMs) from every set of voxels, 262 

that is, either the voxels falling within searchlight spheres centered on every voxel (for 263 

the RSA) or the voxels falling within each of the 50 parcels (for the RSA and fusion 264 

analysis). For each participant and in every set of voxels, we then averaged the beta 265 

values across all stimulus presentations, correlated (Spearman correlation) the 266 

response vectors for each pair of stimuli and subtracted the correlations from one, 267 

yielding a single 100×100 RDM per participant for the given set of voxels (i.e., for each 268 

searchlight sphere or parcel). 269 

EEG 270 

We extracted response patterns across electrodes for consecutive bins of 10ms each. 271 

The data at each bin were unfolded into a vector, on which we performed principal 272 

component analysis (PCA) to reduce their dimensionality (Grootswagers et al., 2017; 273 

Kaiser et al., 2020). The resulting data were split into two independent subsets, each 274 

of which was randomly assigned an equal number of trials per scene. We performed 275 

the PCA decomposition on the first subset, which was projected onto the second 276 

subset. We only retained the components needed to explain 99% of the variance. 277 

Afterward, EEG RDMs were created based on the second subset by averaging across 278 

all trials for each scene, calculating the correlation distance (here: 1 - Spearman 279 

correlation) between the neural response vectors of each pair of scenes and then 280 

reshaping the pairwise distances into a 100×100 RDM with each element now 281 

indexing the neural dissimilarity between every pair of scenes. The procedure was 282 

repeated with the two subsets permuted. The entire analysis was repeated for a total 283 

of 50 times, with random assignment of the trials to one of the subsets each time. 284 
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Finally, the RDMs were averaged across all repetitions, yielding a single RDM for each 285 

bin. 286 

Modeling Representational Similarity 287 

Beauty Ratings 288 

We constructed a beauty predictor RDM using all the behavioral beauty ratings 289 

obtained in the EEG and fMRI studies. To this end, we first calculated the average 290 

beauty rating for each stimulus across subjects and runs of the fMRI study. Afterward, 291 

we computed the pairwise rating differences across all stimuli obtained in the fMRI 292 

study. Because we used a four-point instead of seven-point rating scale in the scanner, 293 

we rescaled the pairwise rating differences to a seven-point system using linear 294 

interpolation. The same procedure was repeated for the EEG, without interpolation. 295 

The beauty-rating RDMs from the fMRI and EEG studies (r = 0.88) as well as from the 296 

two EEG studies (r = 0.93) were highly correlated, so we averaged them into a single 297 

beauty predictor RDM (Figure 2A). 298 

Image-Quality Ratings 299 

In order to model potential effects of image quality (i.e., how well or poorly a certain 300 

scene was captured by the photograph, independently of the content), we additionally 301 

collected image-quality ratings in an online survey completed by a separate group of 302 

46 participants (µage = 23.8 years, SDage = 4.0 years, 31 female). Survey participants 303 

were explicitly instructed that their ratings should reflect whether the scene images are 304 

good or bad photographs (in terms of color, contrast, saturation etc.) rather than 305 

scenes with more or less beautiful content. Each stimulus was rated on a scale from 306 

one (worst image quality) to seven (best image quality). Finally, we constructed an 307 

image-quality predictor RDM similarly to the beauty-predictor RDM: we first averaged 308 

the ratings across participants and then calculated the pairwise image-quality 309 

differences for all stimulus combinations (Figure 2B). The resulting image-quality RDM 310 

was only weakly correlated with the beauty-rating RDM (Spearman’s r = 0.12). 311 

fMRI Searchlight and Parcel RSAs 312 

To investigate whether visual, frontal, and DMN regions are involved in the 313 

representation of beauty in a spatially unbiased way, we performed a whole-brain 314 

searchlight RSA (Figure 2C, top). We defined a spherical searchlight of 300 voxels, 315 

and computed RDMs from patterns of beta values across the voxels falling within this 316 

sphere. These RDMs were then correlated to the beauty RDM using Fisher-317 

transformed Spearman correlations. The searchlight RSA was performed in individual 318 
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subjects. Finally, we computed a group-level searchlight map (t-test against zero, p < 319 

0.001 voxel-wise, p < 0.05 FWE-corrected at the cluster level, k ≥ 100 voxels). 320 

We performed an additional RSA by Spearman-correlating each brain parcel’s 321 

RDM with the beauty-rating RDM to investigate how strongly each spatially discrete 322 

cortical parcel represents beauty (Figure 2C, top). All correlations were Fisher-323 

transformed and FDR-corrected for the number of tests (t-test against zero; pFDR < 324 

0.05). 325 

Both the searchlight and parcel RSA were repeated analogously with the 326 

exception that we now used partial Spearman correlations to additionally control for 327 

image quality by adding the image-quality rating RDM as a nuisance variable. This 328 

allowed us to examine in how far beauty judgments are influenced by the quality of the 329 

rated image. Finally, all thusly mentioned analyses were repeated with image quality 330 

as the main predictor. That is, we correlated the searchlight and parcel RDMs with the 331 

image-quality rating RDM while controlling for beauty ratings. 332 

EEG RSA 333 

We also performed RSA on the EEG data to investigate the representational dynamics 334 

of beauty judgments by correlating (Spearman correlation) each subject’s neural RDM 335 

from each time point with the beauty-rating RDM (Figure 2C, bottom). All correlations 336 

were Fisher-transformed and FDR-corrected for the number of tests. This yielded a 337 

representational time course of beauty judgments. Analogous to the fMRI RSA, this 338 

analysis was repeated using partial Spearman correlations while controlling for image 339 

quality, and with image quality as the main predictor, again controlling for beauty in a 340 

separate analysis. 341 

.CC-BY-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted August 24, 2026. ; https://doi.org/10.64898/2026.08.20.745789doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.20.745789
http://creativecommons.org/licenses/by-nd/4.0/


 342 

Figure 2. Illustration of RSA approach for fMRI and EEG. A. Beauty model RDM. We calculated the pairwise beauty-343 
rating differences for all stimulus combinations using the behavioral data obtained in the fMRI and EEG studies. 344 
The beauty models from the fMRI and EEG studies were highly correlated (Spearman’s r = 0.88). We thus averaged 345 
the beauty predictors based on the ratings from the fMRI and EEG experiments, yielding the final beauty model 346 
RDM. B. Image-quality model RDM. We obtained image-quality ratings from a separate sample of N = 46 347 
participants in an online survey. Analogous to the construction of the beauty model RDM, the image-quality model 348 
RDM consists of the pairwise image-quality rating differences for all stimulus combinations. Axes identical to A. C. 349 
Illustration of fMRI (top) and EEG (bottom) RSAs. We performed both a whole-brain searchlight RSA and a spatially 350 
discrete RSA in each parcel on the fMRI data. For the searchlight RSA, we constructed voxel-wise neural RDMs 351 
based on the average activity in a given searchlight sphere around a given voxel. To construct parcel-wise neural 352 
RDMs, we averaged the voxel-wise RDMs falling within the bounds of each cortical parcel, resulting in a single 353 
matrix for each parcel. Finally, the voxel- or parcel-wise RDMs were Spearman-correlated with the model RDM of 354 
interest. For the EEG RSA, we constructed time-point-wise neural RDMs based on the channel activities at each 355 
bin, which we then Spearman-correlated with the model RDM of interest. 356 

EEG-fMRI Fusion 357 

To combine the spatial resolution of the fMRI recordings and the temporal resolution 358 

of the EEG recordings, we conducted a model-based fusion analysis (Figure 3; Cichy 359 

& Oliva, 2020; Hebart et al., 2018). Our approach combined commonality analysis 360 

(Seibold & McPhee, 1979) with permutation testing to assess how much variance the 361 

beauty ratings explain in the shared EEG-fMRI representational similarity while 362 

preserving the original covariance structure of each predictor. 363 

We first reshaped the lower triangle of each EEG participant’s RDM at every 364 

time point into a representational dissimilarity vector (RDV) and, for each bin, 365 

averaged the RDVs across participants. We also reshaped the RDMs of each brain 366 

parcel as well as the beauty and image-quality ratings into RDVs. Importantly, unlike 367 

the EEG data, the fMRI RDVs were not averaged across participants. Next, the EEG, 368 

fMRI, and rating RDVs were normalized (µ = 0, SD = 1) and entered into the 369 

commonality analysis. This was conducted by regressing the time-point-wise EEG 370 

RDVs onto the beauty-model RDV, yielding an index of the variance explained by the 371 
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beauty ratings in the EEG data (R2
Beauty) for each time point. This process was 372 

repeated for the RDVs of each fMRI parcel, resulting in an index of the variance shared 373 

between the representational similarities of the EEG data at a given time point and 374 

each brain parcel (R2
fMRI). Finally, we also computed the shared variance between 375 

R2
Beauty and R2

fMRI (i.e., R2
Shared), which allowed us to calculate the commonality 376 

coefficient C for each time point t and parcel p as: 377 

Ct, p = R2
Beauty + R2

fMRI - R2
Shared 378 

C is thus the shared variance in the representational similarities between EEG that is 379 

uniquely explained by the beauty ratings. We took the same approach for the 380 

additional fusion analysis in which we controlled for image quality, with the exception 381 

that all variables were residualized against the vectorized image-quality ratings via 382 

partial regression. In other words, we regressed each variable onto the image-quality 383 

ratings and performed the commonality analysis as described previously using the 384 

residuals of each of these regressions.  385 

Given that collinearities between the predictors can artificially inflate 386 

commonality coefficients, we combined commonality analysis with a novel 387 

permutation-testing approach. Specifically, we sign-permuted both the beauty and 388 

parcel predictors 2,500 times and then fitted the original predictors to their shuffled 389 

counterparts, resulting in a strict lower bound for C. More precisely, this yielded two 390 

surrogate R2 null distributions. We conservatively combined both distributions into one 391 

by retaining the maximum value for each permutation. For each time point and parcel, 392 

we then computed p-values by calculating the proportion of the permuted values of C 393 

that were smaller than the observed C. Finally, we corrected each parcel’s p-values 394 

for the number of time points using FDR-correction. 395 
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396 
Figure 3. Fusion schematic. We first reshaped the lower triangle of each time point’s EEG RDM into an RDV and 397 
averaged the time-point-wise RDVs across participants. We also vectorized the parcel RDMs (without averaging 398 
across participants) and beauty-rating model RDM. All resulting RDVs were normalized to mean zero and a 399 
standard deviation of one before being entered into the commonality analysis. This involved calculating the 400 
variance explained by the beauty ratings in the EEG representational similarity (R2

Beauty) by regressing the EEG 401 
RDV from each time point onto the beauty RDV. We analogously computed the variance explained by each parcel’s 402 
representational similarity structure in the EEG (R2

fMRI), as well as the shared representational similarity between 403 
the beauty ratings and fMRI (R2

Shared). The commonality coefficient C for each time point t and parcel p was then 404 
computed as the sum of R2

Beauty and R2
fMRI minus R2

Shared. Finally, we determined significant time points in each 405 
parcel’s commonality time course via a permutation test, and afterward FDR-corrected each time course for the 406 
number of time points (see Methods for details). 407 

 408 

Results 409 

Correlates of Scene Beauty Span a Large Network of Cortical Regions 410 

We first performed a whole-brain searchlight RSA on the fMRI data. We used a 411 

spherical searchlight (300 voxels) centered on each voxel, from which we extracted 412 

beta values for each scene and constructed an RDM in which every entry was 413 

computed as one minus the correlation of beta patterns across the searchlight sphere 414 

for each pair of scenes. A model RDM was constructed from the pairwise rating 415 

differences, with each RDM entry reflecting the absolute difference in beauty ratings 416 

for two scenes. Finally, we computed Spearman correlations between the fMRI and 417 

model RDMs, yielding a whole-brain map (uncorr. p < 0.001 at the voxel level; pFWE < 418 

0.05 at the cluster-level; k ≥ 100 voxels) indexing how well local activity patterns 419 

reflected behavioral scene-beauty ratings (Figure 2C, top). 420 

This analysis revealed that beauty is represented across widespread cortical 421 

regions (Figure 4A). On the lateral brain surface, activation spanned ventral 422 

occipitotemporal cortex through superior parietal cortex, as well as lateral and dorsal 423 

prefrontal cortex (PFC), medial and inferior frontal gyrus, and the anterior insula. 424 

Sparse significant activity was additionally observed in anterior temporal regions, 425 
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particularly the left middle temporal gyrus. On the medial surface, significant clusters 426 

emerged in precuneus, posterior cingulate cortex (PCC), dorsal and ventral aspects 427 

of PFCm, and OFC. Overall, the strongest effects were observed in precuneus, PCC, 428 

lateral occipitotemporal cortex (LOTC), and the inferior parietal lobule (IPL). In line 429 

with the initially discussed literature, the searchlight RSA revealed substantial overlap 430 

with the DMN, as evidenced by significant clusters in lateral parietal cortex, precuneus, 431 

PCC, and dorsal and ventral PFCm (cf. Raichle, 2015). Moreover, the extensive 432 

cluster in LOTC suggests the involvement of category-specific visual representations 433 

(Op de Beeck et al., 2019; Silson et al., 2016), such as scene-selective activity in the 434 

occipital place area and caudal IPL (Epstein & Baker, 2019). 435 

We additionally performed the same searchlight RSA while controlling for the 436 

image-quality ratings (Figure 4C), again yielding widespread representations of 437 

beauty, albeit at the absence of significant activity previously found in left LOTC and 438 

IPL as well as bilateral precuneus. Surprisingly, this suggests that beauty 439 

representations in predominantly visual areas (bilateral ventral and right lateral 440 

occipitotemporal cortices) are not explained by the lower-level visual features 441 

presumably captured by the image-quality ratings. Given their locus in high-level visual 442 

cortex, beauty representations are thus likely to be abstract, yet rooted in perceptual 443 

features.  444 

In addition to the searchlight RSA, we also performed RSA in 50 a priori defined, 445 

bilateral brain parcels. Here, we averaged the RDMs of the voxels falling within both 446 

the left and right aspects of a given parcel and correlated the resulting RDM with the 447 

beauty ratings. This analysis revealed a similarly widespread representational profile 448 

that largely overlapped with the areas revealed by the initial searchlight RSA (Figure 449 

4A). Indeed, controlling for image quality in the parcel RSA did not strongly affect the 450 

representational topography compared to the uncontrolled RSA (cf. Figures 4A, C). 451 

However, it is possible that a pattern of results similar to the whole-brain searchlight 452 

RSA was masked by the fact that the parcel RDMs were collapsed across the 453 

hemispheres. Taken together, our results nonetheless show a widespread network of 454 

regions involved in representing beauty during an explicit beauty-judgment task, 455 

notably including regions in visual cortex and the DMN. 456 

We further inspected the similarities (Spearman correlations) between all parcel 457 

RDMs to investigate the degree of representational overlap between parcels 458 

(Supplementary Figure 1). The highest inter-regional similarities were observed 459 
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between high-level cognitive networks, namely, the control, default-mode, and 460 

salience networks, and the visual networks VisCent and VisPeri. This suggests that 461 

representations in these areas contain similar information, and furthermore, that 462 

representations of beauty are instantiated in a common neural code in perceptual and 463 

cognitive brain regions. 464 

Early and Sustained Representations of Scene Beauty 465 

To characterize neural representations of beauty over time, we performed RSA on 466 

EEG data reported in Kaiser (2022a) and Nara et al. (2026). We performed this 467 

analysis for 143 time bins of 10ms each, centered on 5ms to 1425ms post-stimulus. 468 

For each time bin, we constructed an RDM in which entries were computed as one 469 

minus the correlation of multi-electrode response patterns between pairs of scenes. 470 

The time-resolved RDMs were then correlated (Spearman correlation) with the model 471 

RDM derived from the pairwise beauty-rating differences, resulting in a 472 

representational time course of scene beauty (Figure 2C, bottom). As reported 473 

previously, we find that representations of beauty arise early and are sustained over 474 

time (Figure 4E). The correlations between neural and beauty RDMs peaked early at 475 

265ms post-stimulus onset. 476 

Representations of Image Quality Are Distinct from Scene Beauty 477 

Next, we investigated how neural representations of beauty compare to neural 478 

representations of image quality. To this end, we used the same fMRI- and EEG-RSA 479 

frameworks as outlined previously (Figure 2C), except that we correlated the neural 480 

(searchlight, parcel, or time-point) RDMs with the image-quality, rather than the beauty 481 

ratings. Our findings suggest that image-quality representations are distinct from those 482 

of beauty. Both the searchlight and parcel RSAs showed generally sparser activations 483 

for image quality relative to beauty, with the strongest activity found in early and ventral 484 

visual cortices, and weaker activity in frontal, temporoparietal, and posterior cingulate 485 

cortices (Figure 4B). Importantly, image-quality representations persisted only in 486 

visual areas after accounting for beauty (Figure 4D), suggesting more localized and 487 

predominantly perceptual coding. 488 

This finding is corroborated by the EEG RSA: correlations between neural and 489 

image-quality RDMs yielded a qualitatively different time course than correlations in 490 

the beauty RSA (cf. Figures 4E, F), reaching significance before 100ms, and peaking 491 

at 135ms post-stimulus onset followed by sustained significant activity. The 492 

correlations between the neural and image-quality RDMs remained significant over 493 
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time even when controlling for the beauty ratings. Indeed, there was virtually no drop 494 

in correlations after controlling for beauty relative to the original RSA during the first 495 

200ms post-stimulus onset. Taken together, our results indicate that the neural 496 

signature of image quality emerges earlier than beauty, likely driven by lower-level 497 

visual features. More importantly, image-quality representations were distinct from 498 

those of beauty, indicating that the brain is able to both extract, and abstract away 499 

from the quality of the image when judging the aesthetic appeal of its content. This 500 

suggests that beauty in the world is processed differently than the beauty of the very 501 

depiction of the world. 502 

 503 

Figure 4. RSA results for fMRI and EEG. A. fMRI RSA reveals widespread beauty-related activations, 504 
particularly in high-level visual cortex and the DMN. Whole-brain searchlight map shown on the left (t-505 
test against zero, voxel-wise uncorrected p < 0.001; areas outlined in black indicate significance at the 506 
cluster level, pFWE < 0.05, k ≥ 100) and parcel map on the right (Spearman correlation coefficient 507 
between parcel RDM and beauty model RDM, t-test against zero, FDR-corrected for the number of 508 
parcels). B. Image-quality representations have a distinct activation profile compared to beauty 509 
(structure and statistics identical to A.). C. Representations of beauty persist in a widespread cortical 510 
network after controlling for image quality (structure and statistics identical to A. and B.). D. Visual cortex 511 
represents image quality independently of perceived beauty (structure and statistics identical to A.–C.). 512 
E. Representations of beauty emerge early and are sustained over time, even when image quality is 513 
controlled for. To perform EEG RSA, we correlated each subject’s time-point-wise neural RDMs with 514 
the beauty model RDM. In the control analysis, we accounted for image quality via partial correlations. 515 
All correlations were Fisher-transformed. Markers indicate significant time points (t-test against zero, p 516 
< 0.05 FDR-corrected for the number of time points). F. Image-quality representations have qualitatively 517 
different temporal dynamics than beauty representations: they emerged within 100ms followed by 518 
sustained significant activity and persisted when accounting for the beauty ratings. Analyses performed 519 
analogously to E. 520 
 521 
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The Temporal Dynamics of Perceived Beauty Predominantly Map onto High-522 

Level Vision 523 

In order to provide a spatiotemporally resolved view of beauty-related neural 524 

representations, we performed EEG-fMRI fusion. We conducted our analyses in 50 a 525 

priori defined bilateral brain parcels obtained via resting-state fMRI (Yan et al., 2023). 526 

First, for each time point in the EEG, we reshaped the lower triangle of each subject’s 527 

neural RDM into a column vector and averaged the resulting RDVs across subjects, 528 

yielding a single RDM for every time point. Second, we extracted an RDM for each 529 

fMRI participant from every parcel. Finally, we determined the shared variance 530 

between the representational similarities of every parcel and time-point RDM via 531 

regression. We then combined commonality analysis (Hebart et al., 2018; Seibold & 532 

McPhee, 1979) and a novel collinearity-preserving permutation test to determine how 533 

much variance of the shared EEG-fMRI representational similarity is explained by the 534 

beauty ratings (see Methods and Figure 3 for details). 535 

 The commonality coefficients in three parcels in lateral occipital and ventral 536 

occipitotemporal cortices indicated a correspondence between temporally and 537 

spatially resolved representations (Figure 5A). Given that these parcels are located in 538 

high-level visual cortex, we conclude that high-level visual information is particularly 539 

critical for representations of scene beauty and their reflection in EEG signals. The 540 

commonality time courses of the resulting parcels follow highly similar trajectories, 541 

peaking between 250 and 270ms, followed by a secondary peak around 500ms and 542 

a gradual approach to baseline. This provides evidence that representations of beauty 543 

emerge in parallel across high-level visual regions, rather than following a temporal 544 

hierarchy. Although no other clusters yielded significant commonality scores, this 545 

parallel emergence was, qualitatively, observed across a larger network of brain 546 

parcels (see Supplementary Figure 2).  547 

Next, we conducted the fusion analysis while additionally controlling for the 548 

image-quality ratings. This analysis yielded highly similar commonality time courses 549 

compared to the previous fusion analysis (cf. Figure 5A, B), providing further evidence 550 

for the distinctiveness of beauty and image-quality representations. In summary, the 551 

results of our EEG-fMRI fusion suggest that representations of beauty most 552 

prominently map onto brain regions in lateral and ventral occipitotemporal cortices. 553 

These regions likely contain visual representations of beauty that are independent of 554 
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image quality, emphasizing the importance of complex perceptual features in 555 

processing and judging the aesthetic appeal of naturalistic stimuli. 556 

 557 

Figure 5. EEG-fMRI fusion results. A. Spatiotemporal representations of scene beauty map onto lateral 558 
occipitotemporal cortex (TempOcc) and ventral occipitotemporal cortex (Temp, VisCent4), emphasizing 559 
the importance of perceptual stimulus features for processing the perceived beauty of natural scenes. 560 
Shaded areas represent the 95th percentile of commonality-score distributions obtained via permutation 561 
tests (see Methods for details). Markers underneath the line plots indicate significant time points (t-test 562 
against zero, p < 0.05 FDR-corrected for the number of time points). Abbreviations: D: dorsal, V: ventral, 563 
L: lateral, M: medial, A: anterior, P: posterior. B. Representations of scene beauty in high-level visual 564 
cortex persist when controlling for image quality, suggesting that the brain abstracts away from stimulus-565 
level features when processing the beauty of natural stimuli. Statistical testing identical to A. 566 
 567 

Discussion 568 

In this study, we used RSA on EEG and fMRI data recorded while participants 569 

observed natural scene photographs to isolate neural representations of beauty and 570 

image quality in space and time, as well as model-based EEG-fMRI fusion to isolate 571 

the spatiotemporal dynamics of scene-beauty representations across the entire brain. 572 

Our RSA results confirm previous findings of early and sustained representations of 573 

beauty that span a wide network of brain regions. We also present evidence that the 574 

neural representations of image quality emerge automatically and are independent of 575 

representations of beauty, which is indicative of distinct processing modes for the 576 

perception of beauty in the outside world and in depictions of the world. Finally, the 577 

fusion analysis suggests that time-varying beauty representations predominantly map 578 
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onto high-level visual areas, highlighting the importance of perceptual stimulus 579 

features in the processing of aesthetic appeal. 580 

Early and sustained representations of beauty have been found previously 581 

(Kaiser, 2022a, 2022b; Kaiser & Nyga, 2020), even with varying stimulus-presentation 582 

times or task demands (Nara et al., 2026). Such early beauty-related representations 583 

may, in principle, conflate features of the world (the vividly green color of a tree) with 584 

features of the image (the blurriness of a bad photograph). Here, we show that that 585 

beauty and image quality are dissociable in the brain. First, we were able to recover 586 

neural signatures associated with the processing of image quality even though the 587 

neuroimaging participants had not been explicitly instructed to rate or pay attention to 588 

the quality of the stimuli. Second, we found that beauty-related representations had a 589 

different spatial and temporal profile than image-quality-related representations, which 590 

emerged earlier and mostly in visual cortex. Beauty and image quality may already be 591 

separated during visual processing, where image quality may be reflected in lower-592 

level image statistics (e.g., spatial frequency, contrast) than beauty. When judging the 593 

beauty of what is depicted in a photograph, the brain may abstract away from such 594 

image-level features to distill the beauty of the scene that is depicted. While our results 595 

indicate independent processing of perceived quality and beauty, it is possible that 596 

explicit instructions to (additionally) rate image quality or more prominent quality 597 

degradations significantly affect representations of beauty (Tinio et al., 2011; Tinio & 598 

Leder, 2009). Future studies should further investigate the dependency of beauty in 599 

the world versus the quality of depictions of the world, for instance, by manipulating 600 

attention towards image quality or content, or by manipulating an image’s (artistic) 601 

style (Boger & Firestone, 2025). 602 

 Our fMRI analyses demonstrate that a wide range of functionally distinct brain 603 

areas are involved in the representation of beauty. However, the EEG-fMRI fusion 604 

seems to suggest that beauty representations are predominantly rooted in perceptual 605 

features, given that time-varying representations were localized to brain parcels in 606 

high-level visual cortex. This prominent role of visual analysis is in line with 607 

computational work demonstrating that human beauty ratings can successfully be 608 

predicted from visual feature coding alone (Conwell et al., 2025; Iigaya et al., 2021). 609 

Notably, a prominent involvement of high-level visual cortex in representations of 610 

beauty does not indicate that other brain systems are not important. Instead, our 611 

results suggest that the information the brain uses to construct aesthetic value first 612 
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and foremost is stimulus-based. Prior work has demonstrated that early visual 613 

representations of aesthetic appeal are more readily predicted by low-level visual 614 

stimulus features and high-level features predict aesthetic appeal in late visual cortex, 615 

while the construction of aesthetic value is computed in PFCm by integrating across 616 

these hierarchical features (Iigaya et al., 2023). According to this view, the strong 617 

correspondence between time-varying beauty representations and regional 618 

representations in high-level visual cortex indicates that perceptual representations 619 

form the critical backbone for perceiving visual beauty. 620 

 What visual features relevant to scene beauty are represented in high-level 621 

visual cortex? Rather than encoding aesthetic appeal directly, ventral and lateral 622 

occipitotemporal cortex appears to represent visual features that have been shown to 623 

influence aesthetic judgments, such as symmetry, curvature, and scene composition 624 

or structure (Palmer et al., 2013). For one, activity in ventral and lateral 625 

occipitotemporal cortex has been shown to be modulated by symmetry, with higher 626 

degrees of (vertical) symmetry eliciting greater activation (Keefe et al., 2018; Van Meel 627 

et al., 2019). Similarly, parts of ventral visual cortex and the fusiform gyrus (Brodmann 628 

area 37) are characterized by a preference for curvature (Vartanian et al., 2024; Yue 629 

et al., 2020). In general, high-level visual cortex subserves naturalistic perception by 630 

representing global structural features of objects and scenes such as shape or 631 

composition (Ayzenberg & Behrmann, 2022; Bougou et al., 2024; Kaiser et al., 2020; 632 

Kravitz et al., 2011). Since representations in high-level visual cortex are more holistic, 633 

that is, less part-based and highly invariant to transformations (Op de Beeck et al., 634 

2019), they may provide the perceptual basis upon which further downstream areas 635 

evaluate aesthetic appeal. 636 

 Beyond the flexible representation of aesthetically relevant visual features, 637 

high-level visual cortex is characterized by computational principles that make it 638 

particularly well suited as the perceptual backbone for the processing of aesthetic 639 

appeal. Such principles include the degree to which image elements can be integrated 640 

into a whole (Nara & Kaiser, 2024) or the sparseness of stimulus-evoked neural 641 

activity (Tang et al., 2025). These findings are well in line with processing fluency 642 

accounts of aesthetic preferences, which posit that easier—or: more fluent—neural 643 

processing predisposes greater aesthetic appeal (Graf & Landwehr, 2015; Reber et 644 

al., 2004). Relatedly, a recently proposed model (Walther, 2026) suggests that fluent 645 

categorization of visual inputs predisposes liking by reliably creating categorization-646 
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related micro-rewards. Our findings are consistent with this idea, given that the 647 

surviving parcels we obtained in the fusion analysis comprise category-selective 648 

areas. Taken together, the previous ideas and our current results consistently highlight 649 

the of role high-level visual cortex in representing aesthetic appeal, emphasizing the 650 

importance of perceptual stimulus features. 651 

On a more cautious note, the representational correspondence between the 652 

EEG and fMRI data peaking in high-level visual cortex may be related to the limitations 653 

of EEG recordings. As our commonality analysis hinges on predicting the variance in 654 

the EEG signal, it is possible that beauty-related representations in early visual cortex 655 

could not be recovered due to qualitative differences between the representational 656 

structures of early EEG and fMRI responses (see: Cichy & Pantazis, 2017). This does 657 

not only apply to early visual activity but representations all over the brain: as revealed 658 

by our qualitative whole-brain fusion results, the temporal dynamics of all brain parcels 659 

are highly similar and resemble the temporal dynamics found in the EEG RSA (Figure 660 

4E, Supplementary Figure 2). The limited sensitivity of EEG to recover subtle 661 

fluctuations in cortical processing dynamics (e.g., see: Iamshchinina et al., 2022; 662 

Proklova et al., 2019), particularly from unsuitable dipole orientations, different 663 

neuroimaging populations, and a relatively small stimulus set may have limited our 664 

propensity to uncover subtle variations in stimulus patterns generated in different 665 

parcels at different time points. On this view, the localization of time-varying beauty 666 

signals to high-level visual cortex primarily reflects a disproportionate contribution of 667 

visual cortex to the EEG signals. This view is also consistent with beauty-related EEG 668 

signals being relatively robust to stimulus presentation time and task demands (Nara 669 

et al., 2026). Subsequent studies may employ fusion using MEG and fMRI data 670 

recorded from a matched participant population to better resolve spatiotemporal 671 

beauty representations outside high-level visual cortex (Cichy & Oliva, 2020; Cichy & 672 

Pantazis, 2017). 673 

Taken together, our results provide a spatiotemporally resolved view of neural 674 

representations of scene beauty. While judging beauty involves a wide range of brain 675 

areas, our work highlights the importance of perceptual features in grounding beauty 676 

representations. Our results moreover suggest that the processing of beauty is 677 

independent of image quality. In other words, our brains spontaneously separate the 678 

beauty of what is depicted from the quality of the depiction itself. 679 

  680 
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Supplement 978 

 979 
Supplementary Figure 1.  Correlations (Spearman) between all parcels’ representational dissimilarity 980 
structures. To investigate the amount of representational overlap between parcels, we vectorized each 981 
parcel’s RDM and calculated Spearman correlations between all combinations.  The highest amount of 982 
overlap was observed within and between high-level cognitive networks (control: IPS, PrCv, PCC, 983 
pCun; DMN: IPL, PCC, PFC, Temp; dorsal attention: SPL, TempOcc; salience: SPL, FrMed, PFCl; 984 
temporoparietal: Temp) and visual networks (VisCent, particularly VisCent 4). 985 

.CC-BY-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted August 24, 2026. ; https://doi.org/10.64898/2026.08.20.745789doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.20.745789
http://creativecommons.org/licenses/by-nd/4.0/


 986 
Supplementary Figure 2. Qualitative results of the EEG-fMRI fusion analysis. We additionally conducted 987 
an uncorrected commonality analysis, and our results suggest that spatiotemporal representations of 988 
scene beauty emerge in parallel across widespread regions of cortex. 989 
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