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A B S T R A C T

Aphantasia is the inability to experience mental imagery during full wakefulness without any prominent 
perceptual deficits. Visual aphantasia is associated with differences in distributed brain networks, but its 
neurobiological underpinnings remain a mystery. In particular, aphantasia may arise due to impairments in the 
top-down control over visual imagination. We predicted that this in turn would prevent the brains of aphantasic 
participants from differentiating neural activity encoding the contents of imagination from the background noise 
of resting activity, particularly within the ventral temporal lobes. To test this hypothesis, we re-analysed func-
tional magnetic resonance imaging (fMRI) data collected from aphantasics (n → 21), hyperphantasics (those with 
“photographic imagery”; n → 20), and controls (n → 17) during a simple perception and imagery task. We used 
two measures of informational complexity to quantify the complexity of the spatial pattern of thresholded BOLD 
signals in the participants’ temporal lobes during visual perception and imagery. Both measures of spatial 
complexity showed significant correlations with imagery vividness. We then performed dynamic functional 
connectivity analyses on the same data revealing that the higher-order networks of aphantasics were abnormally 
coupled with the temporal lobes during imagery (p < 0.05). These results provide a novel perspective, reframing 
aphantasia as an inability of the visual system to selectively activate regions encoding object-specific visual 
categories above background levels of noise.

1. Introduction

Our subjective visual experiences arise both in the presence and 
absence of overt retinal stimulation, with the latter referred to as mental 
imagery. The vividness of mental imagery – or the degree to which 
imagined visual experiences resemble veridical perception – varies 
substantially across individuals. A subset of the population (approxi-
mately 4 %) with aphantasia reports the total absence of imagery during 
wakefulness (Dance et al., 2022; Zeman, 2024; Zeman et al., 2010, 
2015). It remains poorly understood as to why visual aphantasics 
experience reduced imagery vividness while having broadly intact 
perceptual abilities, especially when we consider that the networks for 

perception and imagery overlap in the ventral temporal lobes (Ishai 
et al., 2000; Lee et al., 2012; Liu et al., 2025; Mechelli et al., 2004; 
Milton et al., 2021; Spagna et al., 2021).

While the current study focuses on visual aphantasia, it is important 
to note it has been argued that ‘aphantasia’ should also refer to in-
dividuals with minimal experience of imagery involving other sensory 
modalities (e.g., auditory, kinaesthetic, etc.; Dawes et al., 2023; Monzel 
et al., 2022). Aphantasics experience substantially normal perception, 
and are able to perform tasks we typically associate with imagery 
(perhaps using different cognitive strategies); most even report visual 
dreams (Dawes et al., 2020; Keogh et al., 2021; Zeman et al., 2010, 
2015). Given the subjective nature of imagery, the possibility has been 
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raised that aphantasia is due to a lack of meta-cognitive awareness (for 
discussion, see Zeman, 2024). However, several experiments have pro-
vided objective corroboration for the subjective reports of people with 
visual aphantasia (Kay et al., 2022; Keogh and Pearson, 2018, 2024; 
Purkart et al., 2025; Wicken et al., 2021).

Popular theories of how the visual system supports imagery describe 
the process as resembling perception, albeit in reverse (Pearson, 2019). 
As such, research has typically focused on the primary visual cortices as 
being the site most essential for processing visual information to 
generate imagery. But recent evidence suggests that there is activity in 
the primary visual cortices of aphantasics that can be dissociated from 
subjective visual experience (Cabbai et al., 2024; Milton, 2024). Others 
have even argued that the primary visual cortices are not essential for 
imagery generation at all, and that higher-order visual regions are 
necessary instead (Cabbai et al., 2024; Milton, 2024). For instance, re-
gions in the ventral temporal lobes, such as the parahippocampal place 
area (PPA) and fusiform face area (FFA), encode object-specific visual 
categories (Ishai et al., 2002; O’Craven and Kanwisher, 2000). Activity 
decoded from these regions during perceptual tasks can be used to 
successfully decode imagery contents above chance, suggesting similar 
patterns of activation during perception and imagery (Horikawa and 
Kamitani, 2017; VanRullen and Reddy, 2019). Furthermore, it is 
generally agreed upon that imagery generation involves input from 
frontoparietal regions which is fed-forward and processed in the ventral 
temporal lobes (Dijkstra et al., 2018, 2019, 2020; Fulford et al., 2018; 
Mantegna et al., 2025; Pearson, 2019; Spagna et al., 2021, 2024; Win-
love et al., 2018). Interestingly, recent 7 Tesla (T) functional magnetic 
resonance imaging (fMRI) evidence shows a putative imagery hub in the 
fusiform gyrus of the ventral temporal lobes that is functionally 
decoupled from frontoparietal networks in aphantasics during imagery 
attempts (Liu et al., 2025). We therefore rationalised that the ventral 
temporal lobes are a promising site for identifying a neural correlate of 
reduced imagery vividness in aphantasia.

If this is the case, then how might information be processed differ-
ently in the brains of individuals with aphantasia? One possibility is 
suggested by evidence from Keogh et al. (2020), who found that imagery 
vividness is anticorrelated with visual cortex excitability. This could 
mean imagery vividness may be determined by how well the brain can 
selectively activate specific subsets of neurons above some threshold 
relative to background activity – i.e. by the signal-to-noise ratio in visual 
processing regions. Keogh et al. investigated excitability-related effects 
in the primary visual cortices, likely because they used transcranial 
direct-current stimulation and were limited to accessible regions; how-
ever, it is possible a similar mechanism also occurs in the ventral tem-
poral lobes of aphantasics. If aphantasics have impaired top-down 
control over cortical activity in the ventral temporal lobes, then inhib-
itory modulatory feedback connections in these regions would not suf-
ficiently suppress background activity, preventing specific, 
differentiated patterns of activity during imagery, while bottom-up 
sensory input during perception would be precise enough to generate 
specific population codes (Huang et al., 2017; Hup!e et al., 1998; Pace 
et al., 2023). By way of analogy, if we envisage the resting brain as akin 
to the visual static we see on a non-tuned television channel, an indi-
vidual with typical imagery should be able to voluntarily “tune” this 
static to a particular image (akin to finding a coherent image on a spe-
cific station), whereas an aphantasic would be incapable of this process, 
only being able to modulate the strength of activity overall and hence, 
rendering their brain dynamics – during imagination – as indistin-
guishable from a static, white noise process.

To test this hypothesis, we turned to the field of information theory, 
where concepts such as ‘static’ and ‘information content’ have explicit 
mathematical definitions. Specifically, we indirectly measured neural 
information (i.e., the opposite of static) by computing and contrasting 
the spatial complexity – using both Lempel-Ziv and Kolmogorov 
complexity – of the cortical patterns of activation in blood-oxygenation- 
level-dependent (BOLD) signal in the ventral temporal lobes of 

aphantasics, hyperphantasics, and age-matched controls during a simple 
perception and imagery task (Kaspar and Schuster, 1987; Lempel and 
Ziv, 1976). Briefly, these algorithms quantify the complexity of the 
spatial pattern of binarized BOLD activation enacted across the cortical 
surface by compressing binary vectors representing which parcels are 
(in)active at each Repetition Time (TR; see Fig. 1). During both typical 
and highly vivid imagery, we would expect the signal-to-noise ratio of 
activity in the ventral temporal lobes to be sufficiently large, with 
background noise remaining below and imagery-related activity sur-
passing the binarization threshold used by these algorithms, resulting in 
rich patterns of (in)activation at each TR. Since we hypothesise that 
aphantasics lack the cortical control to suppress background activity 
during imagery attempts, background activity may also reach above the 
binarization threshold used by these algorithms in these individuals, 
resulting in general patterns of (in)activation at each TR that lack the 
complexity needed to encode visual information.

Therefore, our key prediction was that aphantasics should be inca-
pable of increasing the spatial information content of the pattern of 
BOLD activity within their temporal lobes during visual imagery. To 
determine whether this effect was also related to reduced top-down 
control, we performed a dynamic functional connectivity (dFC) anal-
ysis. The key predictions of our hypotheses were that imagery vividness 
is correlated with the spatial complexity of BOLD activation in the 
ventral temporal lobes, and that reduced imagery vividness correlated 
with decoupling between the temporal lobes and higher-order networks. 
In both cases, we found robust confirmatory evidence for our hypotheses 
and thus provide evidence that aphantasia can be effectively charac-
terised as an alteration of neural information processing.

2. Methods

2.1. Participants

70 participants completed the study – full recruitment details can be 
found in Milton et al. (2021). Prior to scanning, participants performed a 
modified version (see supplementary materials) of the Vividness of Vi-
sual Imagery Questionnaire (VVIQ; Marks, 1973): a 16-item question-
naire that measures imagery vividness by asking participants to imagine 
a scene and then report the vividness of that image on a 5-point Likert 
scale (1 → “No image at all, you only “know” that you are thinking of an 
object”; 5 → “Perfectly clear and as vivid as normal vision”). Using this 
approach, 24 participants were classified as having aphantasia (VVIQ 
score between 16 and 23/80; mean age 33.71; sd ↑ 11.3 years; 10 fe-
males) and were asked to confirm their condition was congenital, while 
20 were classified as controls with midrange imagery (VVIQ score be-
tween 55 and 60/80; mean age 34.6 years; s.d. ↑ 12.78 years; 9 fe-
males). 25 participants were classified as having hyperphantasia (VVIQ 
score between 75 and 80; mean age 35.36 years; s.d. ↑ 11.10 years; 17 
females). After removing participants with missing data, we were left 
with a total of 21 aphantasics, 17 controls, and 20 hyperphantasics 
leaving 58 participants in total (for full further exclusion details, see 
Milton et al., 2021). Ethical approval for the original study was obtained 
from the University of Exeter Psychology Ethics Committee.

2.2. Functional magnetic resonance imaging and task design

All images were collected using a 1.5 T scanner (Intera Phillips). T1- 
weighted anatomical images (T1w) of the whole head were centred at 
the anterior commissure at a resolution of 0.9 ↓ 0.9 ↓ 0.9 mm. BOLD 
fMRI data were obtained using a T2*-weighted single-shot echoplanar 
(EPI) scanning sequence (temporal resolution [TR] → 3 s, echo time 
[TE] → 50 ms, resolution 2.88 ↓ 2.88 ↓ 3.6 mm, 38 slices, 90↔ flip angle) 
over two separate 17.5 min imaging runs (each with 364 time points). 
Each run corresponded to a specific stimulus type: either famous faces or 
places. Forty stimulus images that were successfully recognised by all 
the participants were selected from a larger dataset. Within each of the 
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runs, the participants performed a block-design task that alternated 
between perception blocks in which participants viewed images of 
famous faces or places, calculation blocks (not analysed further here), 
and an imagery block where they were asked to imagine a famous face or 
place (for full protocol, see Milton et al., 2021). Each block involved a 
period in which a stimulus was shown (6 s), followed by a period in 
which participants used a three-button response pad to answer a pre-
sented rating question, and then a blank screen for a randomised 
duration between 0.5 and 2.5 s. Each block was repeated four times, and 
the entire sequence of blocks was repeated ten times. During the 
perception block, participants viewed an image of a face or place and 
then rated its pleasantness (2 s). During imagery blocks, participants 
were asked to imagine a previously displayed stimulus. They were then 
asked to rate the vividness of the image (2 s).

2.3. Preprocessing of anatomical data

The T1w image underwent intensity non-uniformity correction using 
N4BiasFieldCorrection distributed with ANTs 2.3.1 (Avants et al., 
2008). The corrected image served as the T1w reference throughout the 
workflow. Skull-stripping was performed using a Nipype implementation 
of antsBrainExtraction.sh workflow with OASIS30ANTs as the target 
template. Brain tissue segmentation into cerebrospinal fluid, 
white-matter, and grey-matter was carried out using FAST (Zhang et al., 
2001).

Volume-based spatial normalization to MNI152NLin6Asym (2 mm) 
and MNI152NLin2009cAsym templates was achieved through nonlinear 
registration with antsRegistration (ANTs 2.3.1), utilizing brain- 
extracted versions of both T1w reference and the template. The 
selected templates were FSL’s MNI ICBM 152 non-linear 6th Generation 
Asymmetric Average Brain Stereotaxic Registration Model (Zhang et al., 
2001) and ICBM 152 Nonlinear Asymmetrical template version 2009c 
(Fonov et al., 2009).

2.4. Preprocessing of functional data

For each of the two BOLD runs per participant, preprocessing 
included generating a reference volume and its skull-stripped version 
using a custom fMRIPrep 21.0.2 methodology (Esteban et al., 2019). 
Head-motion parameters were estimated with mcflirt (Jenkinson et al., 
2002). The BOLD time series were resampled onto their original, native 
space by applying transforms to correct for head motion. The 
co-registration of the BOLD reference to the T1w reference involved 
MRI_coreg (FreeSurfer) followed by FLIRT (Jenkinson et al., 2002) with 
the boundary-based registration cost-function (Greve and Fischl, 2009), 
configured with six degrees of freedom.

Confounding time series, including framewise displacement (FD), 
DVARS, and three region-wise global signals, were calculated based on 
the preprocessed BOLD data. Physiological regressors were extracted for 
component-based noise correction (CompCor). Various spatial resam-
plings generated spatially-normalized, preprocessed BOLD runs in 
MNI152NLin6Asym and MNI152NLin2009cAsym spaces. All resam-
pling was performed with a single interpolation step by composing all 
pertinent transformations, including head-motion transform matrices 
and susceptibility distortion correction when available.

2.5. Software and tools

Many internal operations utilized Nilearn 0.9.1 [@nilearn, RRID:
SCR_001362] within the functional processing workflow. Additional 
details about the pipeline can be found in fMRIPrep’s documentation
(https://fmriprep.org/en/latest/workflows.html).

2.6. Brain parcellation and denoising

Following preprocessing, denoising was performed in Python 
(version 3.7) to remove 12 head-motion-related artefacts and white 
matter, cerebrospinal fluid noise from the BOLD signal. A band-pass 
filter was applied (between 0.01 and 0.1 Hz) to remove noise 

Fig. 1. Complexity (A) Three images arranged in increasing order of spatial complexity (above). If we represent the black and white pixels in the images as 1’s and 
0’s respectively, then LZ76 (i.e. the algorithm that determines Lempel-Ziv complexity) answers the question: “What is the number of entries into a codex needed to 
store all the binary sequences in the image?“. The left-most image is the least complex, consisting of two halves occupied by either repeating 1’s or 0’s. A graphical 
depiction of how the LZ76 algorithm calculates the complexity for such sequences is depicted below, highlighting how regular sequences are compressed using 
previous codex entries. The Mona Lisa (centre) still has many spaces consisting of regular sequences (cyan), but some spaces are more complex (orange), as can be 
seen in the enlarged portions below. To the right we see that random noise consists of many unique sequences with very few repetitions. (B) Above is the pipeline 
used to determine spatial complexity of cortical activation. The time series for each brain parcel were binarized, generating a matrix of whether each parcel was “on” 
or “off” at each repetition time (TR). Vectors for each column of the matrix encoding the spatial patterns of cortical activity at each TR were then compressed by the 
LZ76 algorithm to quantify the complexity of the spatial pattern. Below the pipeline are two examples of low spatial complexity (left) and high spatial complexity 
(right) patterns across ventral temporal lobe parcels are depicted. Bar plots are for illustrative purposes. Complexity scores obtained from this pipeline were then fit to 
general linear models predicting the effects of an imagery and perception task on cortical complexity. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)
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associated with physiological processes and scanner-related drift. Head- 
motion distortions were corrected by regressing out 6 head-motion pa-
rameters and their corresponding temporal derivatives. Finally, the 
BOLD time series was z-scored, standardising activity across the whole 
brain. The mean time series from each of a predefined set of 400 cortical 
parcels was calculated. These parcels were derived from the 17-Net-
works Schaefer 400 parcellation scheme (Schaefer et al., 2018; Yeo 
et al., 2011), which divides the brain into key functional networks 
including visual and attention networks we deemed important in visual 
processing. Brain parcels were visualised using the plotSurfaceR-
OIBoundary (v 1.0.1) package in MATLAB 9.12.10 (MathWorks; Old-
ham, 2025).

2.7. Complexity analyses

The spatial complexity of BOLD signal during perception and imag-
ery blocks was calculated from 53 parcels (28 left hemisphere; 25 right 
hemisphere) corresponding to the anatomical ventral temporal lobes 
using MATLAB 9.12.10 (MathWorks). The BOLD signal from each parcel 
was binarized to values greater than or less than zero for each TR and 
then the spatial complexity of the pattern of activation across the parcels 
at each TR was computed using the ‘calc_lz_complexity.m’ (Lempel-Ziv 
complexity; Thai, 2023) and ‘kolmogorov.m’ (Kolmogorov complexity; 
Faul, 2023) functions. Note: complexity was not assessed over time (as is 
typical of previous work; Shine et al., 2019; Medel et al., 2023) but over 
space, as we were interested in the complexity of the spatial configu-
ration of parcels requiring elevated blood flow during perception and 
imagery blocks. The effects of the experimental tasks on the observed 
complexity scores for each participant were estimated using general 
linear models (GLM) with design matrices constructed by haemody-
namically convolving the onset times for each block while they per-
formed the behavioural task (Friston et al., 1994). Given the 
non-Gaussian nature of the data, Spearman’s ρ correlations were 
calculated to determine the correlation between participants’ β-co-
efficients predicting their complexity score and their VVIQ score. Sta-
tistical significance was determined using a non-parametric permutation 
test in which VVIQ scores were shuffled 5000 times (Nichols and 
Holmes, 2002). To determine whether the correlation between 
complexity scores and VVIQ was greater during imagery blocks relative 
to perception, we subtracted the Spearman’s ρ correlation between 
complexity scores and VVIQ scores during perception from those during 
imagery and a further permutation test was performed by randomly 
swapping complexity scores between imagery and perception indepen-
dently for each participant and recalculating Spearman’s ρ correlations 
5000 times.

2.8. Standard deviation of BOLD signal in ventral temporal lobes

We computed the standard deviation of BOLD signal in the ventral 
temporal lobes using the same mask that was used in the complexity 
analyses (i.e., 53 ventral temporal lobe parcels). The standard deviation 
was calculated across TRs during the perception blocks and imagery 
blocks using the onset times for each task. A paired two-tailed t-test was 
performed on the mean standard deviation scores across parcels for each 
participant during perception and imagery. Next, we calculated the 
Spearman’s correlation coefficient between the mean standard de-
viations across temporal lobe parcels for each participant and their VVIQ 
score.

2.9. Dynamic functional connectivity

dFC analysis was conducted in MATLAB 9.12.10 (MathWorks) using 
the multiplication of temporal derivatives (MTD) approach (Shine et al., 
2015). The MTD is computed by calculating the point-wise product of 
the temporal derivatives of pairwise time series (Equation (1)). To 
reduce contamination of high-frequency noise, the MTD is averaged 

across a sliding window w. MTD scores for each of the 400 parcels was 
calculated using a sliding temporal window of 10 points (30 s). 

MTDijt →
1
w

)t↗w

t

[
dtit ↓ dtjt

]
⌊

σdti↓σdtj

⌋ (1) 

Equation (1). The equation for the pairwise MTD score between 
parcel i and parcel j at time t, where dt is the temporal derivative of 
parcel i or j at time t, and σ is the standard deviation of the temporal 
derivative time series for parcel i or j, and w is the window length of the 
simple moving average.

A functional connectivity matrix was calculated for each individual 
time window, resulting in a weighted 3D adjacency matrix (parcel ⨯ 
parcel ⨯ time) of MTD scores for each participant. To determine the 
relationship between the task and MTD scores, GLMs were computed 
comparing each pairwise MTD score (edge) with each condition using 
the aforementioned design matrices. Spearman’s ρ correlations were 
calculated, correlating the β-coefficients estimating the edgewise MTD 
scores for each participant with their VVIQ score, giving a parcel ⨯ parcel 
matrix of ρ values. Significant edges were determined by shuffling par-
ticipants and recalculating the Spearman’s ρ for each edge 5000 times.

A mask was applied to the matrix of ρ values such that only parcels 
that were deemed statistically significant following permutation testing 
(p ω 0.05) were retained. This enabled us to analyse the correlation 
between dFC – specifically, the connectivity between the functional 
networks from the Yeo 7-network parcellation scheme with our ventral 
temporal lobe mask – and participants’ VVIQ scores. To assess the 
contribution of each participant subgroup to these correlations, addi-
tional matrices were generated by applying the same mask filtering for 
significant parcels to the mean β-coefficients estimating MTD scores for 
aphantasics, controls, and hyperphantasics during imagery, and 
isolating edges between the Yeo 7-networks and parcels of the ventral 
temporal lobe mask. Results were visualised using the Circlize Package 
(version 0.4.16; Gu et al., 2014) in R 4.4.3.

2.10. Univariate analyses

We computed GLMs on BOLD fMRI data during each of the experi-
mental tasks using the aforementioned design matrices (Friston et al., 
1994). General linear regression was performed by computing the 
‘glmfit’ function within MATLAB 9.12.10 to obtain a set of β-coefficients 
that estimate the effect of each fMRI task on the observed BOLD signal 
for each parcel (n → 502). For each parcel, we assessed the difference 
between the β-coefficients for imagery and perception by performing 
5000 permutations of the condition labels and computing the mean 
difference (imagery minus perception) for each permutation.

To identify whether the BOLD activity within any of our 400 cortical 
parcels was correlated with participants’ VVIQ scores, we calculated the 
Spearman’s correlation coefficient between the β-coefficients during 
imagery and perception of each parcel for each participant and their 
VVIQ score. Statistical significance was determined using non- 
parametric permutation tests by shuffling VVIQ scores 5000 times and 
recomputing the Spearman’s correlation coefficient to construct a null 
distribution.

3. Results

3.1. Complexity

We assessed the relationship between the complexity of the spatial 
pattern of ventral temporal lobe activity during perception and imagery 
with participants’ VVIQ scores. As seen in Fig. 2A, computing Spear-
man’s correlation coefficients revealed that the β-coefficients predicting 
Lempel-Ziv complexity in response to the perception task were posi-
tively correlated with participants’ VVIQ scores (ρ → 0.171) and this 
effect was statistically significant (p → 0.030). An even stronger effect 
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was observed during imagery (ρ → 0.234, p → 0.005; Fig. 2B).
As a convergent complexity measure, we performed similar com-

parisons using Kolmogorov complexity. It was observed that the Kol-
mogorov complexity of ventral temporal lobe activity was positively 
correlated with VVIQ scores during imagery (ρ → 0.174, p → 0.032; 
Fig. S1B), while the correlation between Kolmogorov complexity and 
VVIQ scores during perception was not statistically significant (ρ →
0.092, p → 0.159; Fig. S1A).

Next, we sought to determine whether the observed Spearman’s ρ 
corelations between complexity scores during imagery blocks were 
stronger relative to perception. There was no statistically significant 
difference between the Spearman’s ρ correlations for complexity and 
VVIQ scores during imagery and perception blocks for Lempel-Ziv 
complexity (Δρ → 0.063; p → 0.248) nor Kolmogorov complexity (Δρ 
→ 0.082; p → 0.192).

3.2. Standard deviation of ventral temporal lobe activity

To determine which parcels may be driving reduced complexity in 
individuals with low VVIQ scores, we investigated the standard devia-
tion of the BOLD signal within the 53 parcels of the ventral temporal 
lobe mask. A statistically significant difference between parcels’ stan-
dard deviations during perception and imagery was observed (t (115) →

↘8.797, p ω 1 x 10↘13). During perception, only the standard deviation 
of one parcel within the lingual gyrus of the left hemisphere (Schaefer 
parcel no. 15) had a statistically significant correlation with VVIQ scores 
(ρ → ↘0.215, p → 0.021). During imagery, the standard deviations of 
several parcels within the left ventral temporal lobe, one in the calcarine 
sulcus, and one parcel at the isthmus of the cingulate gyrus in the right 
hemisphere had statistically significant correlations with VVIQ scores (p 
ω 0.05; Table S1 and Fig. 2D).

3.3. Dynamic functional connectivity

Fig. 3 depicts the Spearman’s correlation coefficient between par-
ticipants’ VVIQ scores and β-coefficients predicting MTD scores between 
the Yeo 7-networks and the ventral temporal lobes. Only statistically 
significant correlations are depicted (p ω 0.05). The mean MTD score 
contribution of each subgroup to the correlations in Fig. 3 (i.e. aphan-
tasia, control, hyperphantasia) is depicted in Fig. S2. Many parcels 
within the left frontoparietal, left default mode, right dorsal attention, 
right motor, and right visual networks were anticorrelated with VVIQ 
scores. The Yeo 7-networks that contained many parcels whose dFC with 
the ventral temporal lobes was positively correlated with VVIQ scores 
included the left ventral attention, the frontotemporal, and the fronto-
parietal networks with the bilateral temporal lobes, as well as the right 

Fig. 2. Lempel-Ziv Complexity and Variance (A) Scatterplot of participants’ β-coefficients predicting Lempel-Ziv complexity versus their VVIQ score during 
perception. Spearman’s ρ shows a positive correlation between Lempel-Ziv complexity and VVIQ during perception (ρ → 0.171, p → 0.030). Aphantasics are marked 
in blue, controls in purple, and hyperphantasics in magenta. (B) Same as (A) but during imagery when an even stronger correlation was observed (ρ → 0.234, p →
0.005). (C) Surface plots showing the 53 parcels included in the ventral temporal lobe mask are outlined in black and shown in yellow. (D) Spearman’s ρ correlations 
between the standard deviation of parcels’ signal during imagery and participants’ Vividness of Visual Imagery Questionnaire (VVIQ) scores. Only parcels whose 
correlations were statistically significant (p ω 0.05) are shown. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web 
version of this article.)
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default mode network with the right temporal lobe, and the left motor 
network with the right temporal lobe. It was observed that edges that 
showed positive correlations with VVIQ scores corresponded to edges 
with increased connectivity in hyperphantasics and controls relative to 
aphantasics, whilst edges with increased connectivity in aphantasics 
typically corresponded to edges that were negatively correlated with 
VVIQ scores (Fig. S2).

3.4. Univariate analyses

We performed univariate analyses to determine whether there were 
any differences in global BOLD activation during perception and imag-
ery, and to examine whether global BOLD activity was correlated with 
participants’ VVIQ scores. First, we observed changes in BOLD activa-
tion associated with perception across all participants. Activation 
showed a gradient of decreasing activation starting in the primary visual 
cortices—which showed markedly increased activation—and ending in 
the frontal cortices which showed relatively less activation compared to 
resting activity, however, some parcels of the prefrontal cortex also 
showed slightly increased activity (Fig. S3C). Next, we determined 
whether the activity of any parcels during imagery differed from 
perception by computing the mean difference of BOLD activity (imagery 
minus perception). Fig. S3D and Table S2 show parcels considered to 
have statistically significantly different activity during imagery relative 
to perception (p ω 0.05). Overall, it was observed that there was less 
activity in the primary visual cortices during imagery relative to 
perception. In contrast, increased activity distributed throughout par-
cels of the left hemisphere, particularly parcels of the prefrontal and 
parietal cortices corresponding to parcels of the dorsal attention and 
ventral attention networks, as well as parcels of the superior temporal 
gyrus.

To determine whether the BOLD activity of parcels was correlated 

with participants’ VVIQ scores, we calculated the Spearman’s correla-
tion coefficient between the β-coefficient predicting each parcel’s BOLD 
activity during imagery and perception for each participant and their 
VVIQ score. Fig. S3A and Table S3 show the statistically significant 
Spearman’s correlation coefficients (p ω 0.05) between BOLD activity 
during perception and VVIQ scores, while Fig. S3B and Table S4 depict 
similar results but during imagery instead. It was observed in both cases 
that parcels of the right frontal cortices were anticorrelated with VVIQ 
scores.

4. Discussion

In this study, we performed a novel analysis of fMRI data collected in 
a previous experiment to test the hypothesis that individuals with 
aphantasia experience a poverty of visual imagery due to an inability to 
voluntarily differentiate neural signals within their ventral temporal 
lobes. Accordingly, we observed a positive correlation between the 
spatial complexity of BOLD activity in the ventral temporal lobes and 
participants’ VVIQ scores (Fig. 2 and Fig. S1). Additionally, key higher- 
order functional networks of aphantasics were abnormally coupled with 
the ventral temporal lobes (Fig. 3 and Fig. S2), with decreased connec-
tivity between many parcels whose connectivity were shown to be 
correlated with VVIQ scores and vice versa. Importantly, we present a 
novel quantification of the abnormal information processing inherent 
within the brains of individuals with aphantasia. We suggest future 
research should investigate the underlying neural mechanisms might be, 
keeping in mind aphantasia likely arises due to multiple neurological 
factors (Dawes et al., 2024; Spagna et al., 2021).

To our knowledge, this is the first study to quantify information 
content as a proxy for imagery vividness. Although exploratory and 
requiring replication in larger samples, this finding is promising in that it 
aligns with the intuition that more vivid imagery would require more 
visual information to be processed in higher-order visual regions. If this 
is indeed the case, then aphantasia may be the result of an “information 
lesion” in the ventral temporal lobes. Interestingly, we also observed 
Lempel-Ziv complexity—but not Kolmogorov complexity—was corre-
lated with vividness during perception. While the correlations between 
complexity and perception were less than imagery, the difference be-
tween the complexities during both tasks was not statistically significant 
for either measure. Our initial prediction was that complexity differ-
ences would be present during imagery only. Although this result may 
be due to excess noise in the current dataset, it also highlights that we 
cannot yet determine whether ‘normal’ perception is impaired in in-
dividuals with aphantasia – i.e., perception could be practically fine, but 
distinct for non-aphantasics. It is our hope that further applications of 
spatial complexity analyses may illuminate questions concerning atyp-
ical imagery, such as whether the heterogeneity of aphantasia can be 
explained by varying profiles of information loss, or if and how other 
regions contribute to imagery vividness.

For instance, while the current study focused on complexity in the 
ventral temporal lobes, it remains unclear whether activity in the pri-
mary visual cortices is necessary or sufficient for imagery (Milton, 2024; 
Spagna et al., 2021). The contents of V1 have been decoded by recent 
studies using multivariate pattern analysis from aphantasics during 
imagery and while they listened to auditory stimuli. This suggests that 
such activity may not be closely tied to the subjective experience of 
imagery (Cabbai et al., 2024; Chang et al., 2025; Montabes de la Cruz 
et al., 2024). However, multivariate pattern analysis can only confirm 
the presence of decodable patterns of activation and is not sensitive 
enough to probe the underlying richness of this activity. Instead, by 
implementing information-theoretic approaches such as those used in 
the current study, it may be possible to quantify the richness of infor-
mation content at various stages of the visual processing hierarchy, 
regardless of overall BOLD activation or decodability.

Given the exploratory nature of our study and that the spatial reso-
lution of our dataset was relatively low, we analysed spatial complexity 

Fig. 3. Correlation between VVIQ and the Dynamic Functional Connec-
tivity between Schaefer Networks and the Ventral Temporal Lobes Chord 
plot showing Spearman’s correlation coefficients between participants’ Vivid-
ness of Visual Imagery Questionnaire (VVIQ) scores and β-coefficients pre-
dicting multiplication of temporal derivatives (MTD) scores. Correlations are 
calculated between the Yeo 7-networks (cortical maps on the right) and parcels 
within a predefined ventral temporal lobe mask (53 parcels) during imagery. 
Positive edges (yellow) show a positive correlation between MTD score and 
VVIQ and vice versa for blue edges. The connections’ thickness is proportional 
to the strength of the correlation (i.e., thicker connections indicate greater in-
crease/decrease and vice versa). Only parcels with statistically significant 
correlations between MTD scores and VVIQ are shown (p ω 0.05). (For inter-
pretation of the references to colour in this figure legend, the reader is referred 
to the Web version of this article.)
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at the region-level to maximise the chance of detecting an effect. A finer- 
grained analysis, ideally using a higher spatial resolution dataset than 
the current study’s to minimise noise, would enable quantification of 
information between and within different parcels of the visual pro-
cessing hierarchy. Such an analysis may prove to be more sensitive to 
detecting variations in imagery vividness. Doing so may also help 
determine whether imagery vividness is underpinned by different levels 
of complexity at different scales, different cortical layers, or whether 
excess noise is generated from a lack of sensory suppression where 
functionally segregated regions for perception and imagery overlap 
(Anderson et al., 2025; Carricarte et al., 2024, 2025). Therefore, we 
hope future studies seek to reproduce and expand our initial findings 
across different scales.

Our initial hypothesis – informed by findings from Keogh et al. 
(2020) – was that hyperexcitability within visual processing regions 
produces excess noise, preventing sufficient and specific activation in 
these regions above background levels of activity. We analysed the 
relationship between the standard deviation of signals within the ventral 
temporal lobes during imagery with participants’ reported imagery 
vividness. Regions with higher variance have more opportunity to 
differentiate, leading to an increase in complexity and vice versa. While 
the variance of signal from several regions was negatively correlated 
with vividness, higher signal variation of a particular parcel in the 
ventral temporal lobe was associated with increased vividness. This 
parcel is spatially contiguous with a region that has been previously 
identified as a key hub during mental imagery: the fusiform imagery 
node (Liu et al., 2025; Spagna et al., 2021). This may suggest that im-
agery vividness is determined by increased information driven by a high 
variation in the activity of the fusiform imagery node, as well as the 
suppression of noise from surrounding regions. However, these findings 
remain speculative and our results on their own cannot speak to the role 
of hyperexcitability or any other mechanism in determining imagery 
vividness. Further research is needed to identify differences in the 
micro- and mesoscale circuitry that determine signal-to-noise during 
imagery.

We also hypothesized that reduced imagery vividness was accom-
panied by decoupling between higher-order networks and the ventral 
temporal lobes. Analysing the correlation of the dFC between the Yeo 7- 
networks and the temporal lobes with VVIQ scores revealed that positive 
correlations were related to greater decoupling between higher-order 
networks and the ventral temporal lobes in aphantasics, while positive 
edges in aphantasia tended to contribute to anticorrelations with VVIQ. 
It should be noted that within the ‘aphantasia’ group we have included 
individuals with both minimal and low vividness according to their 
VVIQ responses, and as such our results may not be consistent with those 
of individuals with absent imagery (Blomkvist and Marks, 2023; Purkart 
et al., 2025). Relatively few positive connections in controls and 
hyperphantasics contributed to the profile of significant correlations 
between dFC and VVIQ compared to the numerous negative connec-
tions. We hypothesise that this likely reflects that controls and hyper-
phantasics are better able to suppress irrelevant communication and 
selectively engage nodes within their imagery networks.

Reduced vividness appears to be driven by decoupling between the 
ventral attention and dorsal attention networks with the bilateral tem-
poral lobes of aphantasics. The dorsal attention network is important for 
exogenous, voluntary attention, while the ventral attention network 
plays an important role in switching the brain between endogenous and 
exogenous states of attention, as well as in orientating attention toward 
salient stimuli (Ghosh et al., 2019; Shine et al., 2011). The ventral 
attention network is also right hemisphere dominant, and we observed 
that reduced imagery vividness is driven by greater decoupling between 
the right ventral attention network and the bilateral temporal lobes of 
aphantasics accordingly (Corbetta et al., 2008). Both the ventral atten-
tion and dorsal attention networks occupy frontoparietal regions as well 
as regions within the temporal and medial association cortices (Corbetta 
and Shulman, 2002; Tosoni et al., 2023). It has been previously shown 

that during imagery, inputs from frontoparietal regions involved in 
attention and working memory act to maintain the image in conscious 
awareness after information from long-term memory has been retrieved 
(Fulford et al., 2018; Spagna et al., 2021). Therefore, these networks are 
key to orchestrating visuospatial attention and play an extensive role in 
both perception and imagery, and decoupling of the ventral and dorsal 
attention networks with the temporal lobes appears to disrupt the 
brain’s ability to maintain the vividness of an internally generated 
image.

The dFC between the default mode network and temporal lobes ap-
pears to have a complex relationship with imagery vividness, which is 
reflected by current speculations concerning the role of the default mode 
network in imagery generation. The default mode network is well- 
known for being active during self-generated mental states such as 
working memory, dreaming, theory of mind, and thinking about the 
future (Aichhorn et al., 2003; Andrews-Hanna et al., 2014; Fox et al., 
2013; Menon, 2023; Spreng et al., 2009). Increased default mode ac-
tivity and connectivity has been previously shown to increase imagery 
vividness (Fulford et al., 2018; Spagna et al., 2021), while decoupling of 
the default mode plays a role in psychedelic experiences (Carhart-Harris 
et al., 2012; De Araujo et al., 2012; Gattuso et al., 2023). We hypothesise 
that positive edges between the default mode network and the temporal 
lobes of aphantasics may simply indicate that the brain is not engaged in 
mental imagery and is “mind wandering”, while the specific positive 
edges in controls and hyperphantasics may contribute to imagery gen-
eration. However, evidence suggests that sub-networks of the default 
mode require precision fMRI performed using a 7 T scanner to be fully 
resolved (Braga et al., 2019; Braga and Buckner, 2017; DiNicola et al., 
2023; Du et al., 2024). Since we used 1.5 T fMRI data and performed a 
group-level analysis, it is possible we cannot draw sufficient conclusions, 
and further research is needed to capture nuanced differences caused by 
anatomical variation between participants and correctly determine the 
role of the default mode network in imagery vividness.

Our results constitute the first dFC analysis in an aphantasic cohort, 
building upon previous fMRI studies of aphantasia which have primarily 
used static functional connectivity, univariate, and multivariate ana-
lyses of BOLD signals. While such analyses have their place, they assume 
stationarity of the BOLD signal and risk mischaracterising the underly-
ing mechanisms of imagery vividness and aphantasia. Therefore, dFC is 
able to shed new insight into the inherently dynamic processes of im-
agery and perception, but the approach used in the current study is not 
without its own limitations. For instance, we analysed dFC between 
group-level network masks, which may introduce imprecision at the 
boundaries of functional networks given anatomical variations between 
participants. Also, subcortical analyses were not performed in the cur-
rent study as the low spatial resolution of our dataset was insufficient to 
resolve subcortical structures. Existing evidence shows there is more 
insight to be gained by analysing subcortical dFC. Monzel et al. (2024)
found that the static functional connectivity between the hippocampus 
and primary visual regions of controls showed a strong negative corre-
lation when compared to aphantasics, which they suggest may reflect a 
lack of inhibition of sensory noise that impairs imagery generation. 
Therefore, we suggest future studies expand our dFC approach to 
conduct a more comprehensive, whole brain dFC analysis including 
subcortical regions.

We also performed a series of univariate analyses, in which we were 
able to successfully recreate canonical activation patterns during 
perception and imagery, as well as recreate results published in more 
recent findings. During imagery, we observed that there is greater 
activation of regions in the ventral attention and dorsal attention net-
works of the left hemisphere, which agrees with current theories that 
imagery tends to be lateralised (Spagna et al., 2021). Furthermore, we 
found activity in regions of the right ventral and dorsal attention net-
works were negatively correlated with imagery vividness, supporting 
recent findings from Liu et al. (2025) that aphantasics show increased 
activity in regions of the right ventral attention network.
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In summary, the current study investigated the dFC and spatial 
complexity differences underlying imagery vividness. We observed that 
the spatial complexity of BOLD activity in the ventral temporal lobes is 
correlated with imagery vividness. We also observed that decreased 
vividness is associated with decreased connectivity between the tem-
poral lobes and frontoparietal networks including the dorsal attention 
and ventral attention networks in aphantasia. Our results provide a 
novel way of understanding aphantasia as an information lesion, which 
we speculate is due to excess noise preventing the ventral temporal lobes 
from differentiating signals encoding visual stimuli above background 
levels of activity, as well as decreased and less specific input from high- 
order brain regions, which we hope will form the basis of future studies.
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