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A B S T R A C T

The perception and recognition of faces and scenes rely on distributed neural systems comprising specialised, 
category-selective regions in visual cortex that interact with an extended network of cortical regions across the 
brain. While prior work has demonstrated face- and scene-selective responses can be differentiated based on 
patterns of whole-brain connectivity, it remains unclear whether category-selective regions within each network 
also possess distinguishable whole-brain connectivity profiles reflecting their specific functional roles. It is also 
unclear whether individuals have distinct connectivity profiles that might underlie individual differences in face 
or scene perception. In this study, we used functional magnetic resonance imaging (fMRI) from multiple different 
naturalistic movie watching paradigms and at rest. We identified whole-brain functional connectivity finger
prints for each of the core regions within the face and scene processing networks. We found that patterns of 
functional connectivity were more similar within than between participants and were distinct across individual 
regions of the face and scene networks. These findings demonstrate that brain regions within category-selective 
visual networks are characterised by distinctive connectivity profiles with the rest of the brain.

1. Introduction

The perception of faces and scenes is supported by high-level visual 
regions located in occipital and posterior temporal cortices (Bracci and 
Op de Beeck, 2023; Peelen and Downing, 2017). Dedicated cortical 
networks have been identified within these brain regions that selectively 
process faces or scenes. The face-selective network includes a core set of 
regions in the ventral visual stream—the occipital face area (OFA), 
fusiform face area (FFA), and superior temporal sulcus (STS)—which 
together support the analysis of both invariant and dynamic facial fea
tures (Duchaine and Yovel, 2015; Haxby et al., 2000). In parallel, scene 
perception engages a core network comprising the occipital place area 
(OPA), parahippocampal place area (PPA), and retrosplenial complex 
(RSC), which are differentially involved in visuospatial and mnemonic 
processing (Baldassano et al., 2016; Epstein and Baker, 2019). These 
core face and place regions further interact with extended networks of 
regions throughout the parietal, frontal, and medial temporal lobes that 
are implicated in higher-level cognitive processing of people and places 
(Duchaine and Yovel, 2015; Epstein and Baker, 2019; Silson et al., 
2019).

While the functional selectivity of these category-selective regions 
has been well characterized, an emerging view suggests that brain 
function is also influenced by broader patterns of connectivity with the 
rest of the brain (Mars et al., 2018; Passingham et al., 2002). It has been 
shown that the spatial location of category-selective regions can be 
predicted from whole-brain connectivity patterns (Molloy et al., 2024; 
Osher et al., 2016; Saygin et al., 2012). The importance of these con
nectivity profiles for brain development is shown by the fact they are 
present even before the emergence of category-specific responses 
(Kubota et al., 2025; Saygin et al., 2016). Despite these findings, it re
mains unclear whether individual regions within a given 
category-selective network can be distinguished from one another based 
solely on their functional connectivity profiles. That is, do connectivity 
profiles reveal a finer-grained organisation reflecting the distinct 
computational roles of regions within these networks?

A range of evidence demonstrates substantial and quantifiable in
dividual differences in visual perception. For example, face recognition 
ability varies dramatically across the population, from people with 
developmental prosopagnosia to those who are ‘super-recognizers’ 
(Duchaine and Nakayama, 2006; Russell et al., 2009; White and Burton, 
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2022). Parallel work in scene perception shows similar variability across 
individuals (Clark and Maguire, 2023; Wang et al., 2024). Patterns of 
whole-brain connectivity have been shown to vary systematically across 
individuals (Finn et al., 2015; Shen et al., 2017). Such patterns have 
been referred to as “connectivity fingerprints”, which are capable of 
identifying individuals within a large group. Connectivity fingerprints 
are also predictive of human behaviour and cognition, underscoring 
their relevance to brain function (Beaty et al., 2018; Rosenberg et al., 
2016). Nevertheless, previous research has focussed on connectivity 
fingerprints measured on a global scale across the whole brain. It 
therefore remains unclear to what extent the connectivity profiles of the 
face and scene processing networks specifically are idiosyncratic.

In the present study, we examine patterns of functional connectivity 
among core regions of the face and scene networks during naturalistic 
movie viewing (Finn, 2021) and resting-state (Raichle, 2015) condi
tions. Specifically, we ask: (1) Are connectivity profiles of the face and 
scene networks idiosyncratic within individuals? (2) Do individual re
gions within these networks exhibit distinct and dissociable connectivity 
profiles? (3) To what extent are connectivity patterns of these networks 
modulated by task context or stimulus content? By probing these 
questions, we aim to advance our understanding of the functional ar
chitecture and network-level organisation of high-level visual cortex.

2. Methods

Details of the datasets and pre-processing pipelines reported here 
have been adapted from Watson and Andrews (2024). In all statistical 
tests we employ an α = .05 criterion for statistical significance. Effect 
sizes for paired-samples tests are reported in units of Cohen’s dav, in 
which the mean of the pairwise differences is divided by the mean of the 
standard deviations of the two measures (Lakens, 2013).

2.1. Datasets

We obtained MRI data from three datasets – one dataset collected 
“in-house” (Game of Thrones) plus two further publicly available MRI 
datasets (StudyForrest and the Human Connectome Project).

2.1.1. Game of Thrones
This dataset was collected “in-house” and has been described pre

viously in Noad et al. (2024). The dataset is publicly available on 
OpenNeuro (https://openneuro.org/datasets/ds004848). We tested 45 
neurologically healthy participants with normal or corrected-to-normal 
vision (15 male, 30 female, age range = 18-32, median age = 19). 
Written consent was obtained from all participants, and the study was 
approved by the ethics committee of the York Neuroimaging Centre at 
the University of York (ethics code: P1442).

MRI data were collected at the York Neuroimaging Centre on a 3T 
Siemens Magnetom Prisma scanner using a 64-channel head coil. 
Functional data were acquired from 60 axial slices using a multiband EPI 
sequence (TR = 2 s, TE = 30 ms, FOV = 240 × 240 mm, matrix size = 80 
× 80, 3 mm3 isotropic voxels, flip angle = 80◦, anterior-posterior phase 
encoding direction, multiband acceleration factor = 2). Additional field- 
map images were acquired in the same plane as the functional images 
(TR = 554 ms, short TE = 4.9 ms, long TE = 7.38 ms, flip angle = 60◦, 
other parameters as per functional images). Finally, high-resolution T1- 
weighted anatomical images were acquired from 176 sagittal slices (TR 
= 2.3 s, TE = 2.26 ms, FOV = 256 × 256 mm, matrix size = 256 × 256, 1 
mm3 isotropic voxels, flip angle = 8◦).

Participants completed two functional scans. In the first scan, par
ticipants passively viewed a naturalistic movie containing short audio
visual clips (lasting between 50 and 117 s; total duration = 12 min 58 s) 
taken from the Game of Thrones television series. Videos were presented 
at the full resolution of the screen (1920 × 1080 pixels, subtending 
approximately 38.7◦ × 22.3◦ visual angle). The second scan was a 
category localiser including images of faces, scenes, and phase 

scrambled faces, presented in a block design. Each block comprised 4 
images from a given condition, presented sequentially (600 ms duration, 
200 ms ISI) followed by a 6 s blank period. A mid-grey screen was dis
played during the ISIs and blank periods. Nine blocks were included for 
each condition (27 blocks total, 4 min 4 s scan duration). Participants 
performed an orthogonal task detecting occasional changes in the colour 
of the fixation cross (responding via a button press) to maintain atten
tion. Face images were obtained from the Radboud face database 
(Langner et al., 2010) and displayed on a grayscale pink noise back
ground. Scene images were obtained from the SUN database (Xiao et al., 
2010). All images subtended 8.4◦ degrees of visual angle. Stimuli were 
back-projected onto an in-bore screen at a viewing distance of approx
imately 57 cm. Stimuli were presented in PsychoPy v3.1.5 (Peirce et al., 
2019).

2.1.2. StudyForrest
Movie-watching and functional localiser data for 15 participants 

were obtained from the StudyForrest MRI dataset (Hanke et al., 2014, 
2016; Sengupta et al., 2016; https://www.studyforrest.org). In brief, the 
movie-watching paradigm comprised passive viewing of approximately 
2 h of audiovisual clips from the Forrest Gump movie. The functional 
localiser included images of human bodies, human faces, houses, inan
imate objects, scenes, and phase scrambled versions of those images, all 
presented within a block design. High-resolution T1-and T2-weighted 
anatomical images were also acquired. All data were acquired on a 3T 
Philips Achieva MRI scanner. Full details are provided in (Hanke et al., 
2016; Sengupta et al., 2016).

2.1.3. Human Connectome Project
Movie-watching, resting-state, and task fMRI data were obtained 

from the Human Connectome Project (HCP; Van Essen, Ugurbil, et al., 
2012). We employed a subset of 174 participants from the S1200 release 
who fully completed all resting-state and movie-watching scans. Three 
participants had missing task data and were omitted from functional 
localiser analyses (leaving n = 171). A list of the participants is provided 
in Supplementary Table 1.

Resting-state and movie-watching data were acquired on a 7T 
Siemens Magnetom MRI scanner. The movie-watching data included 
four scan runs (lasting between 11 and 14 min) during which partici
pants passively viewed audiovisual clips taken from independent and 
Hollywood movies (Cutting et al., 2012). The resting-state data included 
four scan runs (each lasting approximately 16 min) in which participants 
viewed a fixation cross on a blank background with their eyes open.

Task fMRI data were acquired on a 3T Siemens Skyra MRI scanner 
with a customised gradient coil. We used data from the working memory 
task for the purposes of localising face- and scene-selective brain re
gions. Participants viewed images of human bodies, human faces, 
scenes, and tools while performing a 0-back or 2-back recognition task. 
Full details of all HCP datasets can be found in the WU-Minn HCP S1200 
Data Release reference manual.

2.2. Pre-processing

2.2.1. Game of Thrones and StudyForrest
Both the Game of Thrones and StudyForrest datasets were pre- 

processed using FSL (Jenkinson et al., 2012). Initial pre-processing 
was performed in FEAT. Pre-processing of the localiser data included 
the following steps: motion correction using MCFLIRT (Jenkinson et al., 
2002), slice-timing correction, non-brain removal using BET (Smith, 
2002), spatial smoothing using a Gaussian kernel (FWHM = 6 mm, twice 
the voxel size), grand-mean intensity normalisation by a single multi
plicative factor, and high-pass temporal filtering. Filter bandwidths 
were set at σ = 25 s and σ = 24 s for the Game of Thrones and Study
Forrest localiser datasets respectively.

Pre-processing of the movie-watching data followed the same pipe
line as the localiser data, but included two additional denoising steps 
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intended to mitigate the effects of head motion. Firstly, an ICA-based 
denoising strategy was applied prior to the temporal filtering but 
following all other pre-processing steps. MELODIC (Beckmann and 
Smith, 2004) estimated spatiotemporal independent components from 
the data, then ICA-AROMA (Pruim et al., 2015) identified noise com
ponents associated with head motion and regressed them out of the data. 
We used an aggressive denoising strategy, whereby all variance associ
ated with noise components was removed. High-pass temporal filtering 
(σ = 50 s) was applied after the ICA denoising. Secondly, a 
component-based (CompCor) denoising strategy (Behzadi et al., 2007) 
was applied to remove CSF-related components. Tissue segmentations 
were derived from the high resolution anatomical images (T1-weighted 
for Game of Thrones, and T1-and T2-weighted for StudyForrest) using 
FSL’s FAST tool (Zhang et al., 2001). A mask of CSF voxels was gener
ated by transforming the partial volume estimates to the functional 
volumes then thresholding at 90% and binarising. The mean and first 4 
principal component timeseries from the CSF voxels were then regressed 
out of the functional data.

FSL’s BET tool was used to remove non-brain material from the high- 
resolution T1 anatomical images. Functional images were then co- 
registered to the T1 anatomical images via boundary-based registra
tion (Greve and Fischl, 2009). For the Games of Thrones dataset, 
field-maps were used to additionally apply B0 unwarping to the func
tional images. Anatomical images were then registered to the MNI152 
brain via a nonlinear registration using FNIRT (Andersson et al., 2010).

2.2.2. Human Connectome Project
The HCP data were obtained following application of the HCP min

imal pre-processing pipeline (Glasser et al., 2013; Smith et al., 2013) 
including ICA-based denoising. Briefly, this includes gradient distortion 
correction, motion correction, high-pass temporal filtering (σ = 1000 s), 
and automated removal of noise components via FSL’s FIX tool 
(Salimi-Khorshidi et al., 2014). Cortical data were registered to the 
fsLR32k standard surface (Van Essen, Glasser, et al., 2012) via a multi
modal surface-based alignment (MSMAll; Robinson et al., 2014; 2018) 
which incorporates information about cortical folding, resting-state 
network and visuo-topic maps, and areal features derived from myelin 
maps. We applied additional surface-based spatial smoothing on top of 
that performed in the minimal pipeline to achieve an effective FWHM of 
3.2 mm for resting-state and movie-watching data, and 4 mm for task 
data (twice the voxel resolution). For the task data, we additionally 
applied a more stringent high pass temporal filter (σ = 100 s).

2.3. Regions of interest

2.3.1. Face and scene-selective regions
We functionally defined group-level regions of interest (ROIs) for the 

core face-selective (Occipital Face Area [OFA], Fusiform Face Area 
[FFA], Superior Temporal Sulcus [STS]) and scene-selective regions 
(Occipital Place Area [OPA], Parahippocampal Place Area [PPA], Ret
rosplenial Complex [RSC]). Supplementary Fig. 1 shows the locations of 
the face- and scene-selective ROIs in each dataset. A summary of the 
location and size of each ROI is provided in Supplementary Table 2.

We analysed the Game of Thrones and StudyForrest data using FEAT. 
Boxcar regressors for each condition (Game of Thrones: faces, scenes, 
and scrambled faces; StudyForrest: bodies, faces, houses, objects, scenes, 
and scrambled) were convolved with a single-gamma hemodynamic 
response function. These regressors were entered a first-level GLM 
analysis (Woolrich et al., 2001) alongside their temporal derivatives and 
six head motion confound regressors. Face-selective contrasts were 
defined as “faces > (scenes + scrambled faces)” for Game of Thrones and 
“faces > (scenes + houses)” for StudyForrest. Conversely, 
scene-selective contrasts were defined as “scenes > (faces + scrambled 
faces)” for the Game of Thrones and “(scenes + houses) > faces” for 
StudyForrest. For the StudyForrest dataset only, first-level parameter 
estimates were averaged over scan runs by higher-level fixed effects 

analyses (Woolrich et al., 2004). Individual estimates were then com
bined over subjects by a higher-level mixed-effects analysis using 
FLAME. ROIs were defined using a custom clustering algorithm applied 
to the face- and scene-selective statistical maps. Peak voxels within each 
of the target regions were defined as seeds, and the algorithm iteratively 
adjusted the statistical threshold to derive clusters of 250 spatially 
contiguous voxels (2000 mm3) around the seeds. Actual cluster sizes 
varied slightly as an optimal solution was not always possible. Finally, 
group level ROIs were transformed from the MNI volume to each par
ticipant’s functional volume.

We analysed the HCP task data using scripts from the HCP analysis 
pipelines (https://github.com/Washington-University/HCPpipelines; 
Glasser et al., 2013), which internally use FEAT. In the working memory 
task, participants perform a 0-back or 2-back recognition task on images 
from different visual object categories. Category selective regions can be 
localised from these data by contrasting the object categories while 
collapsing over the recognition tasks (Barch et al., 2013). Eight boxcar 
regressors for each condition (bodies, faces, scenes, and tools in each 
task) were convolved with a double-gamma hemodynamic response 
function. These regressors were entered into a first-level GLM analysis 
alongside their temporal derivatives plus twelve confound regressors 
comprising head motion parameters and their temporal derivatives. 
Face-selective responses were localised by the contrast of “faces >
scenes”, and scene-selective responses by the reverse contrast. Param
eter estimates were averaged over scan runs within each participant by 
higher-level fixed-effects analyses, and then further over participants by 
a higher-level mixed-effects analysis using FLAME. ROIs were defined on 
the cortical surface using a custom clustering algorithm to derive 500 
mm2 clusters of spatially contiguous vertices around the peak vertices 
for each face and scene region.

2.3.2. Cortical parcellation
We also obtained a whole-brain parcellation from the Schaefer atlas, 

which divides the cortex into a series of functionally distinct parcels 
based on resting-state functional connectivity (Schaefer et al., 2018). We 
used the 200-area version of this parcellation (100 parcels in each 
hemisphere) as this has previously been shown to maximise functional 
differences between parcels (Zhi et al., 2022). For the Game of Thrones 
and StudyForrest datasets, cortical surfaces for each subject were 
reconstructed from their anatomical scans using Freesurfer (Dale et al., 
1999). The parcellation was transformed from the fsaverage surface to 
each subject's native surface, and then further projected back into their 
functional volumes. For the HCP datasets, we used the parcellation as 
provided on the fsLR32k surface.

2.4. Functional connectivity analyses

2.4.1. Measuring split-half connectivity
Connectivity analyses were performed in the native functional vol

umes for the Game of Thrones and StudyForrest datasets, and in the 
fsLR32k standard space for the HCP datasets. The pre-processed and 
denoised functional timeseries from the movie-watching and resting- 
state scans were converted to units of percent signal change. The 
timeseries were then divided into two independent splits of each dataset. 
For the Game of Thrones dataset, which contains only a single scan run, 
timeseries were split between the first and second halves of the scan run. 
For the StudyForrest and HCP datasets, timeseries were concatenated 
over odd and even scan runs separately. Timeseries were then averaged 
over grayordinates within each of the face and scene regions and the 200 
Schaefer parcels. For each data split independently, functional connec
tivity was measured by correlating the averaged timeseries of each face 
and scene region with the averaged timeseries for each parcel. This 
produced a series of correlation/connectivity matrices for each subject 
and data split, with 6 face or scene regions (across both hemispheres) 
represented in the rows and 200 parcels (across both hemispheres) 
represented in the columns. All correlations were converted to units of 
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Fisher’s z prior to further analysis.

2.4.2. Comparing fingerprints between subjects
We tested the ability to individuate subjects using the split-half 

connectivity fingerprints of the face and scene networks. For each sub
ject, their connectivity matrices (between the 6 face/scene regions and 
200 Schaefer parcels) were correlated across the data splits both with 
their own matrix from the other data split (within-subject comparison) 
and with the matrices from each of the other subjects in the same dataset 
(between-subject comparisons).

We performed two analyses to individuate subjects. We first con
ducted a parametric analysis. For each subject, the between-subject 
correlations were averaged over the other subjects and data splits, 
such that each subject was allocated a within-subject correlation and an 
average between-subject correlation. We then used paired-samples t- 
tests to contrast the within-subject versus average between-subject 
correlations across subjects.

Secondly, we performed classification analyses, applying two alter
native classification strategies. We conducted a pairwise classification 
analysis that compared each pair of subjects in turn. For a given subject, 
we compared their within-subject correlation against their between- 
subject correlations with each of the other subjects in turn. For each 
comparison, the subject was considered correctly classified if their 
within-subject correlation was higher than the between-subject corre
lation. This produced a total of 2(N− 1) binary values (one for each data 
split and between-subject comparison), which were averaged together 
to produce an overall proportion decoding accuracy for that subject. We 
also repeated this analysis using a one-versus-rest classification strategy, 
in which a subject was only considered correctly classified if their 
within-subject correlation was higher than all their correlations with the 
other subjects. For each subject, this produced two binary values (one 
per data split) which were averaged together. Thus, the expected chance 
level is 50% accuracy under the pairwise strategy, and 100/N percent 
accuracy in the one-versus-rest strategy. For both strategies, statistical 
significance was assessed using permutation testing. The order of sub
jects was randomly shuffled in each data split independently, then 
decoding accuracies were calculated as described above and averaged 
over subjects. This was repeated for 10,000 permutations to derive an 
empirical null distribution (including the “true” permutation, without 
shuffling the subjects). Statistical significance was defined by the pro
portion of values in the null distribution greater than or equal to the true 
group average accuracy.

In assessing statistical significance for both the parametric and 
classification analyses, a Holm-Bonferroni correction for multiple com
parisons (Holm, 1979) was applied over the face/scene networks and 
the 4 datasets (8 comparisons).

2.4.3. Comparing region-level fingerprints
We next adapted our approach to compare split-half connectivity 

fingerprints for individual regions within the face and scene networks 
separately. Each row of the connectivity matrices represents a region- 
level connectivity fingerprint, measuring the pattern of connectivity 
between a specific face or scene region with each of 200 Schaefer par
cels. We tested the ability to decode individual regions from these 
region-level connectivity fingerprints. For each subject and region, we 
correlated the region-level connectivity fingerprints across the data 
splits. This produced a 6 × 6 asymmetrical matrix of second-order cor
relations (comprising 6 within-region and 30 between-region compari
sons) for each subject. Note that for simplicity, we only considered 
within-subject comparisons for this analysis.

We applied both parametric and classification analyses to decode the 
face and scene regions. In the parametric analysis, the correlations were 
averaged over each of the within-region and between-region compari
sons separately, such that each subject was allocated an average within- 
region and an average between-region correlation. We then used paired- 
samples t-tests to contrast the within-versus between-region correlations 

across subjects.
Next, we again performed classification analyses using both pairwise 

and one-versus-rest strategies. In the pairwise approach, for each subject 
and region we compared the within-region correlation against the 
between-region correlations with each of the other regions in turn. For 
each comparison, the region was considered correctly classified if the 
within-region correlation was higher than the between-region correla
tion. This produced a total of 60 binary values (one for each of the 30 
region pairings and data splits), which were averaged together to pro
duce an overall proportion decoding accuracy for that subject. With the 
one-versus-rest strategy, a region was only considered correctly classi
fied if its within-region correlation was higher than all of its correlations 
with the other regions. This produced 12 binary values (one for each of 
the 6 regions and data splits), which were averaged together to yield an 
overall proportion decoding accuracy for that subject. Thus, the ex
pected chance level is 50% accuracy under the pairwise strategy, and 
[100/6 = 16.67%] for the one-versus-rest strategy. Again, statistical 
significance was assessed using permutation testing – the order of re
gions was randomly shuffled in each data split independently (applying 
the same random ordering across subjects), then decoding accuracies 
were calculated as described above and averaged over subjects. This was 
repeated for 10,000 permutations to derive an empirical null distribu
tion (including the “true” permutation, without shuffling the regions). 
Statistical significance was defined by the proportion of values in the 
null distribution greater than or equal to the true group average 
accuracy.

In assessing statistical significance for both the parametric and 
classification analyses, a Holm-Bonferroni correction for multiple com
parisons (Holm, 1979) was applied over the face/scene networks and 
the 4 datasets (8 comparisons).

2.4.4. Comparing fingerprints between HCP tasks
Finally, we compared the connectivity fingerprints between subjects 

and within and between the movie-watching and rest-state tasks of the 
HCP dataset. For each subject, their connectivity matrices for each task 
were correlated across the data splits with the other subjects in both 
tasks. These correlations were then grouped into within-movie- 
watching, within-resting-state, and between-task comparisons, and 
averaged within each grouping. This yielded three averaged correlation 
values per subject.

We then conducted further parametric analyses to compare corre
lations across the task combinations. A two-way repeated-measures 
ANOVA was conducted with factors for the network (face, scene) and 
task-comparison (within-movie-watching, within-resting-state, be
tween-task). Effect sizes are reported in units of partial and generalised 
eta squared (Bakeman, 2005; Olejnik and Algina, 2003). We also 
employed a series of post-hoc paired-samples t-tests contrasting each 
pairwise combination of task-comparisons for each network. A 
Holm-Bonferroni correction (Holm, 1979) was applied over the 3 pair
wise combinations and face/scene networks (6 comparisons).

3. Results

We measured the functional connectivity of face- and scene-selective 
regions to 200 cortical parcels across the whole brain (Schaefer et al., 
2018) in three movie-watching datasets (Game of Thrones, Study
Forrest, and HCP – Movie) and one resting-state dataset (HCP – Rest). 
Importantly, face- and scene-selective regions were defined from inde
pendent task-based functional localisers specific to each dataset. Con
nectivity was estimated in two independent splits of each dataset.

The Schaefer parcels can be labelled according to their overlap with 
17 resting-state networks in the Yeo atlas (Yeo et al., 2011). To visualise 
the connectivity fingerprints for each region, we averaged the connec
tivity values over subjects and over parcels within each of these 17 
networks (Fig. 1). Connectivity patterns within each network were 
similar across datasets and between splits within each dataset. Within 
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the face network, the OFA and FFA were preferentially connected with 
early visual and dorsal attention networks. In contrast, the STS showed 
stronger connectivity with the temporoparietal and default mode net
works. Meanwhile, within the scene network, the OPA was preferen
tially connected with early visual and dorsal attention networks, while 
the RSC was more strongly connected with anterior visual, frontopar
ietal control, and default mode networks.

3.1. Individuating subjects

We correlated the connectivity fingerprints across the data splits 
within- and between-subjects in each dataset. Fig. 2a illustrates the 
distributions of fingerprint similarities over subjects for within- and 
between-subject comparisons. In all cases, positive correlations were 

observed between connectivity fingerprints for both within- and 
between-subject comparisons. Nevertheless, a series of paired-samples t- 
tests (Table 1) indicated that fingerprints were significantly more similar 
within than between-subjects (all p < .001). Notably, the high within- 
subject correlations also demonstrate high split-half reliability of the 
connectivity fingerprints.

We also applied a classification analysis to individuate subjects from 
the connectivity fingerprints. Using a pairwise decoding strategy, we 
compared each subject’s within-subject correlation against their 
between-subject correlation with each other subject in turn. A com
parison was considered correctly classified if the within-subject corre
lation was higher than the between-subject correlation. The accuracies 
were then averaged over comparisons within each subject. Fig. 2b il
lustrates the mean and confidence intervals of these accuracies over 

Fig. 1. Functional connectivity fingerprints of (a) face and (b) scene-selective regions with the 200-area Schaefer parcellation of the cortex (Schaefer et al., 2018), 
averaged over subjects and over parcels in each of 17 resting-state networks (Yeo et al., 2011). Connectivity was estimated separately for two independent splits of 
each of the Game of Thrones, StudyForrest, and HCP movie-watching and resting-state datasets. Locations of parcels, colour-coded by the 17 resting-state networks, 
are illustrated along the bottom. (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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subjects. Classification accuracies appeared close to ceiling perfor
mance, and permutation tests confirmed that all accuracies were 
significantly above chance performance (all p < .001; Supplementary 

Fig. 2a). For a stricter test of classification performance, we also 
employed a one-versus-rest decoding strategy in which a given subject 
would only be correctly classified if their within-subject correlation was 
higher than all their between-subject correlations (Supplementary 
Fig. 3a). While classification accuracies were often lower than when 
using the pairwise decoding strategy – especially in the larger HCP 
dataset – they all remained significantly above chance performance (all 
p < .001; Supplementary Fig. 2b).

Thus, while connectivity fingerprints of face and scene networks 
with the rest of the brain showed substantial commonalities across 
participants, they also included idiosyncrasies sufficient to reliably 
individuate subjects.

3.2. Decoding face and scene regions

Each row of the connectivity matrices provides a region-level con
nectivity fingerprint, representing the pattern of functional connectivity 

Fig. 2. Individuation of subjects by connectivity fingerprints of face and scene networks. Connectivity fingerprints were correlated within and between subjects 
across the data splits. (a) Violin plots illustrate distributions of within-subject and average between-subject correlations over subjects. Asterisks denote significant 
within versus between-subject correlation differences as determined by paired-samples t-tests (all p < .001). (b) Decoding accuracy using pairwise classification 
strategy. For each subject, an overall accuracy is calculated over a series of classifications testing if their within-subject correlation is higher than their correlation 
with each other subject in turn. Bars illustrate means and 95% confidence intervals over subjects. Asterisks denote significant decoding accuracies determined by 
permutation testing (all p < .001). The dashed line indicates the expected chance level.

Table 1 
Paired-samples t-tests contrasting within-subject > between-subject connectiv
ity fingerprint correlations.

Network Dataset Cohen’s dav t DoF p

Face GoT 5.22 29.79 44 <.001
StudyForrest 11.18 30.02 14 <.001
HCP (Movie) 3.57 38.14 173 <.001
HCP (Rest) 3.42 31.99 173 <.001

Scene GoT 4.63 31.77 44 <.001
StudyForrest 5.83 17.82 14 <.001
HCP (Movie) 2.73 30.10 173 <.001
HCP (Rest) 3.09 28.35 173 <.001

Fig. 3. Identifying regions within face and scene networks by region-level connectivity fingerprints. Connectivity fingerprints were correlated within and between 
regions in the face and scene networks. (a) Correlations were averaged over within and between-region pairings for each subject. Violin plots illustrate distributions 
of these correlations across subjects. Asterisks denote significant within versus between-region correlation differences as determined by paired-samples t-tests (all p 
< .001). (b) Decoding accuracy using pairwise classification strategy. For each subject, an overall accuracy is calculated over a series of classifications testing if each 
within-region correlation is higher than the correlation with each other region in turn. Bars illustrate means and 95% confidence intervals over subjects. Asterisks 
denote significant decoding accuracies determined by permutation testing (all p < .01). The dashed line indicates the expected chance level.
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for a specific face or scene region with the cortical networks throughout 
the brain. We correlated these region-level fingerprints across the data 
splits within and between regions for each subject. Supplementary Fig. 4
shows matrices illustrating the group-average correlations between each 
pairing of regions. We averaged the fingerprint correlations over within- 
region and between-region pairings for each subject. Fig. 3a illustrates 
the distributions of these averaged correlations over subjects. A series of 
paired-samples t-tests (Table 2) confirmed that the within-region cor
relations were significantly higher than between-region correlations (all 
p < .001).

We next performed classification analyses of the region-level con
nectivity fingerprints. We first adopted a pairwise decoding strategy, 
comparing the within-region correlation for each region against its 
between-region correlations with each other region in turn. A compar
ison was considered correctly classified if the within-region correlation 
was higher than the between-region correlation. These accuracies were 
then averaged over all region pairings within each subject. Fig. 3b il
lustrates the means and confidence intervals of the accuracies over 
subjects. The accuracies appeared close to ceiling performance, and 
permutation tests confirmed that they were all significantly above 
chance performance (all p < .01; Supplementary Fig. 2c). A stricter test 
of classification performance was also obtained using a one-versus-rest 
strategy, in which a region was only considered correctly classified if 
its within-region correlation was higher than all its between-region 
correlations (Supplementary Fig. 3b). Classification accuracies were 
lower than with the pairwise strategy but nevertheless remained 
significantly above chance (all p < .05; Supplementary Fig. 2d).

Thus, the connectivity fingerprints of the face and scene regions with 
the rest of the brain were regionally specific, sufficient to reliably 
differentiate regions within each network.

3.3. Comparing HCP tasks

Finally, we compared connectivity fingerprints across the movie- 
watching and resting-state tasks between subjects in the HCP dataset. 
Critically, each of these tasks comprise the same subjects, were acquired 
with the same scan parameters, and use the same preprocessing pipeline 
and ROI definitions – they differ only in terms of the task itself. For each 
HCP subject and task, we correlated their connectivity fingerprints 
across the data splits with other subjects’ fingerprints for both tasks. 
These correlations were then averaged for within-movie-watching, 
within-resting-state, and between-task comparisons in each subject. 
Note that the within-task comparisons here are equivalent to the 
between-subject comparisons presented in the analyses of individual 
differences (cf. Fig. 2a).

Fig. 4 shows the distributions of within-movie-watching, within- 
resting-state, and between-task correlations over subjects. For both the 
face and scene networks, strong positive correlations were observed in 
all task comparisons, indicating clear commonalities in connectivity 
fingerprints derived from movie-watching and resting-state. Neverthe
less, the connectivity fingerprints also appeared more similar for within- 
than between-task comparisons, thereby also showing task-specific 
contributions. A repeated-measures ANOVA revealed a significant 

main effect of network (F(1, 173) = 1835.78, p < .001, η2
P = .91, η2

G =

.62) due to overall higher correlations for the scene network. There was 
also a significant main effect of task-comparison (F(1.85, 320.41) =
2664.23, p < .001, η2

P = .94, η2
G = .65); a series of paired-samples t-tests 

revealed correlations were significantly higher for the within-movie- 
watching comparisons, followed by within-resting-state comparisons, 
then between-task comparisons (all p < .001; Table 3). There was also a 
significant task-comparison by network interaction (F(1.69, 292.29) =
206.59, p < .001, η2

P = .54, η2
G = .04) because the differences between 

task-comparisons were larger for the face than scene network.
To further test how connectivity fingerprints generalise across tasks, 

we repeated our previous analyses individuating subjects and decoding 
face/scene regions, only now correlating the connectivity fingerprints 
between the HCP tasks (Supplementary Fig. 5). Although decoding per
formance was reduced relative to the within-task analyses (cf. Figs. 2 
and 3, Supplementary Fig. 3), it nevertheless remained highly 
significant.

Thus, the connectivity fingerprints of the face and scene regions were 
consistent between subjects, and across movie-watching and resting- 

Table 2 
Paired-samples t-tests of region-level connectivity fingerprint correlations, 
contrasting within-region > between-region.

Network Dataset Cohen’s dav t DoF p

Face GoT 2.85 31.66 44 <.001
StudyForrest 7.99 24.17 14 <.001
HCP (Movie) 4.05 60.96 173 <.001
HCP (Rest) 2.67 37.66 173 <.001

Scene GoT 3.98 34.56 44 <.001
StudyForrest 7.39 26.59 14 <.001
HCP (Movie) 3.65 62.42 173 <.001
HCP (Rest) 4.53 44.23 173 <.001

Fig. 4. Between-subject correlations of connectivity fingerprints within and 
between tasks in the HCP dataset. For each subject and task, connectivity fin
gerprints were correlated with other subjects in both tasks, then averaged for 
within-movie-watching, within-rest-state, and between-task comparisons. 
Violin plots illustrate the distributions of these averaged correlations over 
subjects. The different task-comparisons were contrasted against each other 
using paired-samples t-tests – asterisks indicate significant differences (all p 
< .001).

Table 3 
Paired-samples t-tests contrasting between-subject correlations of connectivity 
fingerprints in the HCP dataset across the different task comparisons.

Network Contrast Cohen’s 
dav

t DoF p

Face Within-Movie > Within-Rest 4.28 46.67 173 <.001
Within-Movie > Between- 
Task

6.97 72.96 173 <.001

Within-Rest > Between-Task 1.89 21.76 173 <.001
Scene Within-Movie > Within-Rest 2.70 29.02 173 <.001

Within-Movie > Between- 
Task

5.30 56.03 173 <.001

Within-Rest > Between-Task 2.01 25.19 173 <.001
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state tasks, but also included task-specific variation. Fingerprints were 
more similar for within-task than between-task comparisons – especially 
within the movie-watching task. Furthermore, patterns in the connec
tivity fingerprints, which identify individual subjects and brain regions, 
also generalised across the tasks.

4. Discussion

In this study, we analysed multiple fMRI datasets, including both 
movie-watching and resting-state paradigms, to characterise the func
tional connectivity profiles of core face- and scene-selective cortical 
regions across the brain. Connectivity fingerprints were highly repro
ducible across independent data splits and were more similar within 
than between individuals, highlighting their idiosyncratic nature. 
Region-level fingerprints also reliably distinguished individual regions 
within each network. Furthermore, while core features of the finger
prints were preserved across movie-watching and resting-state tasks, 
they also exhibited systematic variations as a function of task.

The distinct patterns of connectivity between face- and scene- 
selective regions and the rest of the brain provide distinct “finger
prints” for each network. While connectivity profiles showed substantial 
similarity across participants, they were markedly more consistent 
within individuals. These idiosyncratic features align with previous 
demonstrations that whole-brain connectomes can reliably identify in
dividuals and predict individual differences in cognition and behaviour 
(Beaty et al., 2018; Finn et al., 2015; Kröll et al., 2023; Rosenberg et al., 
2016; Shen et al., 2017). Our approach complements these insights by 
showing that idiosyncratic connectivity extends to category-selective 
visual regions, suggesting that individual differences in face and scene 
perception may be reflected in these neural connectivity signatures.

We also found distinct region-level connectivity profiles, demon
strating that functional differences between regions within the face and 
scene networks are also reflected in distinct patterns of connectivity of 
each region with the rest of the brain. This accords with previous studies 
demonstrating that the connectivity profiles of voxels in the ventral 
stream are predictive of their anatomical locations and functional tun
ings to visual objects (Molloy et al., 2024; Osher et al., 2016; Saygin 
et al., 2012). More generally, these results underscore how the func
tional specialisations of brain regions are underpinned by their con
nectivity with wider networks across the brain (Passingham et al., 
2002).

The connectivity patterns revealed in this study imply that higher- 
level aspects of face and scene processing depend on extended net
works of regions throughout the brain. Recent studies have shown that 
regions in the medial parietal and anterior temporal cortices are 
involved in the recognition and mental imagery of familiar people and 
places (Silson et al., 2019; Steel et al., 2021). Meanwhile, posterior 
parietal cortices have been linked to processing egocentric motion 
through scenes (Kennedy et al., 2024; Yoon et al., 2025), and the medial 
temporal lobes are important for navigation and memory for places 
(Epstein and Baker, 2019). Similarly, regions in the anterior temporal 
lobes and prefrontal cortex have been implicated in higher-level pro
cessing of faces, such as representing personal identity or extracting 
social cues from faces (Duchaine and Yovel, 2015). Future research 
could investigate how the connectivity fingerprints of these extended 
regions track their functional specialisations and individual differences 
in behaviour. More generally, our methods could be extended to 
differentiate connectivity fingerprints between regions in many other 
networks throughout the brain beyond the face and scene processing 
networks.

The distinct connectivity profiles we show for different regions 
within the face network align with established models of functional 
specialization. The OFA and FFA displayed preferential connectivity 
with early visual and dorsal attention networks, while the STS was more 
strongly connected with temporoparietal and default mode networks. 
These findings converge with previous work demonstrating weaker 

connectivity between the STS and ventral face-selective regions 
(Davies-Thompson and Andrews, 2012; Gschwind et al., 2012; Pyles 
et al., 2013), supporting contemporary models proposing divisions be
tween a ventral pathway processing invariant facial features and a 
dorsal pathway processing dynamic facial information (Bernstein and 
Yovel, 2015; Duchaine and Yovel, 2015; Pitcher and Ungerleider, 2021). 
Meanwhile, for scene-selective regions, our results reinforce a functional 
distinction between a posterior network (e.g., OPA) linked with early 
visual and dorsal parietal networks, and an anterior network (e.g., RSC) 
associated with frontoparietal control and default mode networks, with 
each network converging in the PPA (Baldassano et al., 2016; Watson 
and Andrews, 2024). This functional segregation is consistent with ev
idence suggesting that different regions contribute to distinct aspects of 
scene processing, including recognition (PPA), egocentric navigation 
(OPA), and allocentric navigation (RSC) (Dilks et al., 2022; Julian et al., 
2018).

Abstracting our analyses to the level of connectivity fingerprints 
allowed us to compare connectivity even when the underlying neural 
fluctuations were unrelated, such as across independent data splits or 
across different movie-watching or resting-state tasks. We found that 
patterns of connectivity were consistent across the datasets despite dif
ferences in participant groups, acquisition parameters, preprocessing 
pipelines, use of both movie-watching and resting-state paradigms 
(including different movie content, and different durations of scans), 
and slight variations in ROI definitions from independent localisers 
unique to each dataset. This demonstrates the connectivity fingerprints 
were robust to many methodological differences that may vary between 
experiments.

Nevertheless, we also observed stimulus-specific variation between 
the movie-watching and resting-state tasks in the Human Connectome 
Project. Importantly, these tasks comprised identical participants, 
acquisition parameters, preprocessing pipelines, and ROI definitions, 
thereby allowing us to isolate the effects of task from other extraneous 
variables varying between the datasets. Connectivity fingerprints were 
generally more similar within than between tasks – especially in the case 
of movie-watching. These results align with prior studies reporting 
robust yet stimulus-sensitive patterns of whole-brain connectivity across 
naturalistic and resting-state conditions (Kim et al., 2018; Lynch et al., 
2018). Furthermore, they underscore the benefit of naturalistic viewing 
paradigms for studying brain function and connectivity (Finn, 2021; 
Rajimehr et al., 2024). Together, these findings highlight that while 
functional connectivity fingerprints of the face and scene networks are 
robust, they are also influenced by the stimulus, underscoring the 
modulatory role of task context in the response of visual networks. 
Future research might also examine how connectivity fingerprints are 
modulated by attention and task demands (Baldauf and Desimone, 
2014; Harel et al., 2014).

5. Conclusion

In summary, we demonstrate that face- and scene-selective cortical 
regions exhibit distinct, individualised, and context-sensitive functional 
connectivity fingerprints. These findings are consistent with the idea 
that the functional properties of individual brain regions are closely 
linked to their unique pattern of connections with the rest of the brain. 
Connectivity fingerprints reveal both the common architecture and in
dividual variability that shape category-selective processing in the 
human brain. Our findings also underline the need to consider task and 
stimulus context when interpreting the functional responses of category- 
selective networks.
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