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Object fine-grained discrimination as a
sensitive cognitive marker of
transentorhinal integrity
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The transentorhinal cortex (tErC) is one of the first regions affected by Alzheimer’s disease (AD), often
showing changes before clinical symptoms appear. Understanding its role in cognition is key to
detecting early cognitive impairments in AD. This study tested the hypothesis that the tErC supports
fine-grained representations of unique individual objects, sensitively to the granularity of the
demanded discrimination, influencing both perceptual and mnemonic functions. We examined the
tErC’s role in object versus scene discrimination, using objective (based on a pretrained convolutional
neural network,CNN) andsubjective (human-rated)measuresof visual similarity.Our results show that
the structural integrity of the tErC is specifically related to the sensitivity to visual similarity for objects,
but not for scenes. Importantly, this relationship depends on how visual similarity is measured: it
appears onlywhenusingCNNvisual similaritymeasures in perceptual discrimination, and solelywhen
using subjective similarity ratings in mnemonic discrimination. Furthermore, in mnemonic
discrimination, object sensitivity to visual similarity was specifically associated with the integrity of
tErC-BA36 connectivity, only when similarity was computed from subjective ratings. Altogether, these
findings suggest that discrimination sensitivity to object visual similarity may represent a specific
marker of tErC integrity after accounting for the type of similarity measured.

Alzheimer’s disease (AD)neuropathology is characterisedbyneurofibrillary
tau tangles and abnormal accumulation of amyloid-β (Aβ) plaques, pro-
gressing along a typical topographical route. Aβ accumulates from stage 1 in
medial parietal structures, connected to the hippocampus via the entorhinal
cortex. Several years before Aβ accumulation, neurofibrillary tau deposits
start in the medial temporal lobe (MTL), specifically in the transentorhinal
cortex (tErC), encompassing the medial portion of the perirhinal cortex
(Brodman area (BA) 35) and the antero-lateral portion of the entorhinal
cortex (alErC)1. These deposits then extend to other regions of the MTL
including the hippocampus2–4. Tau deposits have been associated with
concomitant cell loss andneuronal atrophy in the respective brain regions in
incipient AD3,5–8.

In addition, AD affects the dense pattern of resting-state functional
connectivity typically described within the MTL itself 9, as well as between
the MTL and other cortical and subcortical brain regions10. In the presence
of AD biomarkers, a pattern of hyper-connectivity has been observed in
preclinical stages, followed by hypo-connectivity in subsequent stages,

mirroring tau’s topographical spreading11–14, starting with connectivity
alterations between the tErC region and other regions of theMTL, as well as
with its connected anterior and posterior cortical regions15,16. Such con-
nectivity alterations have been related with increased tau load in cognitively
unimpairedolder adults, and this pattern, in turn, is related to theirmemory
performance15.

However, the biological processes underlyingADneuropathology start
decades before the emergence of clinical symptoms leading toADdiagnosis,
such as the typical AD-related episodic memory impairment17,18, so that
individuals at the preclinical stage 1 of AD remainmostly asymptomatic. In
other words, AD pathology can exist in the brain of older persons without
dementia or mild cognitive impairment.

This is where the quest to improve identification of early cognitive
markers of AD takes place, aiming to target sub-clinical cognitive changes
specifically associated with preclinical AD neuropathology. This quest is
challenged by the fact that the exact function of the tErC region in cognition
is still unclear. Among the different roles attributed to the tErC region, it has

1GIGA Research, CRC Human Imaging, University of Liège, Liège, Belgium. 2PsyNCog Research Unit, Faculty of Psychology, University of Liège, Liège, Belgium.
3CICPSI, Faculty of Psychology, University of Lisbon, Lisbon, Portugal. 4Proaction Laboratory, Faculty of Psychology and Educational Sciences, University of
Coimbra, Coimbra, Portugal. 5CINEICC, Faculty of Psychology and Educational Sciences, University of Coimbra, Coimbra, Portugal.

e-mail: emma.delhaye@uliege.be

Communications Biology |           (2025) 8:800 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-025-08201-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-025-08201-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-025-08201-w&domain=pdf
http://orcid.org/0000-0001-9224-267X
http://orcid.org/0000-0001-9224-267X
http://orcid.org/0000-0001-9224-267X
http://orcid.org/0000-0001-9224-267X
http://orcid.org/0000-0001-9224-267X
http://orcid.org/0000-0002-4556-9490
http://orcid.org/0000-0002-4556-9490
http://orcid.org/0000-0002-4556-9490
http://orcid.org/0000-0002-4556-9490
http://orcid.org/0000-0002-4556-9490
mailto:emma.delhaye@uliege.be
www.nature.com/commsbio


been suggested that it is part of an anterior-temporal (AT) system of con-
nected regions dedicated to object processing, which includes the perirhinal
cortex, amygdala, inferior temporal and fusiform gyri, as well as lateral
orbitofrontal andventral temporopolar cortex.This system isdistinct froma
posterior-medial (PM) system dedicated to scenes and spatial processing,
which involves the retrosplenial cortex, the thalamus, angular gyrus, pre-
cuneus, andposterior cingulate cortex (PCC)19,20.Within theAT system, the
tErC region is argued to support the viewpoint invariant, entity-level,
representation of unique objects (i.e. a unique conjunction of perceptuo-
conceptual features19,21,22). In this framework, the respective scenes- and
objects- systems should be involved in their dedicated level of information
processing and representation, regardless of the cognitive function involved
(e.g. be it episodicmemory or perception21). Based on this idea, we proposed
that entity representation should be specifically affected by changes to the
integrity of the tErC, regardless of the function recruited (episodicmemory,
semantic memory, perception), thereby representing a potential cognitive
marker of the preclinical stage of AD23–25.

Indeed, structural integrity of the tErC region has been shown to
predict performance in older adults on the continuum of AD in a series of
cognitive tasks hypothetically involving entity-level representation (for a
review, see ref. 24), such as viewpoint invariant fine-grained perceptual
discrimination of objects with overlapping features26, intra-item configural
processing27, familiarity-based memory28,29, familiarity for unique entities25,
memory for unitised representations30,31, fine-grained object mnemonic
discrimination32,33,fine-grainedobject conceptual knowledge34,fine-grained
object conceptual discrimination32 and naming of confusable objects35. In
the same vein, decreased fine-grained object mnemonic discrimination was
associated with hypoactivity in the tErC region36–38 and tErC-hippocampus
activity functional imbalance38. Another study showed that decreased fine-
grained object mnemonic discrimination in low-performing older adults is
related to resting-state functional hyperconnectivity between the tErC
region and CA3 of the hippocampus, in relation with increased Aβ
pathology39. Tau levels were also shown to be associated with worse fine-
grained objectmnemonic discrimination in healthy older adults37,40. Finally,
behavioural evidence of impaired performance in tasks known to involve
the tErC, like complex object visual discrimination41–44, short-term con-
junctive binding (see ref. 45 for a review), or fine-grained object naming46,
distinguishes between healthy and ‘at-risk’ older individuals or individuals
in early stages of AD.

Yet, these results all come from different populations, methodologies,
and labs. A necessary step would be to assess the relationship between the
integrity of the tErC and a series of tasks involving entity-level representa-
tion in a single population, which only few studies have done until now26,32.
Here, we aimed at testing multiple functions involving entity-level repre-
sentation, such as fine-grained perceptual discrimination and fine-grained
mnemonic discrimination (versus these same functions but involving scene
representations), to test the hypothesis that the tErC region should be
involved in all tasks requiring that specific type of representation, irre-
spective of the process recruited. Consequently, we expect tErC alterations
to be associated with impaired performance across all tasks involving entity
representations, but not scene representations.Moreover, the novelty of this
study is that we included a measure of objects and scenes visual similarity
when assessing discrimination, as a proxy of the granularity of the dis-
criminative process engaged32.

We assessed fine-grained perceptual discrimination (with an odd-one-
out task, i.e. gold standard in the literature, used in a variety of studies
measuring fine-grained perceptual discrimination47–49) and mnemonic
discrimination (with recognition memory) in 51 nominally healthy older
adults. In this study, we adopted a correlational approach and targeted a
participant group with a broad distribution of cognitive abilities and MTL
integrity. This was based on the considerations that 5 to 10% of cognitively
unimpaired older adults are actually in a preclinical stage of AD, exhibiting
neocortical tau pathology despite the absence of cognitive symptoms50,51,
that tau accumulation in the tErC is associated with regional volume loss7,
and that the presence of mild cognitive impairment, as detected by the

MoCA, is linked to tErC volume reduction52. We related each participant’s
sensitivity to visual similarity to the volume and resting-state functional
connectivity of their MTL regions. Because Deep Convolutional Neural
Network (CNN) has proved increasingly successful inmapping brain visual
representations53,54, we characterised visual similarity between objects vs.
scenes pictures using the AlexNet CNN55, following previous
methodologies53,54,56. CNNs are composed of multiple layers, and as these
layers progress, their nodes become sensitive to increasinglymore complex,
higher-level visual image features, similarly to what is described along the
human ventral visual pathway.Here, we computed an index of sensitivity to
visual similarity by correlating each participant’s trial-by-trial accuracywith
trial-by-trial CNN-based visual similarity measures, following previous
studies32,57.Wealso replicated thismethodusinghumansubjective ratingsof
visual similarity.

The overall aim of the study was to relate early tErC structural and/or
functional alterationswith a series of refined behaviouralmeasures, towards
improving early clinical detection of AD pathology. This, in turn, con-
tributes to informing and refining models of the role of MTL subregions in
cognition. Results showed a specific relationship between participants’
sensitivity to visual similarity and their tErC structural integrity (and BA36
in the memory task) for object discrimination and their postero-medial
entorhinal cortex (pmErC) integrity for scene discrimination. The rela-
tionship with the tErC integrity was, however, dependent on themeasure of
visual similarity used to compute the indices of sensitivity, withfine-grained
perceptual discrimination associated with objective measures of intrinsic
featural similarity, while fine-grained mnemonic discrimination was asso-
ciated with subjective human ratings. In addition, although perceptual
discrimination was associated with an unspecific pattern of resting-state
functional connectivity, regardless of the visual similarity measure, and
whilenon-specificpatternswere also foundusing anobjectivemeasure from
a CNN in relation with mnemonic discrimination, using a subjective
measure of similarity led to specific associations between the integrity of the
connectivity between the tErC and BA36 for objects, and between the
pmErC and CA1 and the parahippocampal cortex (PhC) for scenes.

Results
Fine-grained perceptual discrimination was assessed using an odd-one-out
task, and subsequentfine-grainedmnemonic discriminationwas assessed in
a yes-no recognition test based on the items presented in the odd-one-out
task. The design is illustrated in Fig. 1.

Regions of theMTL, including hippocampal subfields, ErC, BA35 and
BA36 in the left and right hemispheres, were automatically segmented with
the Automatic Segmentation of Hippocampal Subfields toolbox58. In
addition, the ErC was subsequently manually segmented into its postero-
medial andantero-lateral parts followingestablishedprotocol fromprevious
studies52. Intra-rater reliability measures regarding the manual segmenta-
tion of alErC and pmErC were excellent (left alErC: ICC= 0.976, mean
Dice = 0.98 (SD = 0.01); right alErC: ICC = 0.992, mean Dice = 0.98 (SD =
0.01)) and comparable to previous studies25,52,59. See Fig. 2 for an illustration
of the result of the automatic and manual segmentation.

Behavioural performance was well above chance in all tasks (propor-
tion of correct responses in the discrimination task, Mobject = 0.84 (SD =
0.07), t(49) = 76.86, p < 0.001, Cohen’s d = 10.87;Mscene = 0.87 (SD = 0.06),
t(50) = 101.69, p < 0.001, Cohen’s d = 14.24; Hits-False alarms in the
recognition memory task, Mobject = 0.26 (SD = 0.14), t(46) = 12.30,
p < 0.001, Cohen’s d = 1.79; Mscene = 0.48 (SD = 0.14), t(49) = 24.81,
p < 0.001, Cohen’s d = 3.51).

Behavioural analyses
The data plots are presented in Fig. 3. In the odd-one-out task, the GLMM
indicated no main effect of condition (object or scene), χ2 = 0.19, df = 1,
p = 0.66, but a main effect of visual distance, χ2 = 30.87, df = 1, p < 0.001,
according towhich accuracy increased with increased visual distance, and a
significant interaction between condition and visual distance, χ2 = 17.18,
df = 1, p < 0.001. The estimated marginal mean of linear trend for visual
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distance was positive for objects (0.32) but not for scenes (−0.05), meaning
that discrimination accuracy significantly increased as visual distance
increased for objects, but the effect was not significant for scenes. The same
analysis using the measure of visual distance judged by human raters
showed a similar pattern of results, with, in addition, a main effect of con-
dition according to which scenes are better discriminated than objects (see
Supplementary Results and Supplementary Fig. 4).

In the recognitionmemory task, not taking visual distance into account
in the analysis on the hits (i.e. correct recognition of targets; as the targets
always had a 0 visual distance with themselves), paired samples t-tests

showed no significant difference in hit rates between objects and scenes,
t(46) = 1.79, p = 0.08, Cohen’s d = 0.26. However, the Hits-False alarms
mnemonic discrimination measure revealed a significant difference
between objects and scenes, t(46) = 10.78, p < 0.001, Cohen’s d = 1.57, with
scenes yielding better performance than objects. The GLMM on correct
rejections indicated amain effect of condition (object or scene), χ2 = 172.82,
df = 1, p < 0.001, with greater correct rejections of lures for scenes than
objects (Mobject = 0.46; Mscene = 0.74), a main effect of visual distance,
χ2 = 52.36, df = 1, p < 0.001, according to which correct rejections increased
with increased visual distance between the lure and itsmatched target, and a

Fig. 1 | Illustration of objects and scenes condi-
tions in the odd-one-out and in the recognition
memory tasks. Illustration of objects and scenes
trials in the odd-one-out (N = 48 trials per condi-
tion) and in the recognitionmemory (N = 48 old and
N = 48 new items per condition) tasks. In the odd-
one-out, participants were instructed to identify the
item that represented a different exemplar than the
other two, which represented the same exemplar,
seen from two different viewpoints. Object and
scene conditions were blocked, and each odd-one-
out task was followed by a 4-min break filled with
mental calculation, and then a yes-no recognition
memory test. Stimuli illustrated belong to databases
from77,81.

Fig. 2 | Result of the automated and manual segmentation of subregions in
theMTL. Segmentation results are presented from anterior to posteriorMTL. alErC
anterior-lateral entorhinal cortex, BA35 Brodman area 35, pmErC posterior-medial

entorhinal cortex, BA36 Brodman area 36, PhC parahippocampal cortex, Sub
subiculum, CA cornu ammonis, DG dentate gyrus.
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significant interaction between condition and visual distance, χ2 = 6.55,
df = 1, p = 0.01. The estimated marginal mean of linear trend for visual
distance was positive for both objects (0.47) and scenes (0.23), suggesting
that correct rejections increased as visual distance increased for both objects
and scenes, but the effect was greater for objects. This interaction dis-
appearedwhenusing themeasure of visual distance judged byhuman raters
in the analyses, while themain effects remained (see Supplementary Results
and Supplementary Fig. 5).

Relation with structural integrity
The relationship betweenMTL structures integrity and the impact of visual
distance on performance was explored using an « accuracy sensitivity to
visual similarity » measure, computed for each subject by correlating
accuracy in each trial with the trial’s index of visual distance, and then
transforming each r-value into a Z-score with the Fisher transformation.
These scores were computed separately for objects and scenes, and sepa-
rately for each task (accuracy in the odd-one-out task, and lures dis-
crimination accuracy in the recognition memory task). The participant’s
resulting « sensitivity to visual similarity » indices were then related toMTL
structures integrity (volumes) using forward stepwise linear regressionswith
12 regions of interest (ROI): left and right CA1, CA3, pmErC, BA36, tErC,
and PhC.

In the odd-one-out task, results on the relation between sensitivity to
visual similarity and the volumes of the different brain regions within the
MTL revealed that the best model to explain the variability in the data
included exclusively the bilateral tErC for objects (F(2, 47) = 6.31; p < 0.01;
R2 = 0.21), and exclusively the left pmErC for scenes (F(1, 49) = 4.35;
p = 0.042; R2 = 0.08). These effects disappeared when using a subjective
measure of visual distance to compute the sensitivity to visual similarity, so
that no region significantly predicted the variability in the data.

In the recognition memory task, for objects, results on the relation
between sensitivity to visual similarity for lure identification and the
volumes of the MTL sub-regions did not reveal any region to significantly
explain the variability in the data. For scenes, the best model to explain the
variability in the data included exclusively the left pmErC (F(1, 48) = 8.73;
p < 0.01;R2 = 0.15). Of note, we replicated the analyses from the recognition
memory task while regressing out the variability due to sensitivity to visual
similarity during perceptual discrimination, based on Gellersen et al.'s
methods26. The samepatternof resultswas the same, both for objects and for
scenes. Moreover, computing the sensitivity to visual similarity index using
subjective similarity ratings, the best model found to explain the variability

in the data included exclusively the right BA36 and right tErC for objects.
We did not find evidence of any relation for scenes in this analysis (see
Supplementary Results).

Relation with functional integrity
Seed-based connectivity. Relation between the four scores of sensi-
tivity to visual similarity and the integrity of resting-state functional
connectivity was first assessed through a seed-based connectivity ana-
lysis, relating the spatial pattern of functional connectivity across all
voxels of the brain with a seed area while controlling for all other seeds.
Seed regions included the 12 ROIs from the MTL (left and right CA1,
CA3, pmErC, BA36, tErC, and PhC). Functional connectivity strength
was represented by Fisher-transformed semi-partial correlation coeffi-
cients (ICC) (thus allowing controlling for any signal bleed between
adjacent regions).

First, to characterise the pattern of connectivity, we computed the
significant connectivity from all seeds to all voxels in relation with the
sensitivity to visual similarity in each task. This result is illustrated in Fig. 4.

In the odd-one-out task, contrasting the resting-state connectivity
patterns associatedwith objects’ versus scenes’ sensitivity to visual similarity
resulted in a greater connectivity pattern between the right tErC and the left
superior lateral occipital cortex for objects than scenes. The same contrast
but using the index of sensitivity to visual similarity computed using sub-
jective human ratings resulted in a greater connectivity between the right
PhC and the right intracalcarine cortex for objects than scenes (see Sup-
plementary Results).

In the recognition memory task, the objects versus scenes contrast
between resting-state connectivity patterns associated with the index of
sensitivity to visual similarity computed with AlexNet’s fc7 did not lead to
any significant difference. The same analysis using the sensitivity to visual
similarity score computedusinghumansubjective ratings resulted in greater
connectivity between the right PhC and the right inferior lateral occipital
cortex and the left middle frontal gyrus for objects than scenes.

ROI-to-ROI connectivity
Asecond analysis explored connectivity between selectedROIs belonging to
thePMand theATnetworks, respectively, bothwithin theMTLandbeyond
i.e. for the AT system, we included: left and right tErC, BA36, superior
frontal gyrus, orbito-frontal cortex, temporal pole, and medial prefrontal
cortex; for the PM system: left and right pmErC, PhC, angular gyrus,
superior and inferior lateral occipital cortex, precuneus, thalamus, andPCC.

Fig. 3 | Plot of behavioural data for object and scene conditions across the odd-
one-out and recognition memory tasks. A Discrimination accuracy in the odd-
one-out task as a function of visual distance (centred-scale). Standard error is
represented. Each dot represents a trial’s mean accuracy across subjects.;
B Proportion of correct recognitions (Hits) for object and scene conditions in the
recognition memory task. Box plot centre line, median; box limits, upper and lower
quartiles; whiskers, 1.5x interquartile range; C Discrimination performance (Hits-

False Alarms (FAs)) for object and scene conditions in the recognitionmemory task.
Box plot centre line, median; box limits, upper and lower quartiles; whiskers, 1.5x
interquartile range; andDCorrect rejections of lures for object and scene conditions
as a function of the visual distance (centred-scale) to their matched targets. Standard
error is represented. Each dot represents a trial’s mean correct rejections across
subjects. N = 50 subjects in the objects odd-one-out task, N = 51 in the scenes odd-
one-out task, N = 47 for objects memory, and N = 50 for scenes memory.
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We additionally included regions of the hippocampus: left and right CA1
and CA3. Functional connectivity strength was represented by Fisher-
transformed semi-partial correlations, which allowed controlling for any
signal bleed between adjacent regions.

First, we assessed the connectivity between all ROIs (29 in total, see
Fig. 5), independently of task performance. Results showed extensive con-
nectivity among regions from theMTL aswell as betweenMTL regions and
predefined ROIs from the PM and the AT systems, both between hemi-
spheres and between PMandAT systems. Beyond theMTL, there were also
connections between the PM and AT predefined ROIs. The bilateral tErC
showed connections with BA36, the temporal pole, PhC, pmErC, CA1, and
CA3. In addition to this connectivity pattern,MTL regions belonging to the
PMsystem(bilateral pmErCandPhC) showedconnectionswithpredefined
ROIs from both the PM and the AT system.

All connections are represented in Fig. 5.
Then, we used forward stepwise linear regression analyses to assess the

association between the connections among selected ROIs (i.e. first-level
connectivity strength values) and the indices of sensitivity to visual simi-
larity, tested one at a time (4 indices in total, derived from object and scene
conditions, for bothodd-one-out and recognitionmemory tasks).To reduce
the number of measures entered in the analysis, we ran separate analyses
including exclusively regions from the AT system and the hippocampus on

one hand, and of the PM system and the hippocampus on the other hand.
Additionally, we restricted the analyses to selected hypotheses-driven con-
nections involving tErC connectivity and pmErC connectivity, respectively.

In the odd-one-out task, results on the relation between sensitivity to
visual similarity and resting-state functional connectivity revealed that, for
objects, within theAT system, the bestmodel to explain the variability in the
data included exclusively the connectivity between the left tErC and leftCA3
(F(1, 48) = 6.88; p < 0.05; R2 = 0.12), and within the PM system, the con-
nectivity between the right and left pmErC (F(1, 48) = 5.18; p < 0.05;
R2 = 0.10). For scenes, within the AT system, the best model included
exclusively the connectivity between the right tErC and the left CA1, left
CA3 and right BA36 (F(3, 47) = 5.62; p < 0.01; R2 = 0.26), while within the
PM system, no model reached significance (see Table 1). When using a
subjective measure of visual distance to compute the sensitivity to visual
similarity index, all relationships disappeared for objects, while for scenes,
the best models to explain the variability in the data included, in the AT
system, the connectivity between the left tErC and left orbito-frontal cortex
and in the PM system, the connectivity of the left pmErC with the right
thalamus, the right CA3 and the right pmErC (see Supplementary Results
and Table S1).

In the recognition memory task, results on the relation between sen-
sitivity to visual similarity for lure identification and the resting-state

Fig. 4 | Seed-based connectivity patterns associated with indices of sensitivity to
visual similarity in each task and each condition. Illustration of the seed-based
connectivity patterns (Fisher-transformed semi-partial correlation values) asso-
ciated with indices of sensitivity to visual similarity in each task (odd-one-out and
recognitionmemory) and each condition (objects or scenes), from all seeds (selected
ROIs from the median temporal lobe (MTL), i.e. left and right CA1, CA3, tErC
(including anterior-lateral entorhinal cortex and BA35), pmErC, BA36, PhC).

A Seed-based connectivity pattern associated with sensitivity to visual similarity
for objects in the odd-one-out task. B Seed-based connectivity patterns associated
with sensitivity to visual similarity for scenes in the odd-one-out task. C Seed-
based connectivity patterns associated with sensitivity to visual similarity for objects
in the recognition memory task.D Seed-based connectivity patterns associated with
sensitivity to visual similarity for scenes in the recognition memory task.
N = 51 subjects.
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connectivity of the different regions did not reveal any connectivity pattern
to significantly explain the variability in the data, neither for objects nor for
scenes, in theAT system.However, in thePMsystem, therewas a significant
model for scenes, with connectivity of the right pmErC with the right CA1,
left superior lateral occipital cortex, and left thalamus (F(3, 46) = 6.92;
p < 0.001;R2 = 0.31) (seeTable 1).Whenusing a subjectivemeasure of visual
distance to compute the sensitivity to visual similarity index for object lure
identification, the best model included the connectivity between the right
tErC and left BA36 in the AT system, but no model reached significance in
the PMsystem. For scenes, nomodel reached significance in theAT system,
but in the PM system, the best model to explain the variability in the
data included the connectivity of the left pmErC with the left CA1, and of
the right pmErC with the left PhC (see Supplementary Results and
Table S1).

Discussion
This study aimed to test the hypothesis that the tErC is central to fine-
grained entity-level, viewpoint invariant, representation and is involved in
all cognitive functions recruiting that level of representation, and that, as
such, and as the tErC stands among the first regions to be affected by AD
neuropathology, consistent impairment in entity-level representationacross
multiple cognitive functions should provide a sensitive marker of tErC
alteration24. Because the presence of AD neuropathology in the tErC has
been associated with a loss of both structural3,5–8,60 and resting-state
functional11,60 integrity in this region,we analysed tErCvolumes and resting-
state connectivity patterns, in relation with performance in two tasks
that recruited entity-level representations: fine-grained perceptual and fine-
grained mnemonic object discrimination. Scene discrimination was also
tested to ensure the specificity of the relation. To characterise the demand
on fine-grained discrimination, we used a novel metric that captures the
extent to which accuracy is affected by visual similarity between similar
objects/scenes, calculated using visual similarity measures from the Alex-
Net CNN55.

Our results revealed lower memory discrimination for objects than
scenes, in linewith existing studies showingadecline inobject, butnot scene,
mnemonic discrimination in aging36,40. But importantly, the novelty of our
study is to show that this effect on objects ismitigated by the visual similarity

of the to-be-discriminated items, and thus, by the demands on the dis-
crimination processes: the more similar the objects are, the more perfor-
mance is impacted. This means that testing discrimination between items
representing a same concept is not enough to provide a sensitivemeasure of
discrimination; visual similarity should be taken into account. This was
especially the case for objects, while scene discrimination was affected by
visual similarity to a lesser extent.

The main outcome of this study is evidence for a specific marker of
tErC structural integrity, through the measure of sensitivity to visual simi-
larity for object perceptual discrimination. Our results indeed showed a
relation between tErC structural integrity and sensitivity to visual similarity,
such that themore participants’ performance is affected by visual similarity
inobject perceptual discrimination, the smaller their tErC.This iswell in line
with previous results showing an involvement of the tErC in object per-
ceptual discrimination22, and a relation between object perceptual dis-
crimination and the integrity of this region26. Yet, our hypothesis that this
relation should be visible regardless of the cognitive function involved, as
long as it recruits entity-level representation, was not directly confirmed, as
we did not observe any such relation in the object recognitionmemory task,
despite extensive evidence in the literature showing an involvement of the
tErC in object memory (for review, see ref. 23) as well as an impairment of
object memory in association with tErC alteration in aging and in the
continuum of AD (for a review; see ref. 24). However, though, in support of
the idea of a regional representational specificity, our supplementary ana-
lyses showed that while the CNN objective measure of visual similarity did
not capture the impact of visual similarity on memory performance for
objects in relationwith tErC integrity, therewas a relation between tErC and
BA36 integrity and sensitivity to visual similarity computed using subjective
independent human ratings.Although this result was not expected, itmakes
sense, as one could interpret that tErC-based fine-grained discrimination
might be sensitive to different similarity measures depending on the nature
of the task: objective measures of intrinsic featural similarity could be
representative of the information used when doing perceptual discrimina-
tion, but might not fully capture the similarity between the lure and the
storedmemory representations, whichmight, in turn, be better captured by
subjective human ratings. The distinction between objective measures of
visual similarity and subjectively-rated similaritiesmight beworth exploring

Fig. 5 | ROI-to-ROI connectivity patterns. Illustration of the ROI-to-ROI con-
nectivity patterns (Fisher-transformed semi-partial correlation values), including
selected ROIs from the medial temporal lobe (MTL) and ROIs from regions
belonging to the postero-medial (PM) and antero-temporal (AT) systems as well as
hippocampal subfields cornu ammonis (CA) 1 andCA3.AROI-to-ROI connections
between regions within and beyond the MTL belonging to the PM and AT systems,
as well as hippocampal subfields CA1 and CA3. B Display centered on the

connectivity involving the MTL cluster (in red, with other ROIs in light grey). tErC
transentorhinal cortex, including anterior-lateral entorhinal cortex and Brodman
area (BA) 35, pmErC posterior-medial entorhinal cortex, BA36 Brodman area 36,
PhC parahippocampal cortex, CA cornu ammonis, TP temporal pole, AG angular
gyrus, OFC orbito-frontal cortex, SFG superior frontal gyrus, mPFC median pre-
frontal cortex, iLOC inferior lateral occipital cortex, sLOC superior lateral occipital
cortex, PCC posterior cingulate cortex. N = 51 subjects.
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in the future, as the tErC has recently been shown to precisely track the
observer-specific perceived visual similarity among category exemplars in
an fMRI study61.

Moreover, our results outlined that the integrity of the left pmErC is
specifically associatedwith the sensitivity to visual similarity for scenes, both
for perceptual and mnemonic discrimination. This result is also well in
line with the existing literature acknowledging a role of the pmErC in
spatial information and spatial context processing, and brings further
support to it62,63.

In terms of resting-state functional integrity measures, in regards to
cognition, one previous study had shown a specific relationship between
resting-state tErC-CA3 functional connectivity and memory scores in low
performers of an object mnemonic discrimination task, connectivity which
in turn was related with the presence of AD neuropathology and ErC
volume loss39. Although the current study showed a similar relation between
tErC-CA3 functional connectivity and sensitivity to visual similarity in
object perceptual discrimination, it was not specific, since evidence of this
relationship also existed for scene perceptual discrimination. In the same
vein, relationships were shown between connectivity of the pmErCwith the
PMsystem andwith the hippocampus and sensitivity to visual similarity for
object perceptual discrimination, rendering the results from object per-
ceptual discrimination quite unspecific. These relationships remained
unspecific regardless of themeasure of visual similarity used to compute the
scores in the ROI-to-ROI analysis. The seed-based analysis contrasting
objects versus scenes-related significant connectivity patterns, however,
complemented the picture by showing greater tErC-sLOC connectivity for
objects than for scenes.

Several reasons could contribute to the lack of specificity in the resting-
state connectivity results, notably concerning the relation shown of the AT
system in scene perceptual (but not mnemonic) discrimination. Notably, it
could be the case that scenes were processed like items in that task, as they
werepresented as pictures side by side; yet this is not supportedby the results
of volumetric regressions that showed evidence of a very scene-specific
region associated with scene discrimination. Another interpretation is that
scenes are composed of series of unique items that are processed by the
object-dedicated system, and those items might have been diagnostic and
thus key to discriminate between similar scenes.

However, consistently with structural results, although resting-state
connectivity patterns associated with object recognition memory did not
show relationships between the tErC and other regions of the AT system
when using an objective measure of visual similarity, it did so when using a
subjective measure of visual similarity. In that case, there was a significant
and specific contribution of the connectivity between the tErC and BA36 to
object memory, closely mirroring results from structural integrity analyses,
while no relationship was significant for scenes in the AT system. In turn,
relationships involving the connectivity of the pmErC with the PM system
and the hippocampus were evidenced for scenes, but not object, mnemonic
discrimination, irrespective of the measure used to compute visual simi-
larity. This supports the idea proposed earlier that objectivemeasuresmight

not be fully representative of the similarity between the lure and the stored
memory representation, and that subjectivemeasuresmight be better suited
to tackle similarity in that case.

Although the results from the perceptual discrimination task are
unexpectedly unspecific, these results from mnemonic discrimination are
well in line with the literature, supporting the view according to which the
AT system is involved in object processingwhile the PM system is dedicated
to scene processing19. The specific relationship between tErC-BA36 con-
nectivity and object mnemonic discrimination is particularly interesting as
BA36 is directlyneighbouring the tErCaspart of theperirhinal cortex. Yet, it
is the first time, to our knowledge, that such relationship is shown using
resting-state connectivity, and it will need to be replicated in future studies.
More generally, the respective roles of the tErC and BA36 critically need to
be further explored, as it is not the first time that the structural integrity of
BA36 is shown to be associated with object memory in older adults, in a
fashion that is sensitive to similarity (e.g. ref. 32).

Authors have argued that functional connectivity alterations might
precede structural damage in the propagation of AD neuropathology60.
While the current study does not exclude this idea and shows some support
to it, it still seems that the relation of such early connectivity dysfunction
with cognition is subtle to isolate specifically, as our analyses on
perceptual discrimination did not show any specificity in the relationships.
The relationship between targeted cognitive measures and functional con-
nectivity will need to be further explored and better understood in future
studies.

While we argue that it is critical to take into account objects visual
similarity when assessing discrimination, as a measure of the granularity of
the discriminative process engaged, andwhile we think it makes sense to do
so, especially when targeting discrimination between similar entities
representing a same concept, the tErC region has also been involved in fine-
grained conceptual discrimination64, which was not directly represented
here. CNNmeasures indeed do not carry semantic information per se, and
thiswas shown tobe a limiting factor in their ability tomap the activity of the
higher visual brain regions, including the tErC54,65. In addition, sensitivity to
conceptual similarity has been shown to be related with perirhinal cortex
(BA36) structural alterations in healthy aging and AD32. Future studies
should integrate semantic similarity measures on top of visual similarities
computed using CNNs, to better target the sensitivity to similarity of
the tErC.

We also reckon that a forced-choice recognition memory task might
have beenmore suited to target memory discrimination instead of a yes-no
paradigm66, as impairments in yes-no recognition tasks might partially
reflect executive, rather thanmnemonic, dysfunction26. In addition, the yes-
no recognition task used here does not preclude hippocampal contribution
to memory performance, contrary to speeded tasks thought to prevent
slower hippocampal contributions, and thus, to better isolate the function of
the tErC67. However, our results remain in line with other studies that have
reported a tErC involvement in memory while using a yes-no recognition
paradigm39, so the test format shouldnot be seen as a definite limiting factor.

Table 1 | Summary of the significant associations identified through stepwise regressions on seed-based functional
connectivity measures between regions of interest (ROIs) within the AT and PM networks

Odd-one-out Recognition memory

Objects Scenes Objects Scenes

Best model R2 Best model R2 Best model R2 Best model R2

AT network l tErC - l CA3 * 0.12 r tErC - l CA1 *
r tErC - l CA3 **
r tErC - r BA36 *

0.26 - 0.0 - 0.0

PM network l pmErC - r pmErC * 0.10 - 0.0 - 0.0 r pmErC - r CA1 ***
r pmErC - l sLOC *
r pmErC - l Thalamus *

0.31

These associations were examined in relation to perceptual and mnemonic discrimination sensitivity to visual similarity for objects and for scenes, using visual similarity computed from the fc7 layer of
AlexNet. ATnetwork includes left (l) and right (r) tErC,BA36, superior frontal gyrus (SFG), orbito-frontal cortex (OFC), temporal pole (TP),CA1,CA3, andmedial prefrontal cortex (mPFC).PMnetwork includes
left (l) and right (r) pmErC, PhC, angular gyrus (AG), superior (sLOC) and inferior lateral occipital cortex, precuneus, thalamus, CA1, CA3, and PCC. *p < 0.05, **p < 0.01, ***p < 0.001. N = 51 subjects.
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Another limitation is that the tErC, located within the MTL, is parti-
cularly prone to signal distortion and loss in fMRI due to its proximity to the
sinuses68. While we applied post-processing precautions to mitigate this
issue, future studies should address this challenge at the acquisition stage by
implementing sequences specifically designed to enhance the signal-to-
noise ratio in these regions69,70.

Finally, although the current findings provide theoretical insights into
the role of the tErC and the identification of its structural and functional
alterations, future studies should replicate this task while including bio-
markers of AD pathology. This would help establish the AD-specificity of
the observed relationships and improve the translational relevance of these
results for clinical applications in AD.

Conclusion
This study tested the hypothesis that the tErC region, which stands among
the first regions affected by AD neuropathology, supports the fine-grained
representation of individual object entities. As such, any cognitive function
involving entity representation should be impaired compared to scene
representation in the presence of early AD neuropathology in the tErC, and
it should be increasingly the case with the increased demands on the dis-
criminative process engaged. We showed the expected behavioural pattern
of results, with participants’ sensitivity to visual similarity being specifically
related to their tErC structural integrity for object discrimination (andBA36
in the memory task), and to the integrity of the left pmErC for scenes
discrimination. In addition, the only specific relationship shown between
tErC resting-state functional integrity and the sensitivity to visual similarity
indices emerged with the left BA36, in relation with object mnemonic dis-
crimination, while scene mnemonic discrimination involved a larger con-
nectivity network between the pmErC and other regions of the
hippocampus and PM system. The relationship with the tErC integrity was
however dependent on themeasure of visual similarity used to compute the
indices of sensitivity, so it might be the case that different measures of
similarity (objective or subjective ratings) are representative of the demands
on the discriminative processes engaged in the tErC depending on the
nature of the task, mnemonic or perceptual. Taken together, these findings
suggest that discrimination sensitivity to object visual similaritymay serve as
a specificmarker of tErC structural integrity after accounting for the type of
similarity measured, although we could only find specific relationships in
the memory task for its functional integrity.

Methods
Participants
A total of 51 participants took part in the study. Participants were com-
munity-dwelling, nominally healthy, older adults, between 65 and 83 years
old,withnoneurologic or psychiatric history, noMRI contraindication, and
normal or corrected-to-normal vision. Participants’ high-level visual abil-
ities were screened using the Overlapping Figures Task of the Birmingham
Object Recognition Battery (BORB)71, which did not lead to the exclusion of
any participant. Cognitive status was assessed using theMontreal Cognitive
Assessment (MoCA)72, but no participant was excluded on that basis, as we
aimed for a participant group with a good distribution of cognitive abilities
andMTL integrity, following previous studies59 and as the presence of mild
cognitive impairment detected through the MoCA is associated with tErC
volume loss52. Every day, cognitive functioning was characterised using the
ECog questionnaire73. The study was approved by the Ethics Committee of

the Liège University Hospital, and participants signed an informed consent
before taking part to the experiment. Participants’ demographic informa-
tion is presented in Table 2.

Data from one participant was discarded in the odd-one-out task for
objects, from four participants in thememory task for objects, and fromone
participant in the memory task for scenes, due to misunderstanding of the
task instructions or pressing a wrong response key. Therefore, the final
sample was of 50 subjects in the odd-one-out task for objects, 51 in the odd-
one-out task for scenes, 47 for object memory, and 50 for scene memory.

Materials
Odd-one-out task. Forty-eight triplets of object pictures and 48 triplets
of scene pictures were selected from existing databases (objects74–80;
scenes81–83). In each triplet, two pictures represented the same object or
the same scene, but from different viewpoints, and the third picture
represented another exemplar of the same concept of object or scene.

Recognition memory. We selected one picture from each of the 48
triplets of the previous phase for each condition, object or scene (16 of
them were the targets, viewpoint 1, 16 were the targets, viewpoint 2, and
16 were the ‘odd’ ones). We then matched each of these pictures with a
new picture, i.e. the lure, representing another exemplar of the same
concept. This resulted in 48 new object pictures and 48 new scene pic-
tures. This task and the odd-one-out task are illustrated in Fig. 1.

Visual similarity measures. We assessed the complex visual properties of
our image sets by evaluating the similarity of visual features derived from the
pre-trained CNN AlexNet. AlexNet was trained on 1.2 million high-
resolution images, categorising them into 1000 distinct categories (or classes).
AlexNet consists of eight layers, including five convolutional layers (conv1 -
conv5) and three fully connected layers (fc6 - fc8). Each convolutional layer
takes input from the previous layer, using filters sensitive to different types of
visual input84. By construction, the filters of the first convolutional layers
capture low-level properties of stimuli, such as edges with specific spatial
frequencies and orientations, as well as colour information85, while the later
layers detect more complex visual features, such as the presence of specific
visual objects or object parts (e.g. dog legs, bird eyes), across various spatial
scale and viewing angles85. To obtain the activation values from the CNN for
our set of images, we presented each image (objects and scenes separately) to
the pre-trained network, which generated activation values for each node in
each layer for each image.

To reduce the number of measures analysed and because consecutive
layers are highly correlated, we extracted the activation values for three
representative layers for each image (layers conv3, fc6 and fc7, corre-
sponding to early, middle, and late layers, respectively). For each of these
layers, we compared the activation values of each image against all other
images in the dataset (objects and scenes separately,N = 192 images per set)
using Euclidian distance, producing a similarity matrix for each layer.

For the odd-one-out task, we extracted the Euclidean distance between
the value of the ‘odd’ image in each triplet and its two associated target
images for each representative layer. The average of these two distances was
used to compute a single value of visual distance per triplet. For the
recognition memory task, we extracted the Euclidean distance between the
target image and its corresponding lure.

Here, we present data analysed using the late visual layer (fc7); infor-
mation and analyses on other layers (conv3 and fc6), as well as fromhuman
subjective ratings of visual distance acquired through a pilot study, can be
found in the Supplementary Methods and Supplementary Results.

Procedure
Data collection tookplace at the researchcentre, in a dedicated testing room.
The experimenter explained task instructions and then left the roomduring
the completion of the tasks by the participants, who did so on a laptop. The
experimenter remained available in the next room to answer questions, if
any. This study was part of a longer protocol that included other tasks, so

Table 2 | Participants demographics

Mean (SD) [range]

Male/Female 20/31

Age 69.49 (3.65) [65–83]

Education 14.59 (3.44) [6–24]

MoCA (/30) 27.75 (1.83) [22–30]

ECoG 56.42 (11.40) [39–86]
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participants had to come twice to the lab. For this study, the total acquisition
duration was of about 2 h.

Odd-one-out task. Object and scene tasks were built using PsychoPy86.
For each trial, the three pictures of a triplet were presented side by side on
the screen. The order of trials was randomised across participants. Par-
ticipants were instructed to identify the item that represented a different
exemplar than the other two items, using the left, down and right arrow
keys, depending on the item’s position on the screen (left-side, middle, or
right-side of the screen, respectively). Each trial ended with the partici-
pant’s keypress or, in the absence of such, lasted a maximum of 10 s. An
absence of response was treated as an incorrect response. This was fol-
lowed by a 500 ms blank screen and a 500 ms fixation cross before the
start of the next trial. Conditions for scenes and objects were presented in
separate blocks. The subsequent memory test started only after the entire
odd-one-out block (objects or scenes) was completed. Once the memory
test for one condition was finished, participants proceeded to the odd-
one-out task for the other condition, followed by its respective memory
test. The order of object and scene conditionswas counterbalanced across
participants. The task is illustrated in Fig. 1.

Recognition memory. There was a 4-min break between the odd-one-
out task and the start of the memory task (object or scene), filled with
calculations. For thememory test, itemswere presented one by one on the
screen (48 targets and 48 lures) in a pseudo-randomised order. Partici-
pants were instructed to determine, for each item, whether it had been
seen in the previous task or not, answering with the « a » and « p » keys.
Each trial ended with participants’ keypress, or in the absence of such,
lasted amaximumof 6 s, andwas followed by a 500 ms blank screen and a
500 ms fixation cross, before the start of the next trial.

MRI acquisitions
Images were acquired on a 3 T Siemens Prisma scanner with a 64-channel
head coil. Two anatomical images were acquired: a T1-weighted structural
MRI (acquisitionmatrix = 256 × 240 × 224, voxel size = 1 × 1 × 1mm3) and
a high-resolution T2-weighted structural MRI (acquisition matrix = 448 ×
448 × 60, voxel size = 0.4 × 0.4 × 1.2 mm3) with a partial field of view cov-
ering the entire MTL with an oblique coronal orientation perpendicular to
the long axis of the hippocampus. The quality of each image was system-
atically visually checked, especially the T2-MRI, which is highly sensitive to
motion (after reminding the participant to stay still during the entire sub-
sequent 8min of acquisition), and re-run in case of poor quality due to
excessivemotion.WhenT2 images were acquired twice (N = 7), we selected
the one with the best quality for further processing. In addition, multislice
T2*-weighted, eyes open, resting-state functional images were acquired
with the multi-band gradient-echo echo-planar imaging sequence (CMRR,
University of Minnesota) using axial slice orientation and covering the
whole brain (36 slices, multiband factor = 2, FoV = 216 × 216mm2, voxel
size 3 × 3 × 3mm3, 25% interslice gap, matrix size 72 × 72 × 36, TR = 1.7 s,
TE = 30ms, FA = 90°). The three initial volumes were discarded to avoid
T1 saturation effects.

Data preprocessing
All data were BIDsified using an automated pipeline87.

MTL regions segmentation
High-resolution T2-weighted MRI images were labelled using the Auto-
matic Segmentation of Hippocampal Subfields software package (with atlas
package ‘ashs_atlas_upennpmc_20161128’ obtained from the NITRC
repository made available on the ASHS website)58. The hippocampal sub-
fields, the ErC, BA35 and BA36 in the left and right hemispheres were
thereby labelled in each participant. Each output from ASHS underwent
visual quality control.

The ErC was further manually subdivided into alErC and pmErC,
followingestablishedprotocols fromprevious studies (e.g. refs. 25,52). Intra-

rater reliability was assessed by separately comparing the segmentation of
the right and left alErC of five randomly selected scans, completed by the
same rater (ED) after a delay of 6–8 months. Consistency between mea-
surements was evaluated using intraclass ICC using the type (3, B) to
compute intra-rater consistency88 and spatial overlap was assessed with the
Dicemetric (using themeanDice value across the selected scans;Dice values
are derived using the formula 2*[intersecting volume]/[original segmen-
tation volume+ repeat segmentation volume]). Bothmeasures fall between
0 and 1, with higher values indicating greater reliability. Figure 2 illustrates
the results of the segmentation, both automated andmanual, for the al- and
pm-ErC of the MTL.

For all subregions belonging to ErC and perirhinal cortex (BA35 and
BA36), volumes were normalised by the extent of their segmentation in the
slice direction (hippocampal axis), by dividing their volume by the product
of the number of slices and the slice thickness58. Additionally, all regional
volumes were adjusted before analyses to account for total estimated
intracranial volume (ICV) for each participant using the formula
Volumeadjusted = Volumeraw− βICV(ICVindiv – ICVmean), where β refers to
the regression coefficient of themodel on a given regional volume of interest
while using ICV as a predictor. This approach is based on extensive prior
work (e.g. refs. 26,27,30).

The volume of our main region of interest, the tErC, was then com-
puted as the sum of BA35 and alErC.

ROI definition. These MTL regions were additionally used as seeds and
ROIs for resting-state connectivity analyses. To do so, left and right
hemispheres atlases were coregistered to the subject’s T1 space using the
transformation matrix provided by ASHS and the flirt function of FSL89.
Similar to the volumetric analyses, BA35 and alErC regions were merged
into one single tErC label using FSL.

To ensure that all ROIs had reliable signal despite the susceptibility
artefact causing signal dropout in theMTL68, we calculated the mean signal
across the total grey matter and excluded voxels with signal < 25% of the
mean grey matter signal for each participant39.

In addition to the MTL ROIs (i.e. left and right CA1, CA3, pmErC,
BA36, tErCandPhC),we also identified a set of predefinedROIs for theROI-
to-ROI analysis, based on the existing literature, which have shown strong
connectivity with the MTL and belong to the PM-AT network. Specifically,
within the AT system, these include the left and right superior frontal gyrus,
orbito-frontal cortex, temporal pole, andmedial prefrontal cortex. As part of
the PM system, we included the left and right angular gyrus, superior and
inferior lateral occipital cortex, precuneus, thalamus, andPCC (see in ref. 15).
The ROIs were defined using the atlas provided by the CONN toolbox. Of
note, the results from this analysis were similar when replicating the analysis
using predefined ROIs from the atlas used by Berron et al.15, so here we only
present analyses on ROIs extracted from the CONN atlas.

Functional MRI data preprocessing. MRI data preprocessing was
conducted with SPM 12 (Wellcome Trust Center for Neuroimaging,
London, UK). For each subject, EPI time series were corrected formotion
and distortion using Realign and Unwarp90, and coregistered to the
corresponding structural image. The structural image was then seg-
mented into grey and white matter using the ‘unified segmentation’
approach91. The warping parameters were subsequently applied sepa-
rately to the functional and structural images to produce normalised
images with isotropic voxel size of 2 mm for functional images and 1 mm
for structural images. No spatial smoothing was performed to preserve
the high resolution of the images and enable more accurate signal
quantification within spatially adjacent subregions. Potential outlier
scans were identified using ART92 as acquisitions with framewise dis-
placement above 0.9 mm or global BOLD signal changes exceeding five
standard deviations93,94. A reference BOLD image was computed for each
subject by averaging all scans, excluding outliers.

Denoising and further analyses were conducted using CONN toolbox,
release 22.a95,96. Functional data were denoised using a standard pipeline,
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which involved regressing potential confounding effects including white
matter timeseries (5 CompCor noise components), CSF timeseries (5
CompCor noise components), movements regressors (6 components),
outlier scans (below 252 factors)94, session effects and their first order
derivatives (2 factors), and linear trends (2 factors) within each functional
run. This was followed by bandpass frequency filtering of the BOLD
timeseries97 between0.008Hzand0.09 Hz.CompCor98,99 noise components
within white matter and CSF were estimated by computing the average
BOLD signal as well as the largest principal components orthogonal to the
BOLD average, and outlier scans within each subject’s eroded segmentation
masks. Considering the number of noise terms included in this denoising
strategy, the effective degrees of freedomof the BOLD signal after denoising
were estimated to range from 47 to 95.4 (average 92.6) across all subjects.

Statistical analyses
Behavioural analyses. Behavioural analyses were run on JASP100 for
t-tests comparisons (1) to chance level (i.e. 0; one-sided one sample t-
tests) and (2) between objects and scenes conditions in the memory task
(i.e. two-sided paired sample t-tests), as well as on RStudio version
2023.12.1101 forGeneralised LinearMixedModels (GLMM; see below) on
a trial-by-trial basis to account for the accuracy binary outcome (0, 1) of
the dependent variables. GLMMs were fit with the package lme4102.
GLMMs were run in each task separately (odd-one-out and recognition
memory), with condition (object or scene) as within-subject factor, visual
distance computed from the highest layer of AlexNet (fc7) as continuous
predictor, applying a centre-scale (i.e. the mean of the variable was
subtracted from each data point, shifting themean to 0), and participant’s
ID as random factor. Following these GLMMs, post-hoc pairwise com-
parisons were carried out on estimated marginal means for a given effect
of interest, with Tukey’s adjustments when there were multiplicity issues
using the emmeans package103 and the function lstrends from lsmeans
package to deal with continuous factors. Estimatedmarginal means from
the models are reported.

In the odd-one-out task, the dependent variable was accuracy on each
discrimination trial. In the GLMMs for the recognition memory task,
because we were interested in discrimination abilities with increasing visual
distance between the target and its matched lure, behavioural analyses were
run on accuracy for lures (i.e. correct rejections of lures as a function of their
visual distance with the target).While each target and its matched lure were
presented during the yes-no recognition task, we decided to focus this
analysis on the lures that were presented before the target, to avoid effects of
target repetition on subsequent lure discrimination. We additionally com-
pared the mean correct recognition (hit) rates and discrimination indices
(Hits minus False Alarms) between objects and scenes using paired sample
t-tests (therefore, not including visual distance, as a target cannot be visually
distant from itself).

Plots of the results were generated using the ggplot2 package104.

Volumes regression analyses. To explore the relationship between
MTL structures integrity and the impact of visual distance on perfor-
mance, we computed measures of « accuracy sensitivity to visual simi-
larity » for each subject, by relating accuracy in each trial with the trial’s
index of visual distance using Pearson correlations, and then trans-
forming each r-value obtained for each participant by a Fisher trans-
formation to give a Z-score. These correlations were computed separately
for objects and scenes, and separately for each task (accuracy in the odd-
one-out task, and lures discrimination accuracy in the recognition memory
task). The participant’s resulting « sensitivity to visual similarity » indices
were then related to MTL structures integrity (volumes) using linear
regressions with the forward stepwise method (allowing to avoid issues of
multicollinearity between measures) in JASP100, with 12 ROIs: left and right
CA1, CA3, pmErC, BA36, tErC and PhC. See in refs. 32,30 for similar
methods.

The same analyses, but using human subjective ratings of similarity,
and layers 3 and 6 of AlexNet are presented in Supplementary Results.

Resting-state functional connectivity analyses
Seed-based connectivity. Seed-based connectivity maps were esti-
mated, characterising the spatial pattern of functional connectivity with a
seed area while controlling for all other seeds. Seed regions included the
12ROIs from theMTL. Functional connectivity strengthwas represented
by Fisher-transformed semi-partial ICC (thus allowing controlling for
any signal bleed between adjacent regions) from aweighted general linear
model (GLM), estimated separately for each target voxel, modelling the
association between all seeds simultaneously and each individual voxel
BOLD signal timeseries. To compensate for possible transient magneti-
sation effects at the beginning of each run, individual scanswereweighted
by a step function convolved with an SPM canonical hemodynamic
response function and rectified.

Then, group-level analyses were performed using a GLM. For each
individual voxel, a separateGLMwas estimated, withfirst-level connectivity
measures at this voxel as dependent variables and participant’s ID as
independent variable. Voxel-level hypotheses were evaluated using multi-
variate parametric statistics with random-effects across subjects and sample
covariance estimation across multiple measurements. Inferences were
performed at the level of individual clusters (groups of contiguous voxels).
Cluster-level inferences were based on parametric statistics from Gaussian
Random Field theory105. Results were thresholded using a combination of a
cluster-formingp < 0.001voxel-level threshold, anda familywise correctedp
FDR < 0.05 cluster-size threshold106. Subsequently, contrasts were run
between the first-level connectivity measures associated with sensitivity to
visual similarity indices in the objects versus scenes conditions, separately
for the odd-one-out and the recognition memory task.

ROI-to-ROI functional connectivity. In the first-level analysis, ROI-to-
ROI connectivity matrices were estimated for each participant to char-
acterise the functional connectivity between each pair of regions,
including the 12 ROIs from the MTL, as well as additional ROIs
belonging to the PM-AT systems (29 ROIs in total, see Fig. 5). Functional
connectivity strength was represented by Fisher-transformed semi-par-
tial correlations, which allowed controlling for any signal bleed between
adjacent regions. Coefficients from a weighted-GLM were estimated
separately for each pair of ROIs, which characterised the association
between their BOLD signal time series. To compensate for possible
transient magnetisation effects at the beginning of each run, individual
scans were weighted by a step function convolved with an SPM canonical
hemodynamic response function and rectified.

Then, at the group level, a first analysis was performed inCONNusing
a GLM to characterise the pattern of functional connectivity among all the
ROIs. For each individual connection, a separate GLM was estimated, with
first-level connectivity measures at this connection as dependent variables
and participant’s ID as independent variable. Connection-level hypotheses
were evaluated using multivariate parametric statistics with random effects
across subjects and sample covariance estimation across multiple mea-
surements. Inferences were performed at the level of individual clusters
(groups of similar connections). Cluster-level inferences were based on
parametric statistics within- and between- each pair of networks107, with
networks identified using a complete-linkage hierarchical clustering pro-
cedure based on ROI-to-ROI anatomical proximity and functional simi-
larity metrics. Results were thresholded using a combination of a p < 0.05
connection-level threshold and a familywise correctedpFDR < 0.05 cluster-
level threshold.

Then, first-level connectivity strength values for each connection and
each subject were extracted to perform linear regression analyses with the
forward stepwise method, to assess the association between the connections
among selected ROIs and the indices of sensitivity to visual similarity, tested
one at a time (4 indices in total, derived fromobject and scene conditions, for
bothodd-one-out andrecognitionmemory tasks).These analyseswere run in
JASP100. To reduce the number of measures entered in the analysis, we ran
separate analyses including exclusively regions from the AT system and the
hippocampus on one hand (i.e. AT system: bilateral tErC, BA36, superior
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frontal gyrus, orbito-frontal cortex, temporal pole, and medial prefrontal
cortex; hippocampus: bilateral CA1 andCA3), and of the PM system and the
hippocampus on the other hand (i.e. bilateral pmErC, PhC, angular gyrus,
superior and inferior lateral occipital cortex, precuneus, thalamus, and PCC).
Additionally, we restricted the analyses to selected hypotheses-driven con-
nections involving tErC connectivity and pmErC connectivity, respectively.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The dataset108 is available on the OSF platform, https://osf.io/a5v6k/?view_
only=c9f8116f7521469caf727e6db252e691. Raw MRI source data is avail-
able on request to the corresponding author.

Code availability
All custom code108 is available on the OSF platform, https://osf.io/a5v6k/?
view_only=c9f8116f7521469caf727e6db252e691.
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