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When encoding new episodic memories, visual and semantic processing is proposed to make distinct contributions to accu-
rate memory and memory distortions. Here, we used fMRI and preregistered representational similarity analysis to uncover
the representations that predict true and false recognition of unfamiliar objects. Two semantic models captured coarse-
grained taxonomic categories and specific object features, respectively, while two perceptual models embodied low-level visual
properties. Twenty-eight female and male participants encoded images of objects during fMRI scanning, and later had to dis-
criminate studied objects from similar lures and novel objects in a recognition memory test. Both perceptual and semantic
models predicted true memory. When studied objects were later identified correctly, neural patterns corresponded to low-
level visual representations of these object images in the early visual cortex, lingual, and fusiform gyri. In a similar fashion,
alignment of neural patterns with fine-grained semantic feature representations in the fusiform gyrus also predicted true rec-
ognition. However, emphasis on coarser taxonomic representations predicted forgetting more anteriorly in the anterior ven-
tral temporal cortex, left inferior frontal gyrus and, in an exploratory analysis, left perirhinal cortex. In contrast, false
recognition of similar lure objects was associated with weaker visual analysis posteriorly in early visual and left occipitotem-
poral cortex. The results implicate multiple perceptual and semantic representations in successful memory encoding and sug-
gest that fine-grained semantic as well as visual analysis contributes to accurate later recognition, while processing visual
image detail is critical for avoiding false recognition errors.

Key words: episodic memory; false memory; fMRI; memory encoding; recognition memory; representational similarity
analysis

Significance Statement

People are able to store detailed memories of many similar objects. We offer new insights into the encoding of these specific
memories by combining fMRI with explicit models of how image properties and object knowledge are represented in the
brain. When people processed fine-grained visual properties in occipital and posterior temporal cortex, they were more likely
to recognize the objects later and less likely to falsely recognize similar objects. In contrast, while object-specific feature repre-
sentations in fusiform gyrus predicted accurate memory, coarse-grained categorical representations in frontal and temporal
regions predicted forgetting. The data provide the first direct tests of theoretical assumptions about encoding true and false
memories, suggesting that semantic representations contribute to specific memories as well as errors.

Introduction
Humans are able to remember objects in great detail and dis-
criminate them in memory from others that are similar in
appearance and type (Standing, 1973). To achieve this, highly
specific memories must be encoded. Successful object encoding
engages diverse cortical regions alongside the hippocampus
(Kim, 2011). These areas intersect with networks involved in vis-
ual object processing and semantic cognition (Binder et al., 2009;
Clarke and Tyler, 2014). However, little is known about the neu-
ral operations these regions support during encoding. According
to fuzzy-trace theory, the specific memory traces that contribute
to true recognition depend on encoding of perceptual features,
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whereas semantic gist representations promote both true and
false recognition (Brainerd and Reyna, 1990). However, recent
data suggest that perceptual relations between studied items and
lures can also trigger false recognition (Naspi et al., 2020). Here,
we used fMRI and representational similarity analysis (RSA) to
investigate the perceptual and semantic representations engaged
that allow people to recognize these same objects later among
perceptually and semantically similar lures.

In line with fuzzy-trace theory, a few fMRI studies have
shown stronger activation in occipito-temporal regions when
people later successfully recognize specific studied objects than
when they misrecognize similar lures (Gonsalves et al., 2004;
Garoff et al., 2005; Okado and Stark, 2005). However, activation
of similar posterior areas has also been associated with later false
recognition (Garoff et al., 2005) and activation in left inferior
frontal gyrus (LIFG), a region typically associated with semantic
processing, with later true recognition (Pidgeon and Morcom,
2016). Such results appear to challenge any simple mapping
between perceptual and semantic processing and true and false
recognition (see also Naspi et al., 2020). However, one cannot
infer type of processing based on the presence or absence of acti-
vation alone. Here, we investigated the underlying processes that
give rise to such effects, using RSA to test whether patterns of
neural similarity that indicate visual and semantic processing
predict subsequent memory performance.

Object recognition involves visual analysis and the computa-
tion of meaning, proceeding in an informational gradient along
the ventral visual pathway (Clarke and Tyler, 2015). The coarse
semantic identity of an object emerges gradually from vision in
posterior cortices, including lingual, fusiform, parahippocampal,
and inferior temporal gyri that integrate semantic features cap-
turing taxonomic relationships (Mahon et al., 2009; Devereux et
al., 2013; Tyler et al., 2013). The lingual and fusiform gyri in par-
ticular are also engaged when memories of objects are encoded
(Kim, 2011). At the apex of the ventral pathway, the perirhinal
cortex (PrC) provides the finer-grained feature integration
required to differentiate similar objects (Winters and Bussey,
2005; Devlin and Price, 2007; Clarke and Tyler, 2014), and acti-
vation here predicts later memory for specific objects (Chen et
al., 2019). Other researchers ascribe this role more broadly to the
anterior ventral temporal cortex (aVTC), considered a semantic
hub that integrates modality-specific features into transmodal
conceptual representations (Lambon Ralph et al., 2017). Beyond
the ventral stream, left inferolateral prefrontal regions supporting
controlled, selective semantic processing are also critical for
memory encoding (Gabrieli et al., 1998; Kim, 2011).

According to theory, the perceptual and semantic representa-
tions encoded in memory traces reflect how items were originally
processed (Craik and Lockhart, 1972; Otten and Rugg, 2001).
We therefore expected that some of these ventral pathway and
inferior frontal representations would be revealed in distinct dis-
tributed activity patterns giving rise to later true and false recog-
nition. We quantified perceptual representations in terms of
low-level visual attributes of object images, and semantic
representations of the objects’ concepts in terms of their
coarse taxonomic category membership as well as their spe-
cific semantic features. We used these models to identify rep-
resentational similarity patterns between objects at encoding
using a novel approach that combined RSA and the subse-
quent memory paradigm in a single step. This allowed us to
test where the strength of perceptual and semantic object
representations predicts subsequent accurate memory and
false recognition of similar lures.

Materials and Methods
Participants
Twenty-eight right-handed adults aged 18-35 years underwent fMRI
scanning (mean=23.07 years, SD= 3.54; 18 females, 10 males). Data
from a further 4 participants were excluded because of technical failures.
All participants also spoke English fluently (i.e., had spoken English
since the age of 5 or lived in an English-speaking country for at least
10 years) and had normal or corrected-to-normal vision. Exclusion crite-
ria were a history of a serious systemic psychiatric, medical, or a neuro-
logic condition, visual issues precluding good visibility of the task in the
scanner, and standard MRI exclusion criteria (for preregistered criteria,
see https://osf.io/ypmdj). Participants were compensated financially.
They were contacted by local advertisement and provided informed con-
sent. The study was approved by the University of Edinburgh
Psychology Research Ethics Committee (Reference 116-1819/1). All the
following procedures were preregistered unless otherwise specified.

Stimuli
Stimuli were pictures of objects corresponding to 491 of the 638 basic-
level concepts in the Center for Speech, Language and the Brain concept
property norms (Devereux et al., 2014). These were members of 24
superordinate categories (Appliance, Bird, Body Part, Clothing,
Container, Drink, Fish, Flower, Food, Fruit, Furniture, Invertebrate,
Kitchenware, Land Animal, Miscellaneous, Music, Sea Creature, Tool,
Toy, Tree, Vegetable, Vehicle,Water Vehicle,Weapon), and 238 were liv-
ing things and 253 nonliving things. We sourced two images for each ba-
sic-level concept. Of the 982 images, 180 were a subset of the images
used by Clarke and Tyler (2014), 180 were compiled from the Bank of
Standardized Stimuli (Brodeur et al., 2014), and the remaining 622 were
taken from the Internet. Each study list included single exemplar images
of either 328 or 327 concepts. Of these, half were subsequently tested as
old and half were subsequently tested test as lures. Each test list consisted
of 491 items: 164 (or 163) studied images, 164 (or 163) similar lures (i.e.,
images of different exemplars of studied basic-level concepts), and 163
(or 164) novel items (i.e., images of basic-level concepts that had not
been studied). Three filler trials prefaced the test phase. For each partici-
pant, living and nonliving concepts were randomly allocated to the con-
ditions with equal probability (i.e., to be studied/lure or novel items).
Each study and test list was presented in a unique random trial order.

Procedure
The experiment comprised a scanned encoding phase followed by a rec-
ognition test phase outside the scanner. Stimuli were presented using
MATLAB version 2019b (The MathWorks) and PsychToolbox (version
2.0.14) (Kleiner et al., 2007). In the scanner, stimuli were viewed on a
back-projection screen via a mirror attached to the head coil. Earplugs
were used to reduce scanner noise, and head motion was minimized
using foam pads. During the study phase, participants viewed one image
at a time, and they were asked to judge whether the name of each object
started with a consonant or with a vowel, responding with either index
finger via handheld fiber-optic response triggers. By requiring partici-
pants to retrieve the object names, we ensured that they processed the
stimuli at both visual and semantic levels. Participants were not
informed of a later memory test. Images were presented centrally against
a white background for 500ms. This was followed by a black fixation
cross with duration sampled from integer values of 2-10 s with a flat dis-
tribution, and then a red fixation cross of 500ms before the next trial,
for a stimulus onset asynchrony of 3-11 s (mean=6 s). At test, partici-
pants viewed one image at a time for 3 s followed by a black fixation
cross for 500ms, and they judged each picture as “old” or “new” indicat-
ing at the same time whether this judgment was accompanied by high or
low confidence using one of four responses on a computer keyboard.
Mappings of responses to hands were counterbalanced at both encoding
and retrieval.

fMRI acquisition
Images were acquired with a Siemens Magnetom Skyra 3T scanner at
the Queen’s Medical Research Center at the Royal Infirmary of
Edinburgh. T2*-weighted functional images were collected by acquiring
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multiple echo-time sequences for each echo-planar functional volume:
TR= 1700ms, TE= 13ms (echo-1), 31 (echo-2) ms, and 49ms (echo-3).
Functional data were collected over four scanner runs of 360 volumes,
each containing 46 slices (interleaved acquisition; 80� 80 matrix; 3
mm� 3 mm� 3 mm, flip angle = 73°). Each functional session lasted
;10min. Before functional scanning, high-resolution T1-weighted
structural images were collected with TR=2620ms, TE=4.9ms, a 24
cm FOV, and a slice thickness of 0.8 mm. Two field map magnitude
images (TE= 4.92ms and 7.38ms) and a phase difference image were
collected after the second functional run. At the end, T2-weighted struc-
tural images were also obtained (TR= 6200ms and TE= 120ms).

Image preprocessing
Except where stated, image processing followed procedures preregistered
at https://osf.io/ypmdj and was conducted in SPM12 (version 7487) in
MATLAB version 2019b. The raw fMRI time series were first checked to
detect artifact volumes that were associated with high motion or were
statistical outliers (e.g., because of scanner spikes). We checked head
motion per run using an initial realignment step, classifying volumes as
artifacts if their absolute motion was. 3 mm or 3 degrees, or between-
scan relative motion. 2 mm or 2 degrees. Outlier scans were then
defined as those with normalized mean or SD (of absolute values or dif-
ferences between scans). 7 SDs from the mean for the run. Volumes
identified as containing artifacts were replaced with the mean of the
neighboring nonoutlier volumes, or removed if at the end of a run. If
more than half of the scans in a run had artifacts, that run was discarded.
Artifacts were also modeled as confound regressors in the first-level
design matrices. Next, BOLD images acquired at different echo times
were realigned and slice time-corrected using SPM12 defaults. The
resulting images were then resliced to the space of the first volume of the
first echo-1 BOLD time series. A brain mask was computed based on
preprocessed echo-1 BOLD images using Nilearn 0.5.2 and combined
with a gray-and-white matter mask in functional space for better cover-
age of anterior and ventral temporal lobes (Abraham et al., 2014). The
three echo time series were then fed into the Tedana workflow (Kundu
et al., 2017), run inside the previously created brain mask. This workflow
decomposed the time series into components and classified each compo-
nent as BOLD signal or noise. The three echo series were optimally com-
bined and noise components discarded from the data. The resulting
time series were unwarped to correct for inhomogeneities in the scan-
ner’s magnetic field: the voxel displacement map calculated from the
field maps was coregistered to the first echo-1 image from the first run,
and applied to the combined time series for each run. The preprocessed
BOLD time series corresponding to the optimal denoised combination
of echoes outputted by the Tedana workflow were then used for RSA,
where we used unsmoothed functional images in native space to keep
the finer-grained structure of activity. For univariate analysis, the pre-
processed BOLD time series were also spatially normalized to MNI space
using SPM’s nonlinear registration tool, DARTEL; spatially normalized
images were then smoothed with an 8 mm isotropic FWHM Gaussian
kernel.

Experimental design and statistical analysis
Sample size. The sample size was determined using effect sizes from

two previous studies. Staresina et al. (2012) reported a large encoding-re-
trieval RSA similarity effect (d=0.87). However, subsequent memory
effects are typically more subtle, for example, d= 0.57 for an activation
measure (Morcom et al., 2003). We calculated that, with N=28, we
would have 0.8 power to detect d= 0.55 for a one sample t test at
a=0.05 (G*Power 3.1.9.2).

Behavioral analysis. To assess whether differences in task engage-
ment during memory encoding predicted later memory, we modeled the
effects of encoding task accuracy (0, 1) on subsequent memory outcomes
using two separate generalized linear mixed effect models (GLMMs) for
studied items tested as old (subsequent hits and misses as predictors)
and for studied items tested as lures (subsequent false alarms and correct
rejection as predictors). Similarly, to assess any differences in study
phase reaction times according to subsequent memory status, we used
two further linear mixed effect models. At test, to evaluate the effects on

memory of perceptual and semantic similarity between objects, we also
applied a GLMM following the methods of Naspi et al. (2020). This had
dependent measures of response at test (“old” or “new”) and confusabil-
ity predictors calculated for each image and concept. C1 visual and color
confusability was defined as the similarity value of an image with its
most similar picture (i.e., the nearest neighbor) from Pearson correlation
and earth’s mover distance metrics, respectively. Concept confusability
was calculated by a weighted sum of the cosine similarities between
objects in which each weight was the between-concept similarity itself
(i.e., the sum of squared similarities) (see Naspi et al., 2020). All the anal-
yses described above were conducted data with the lme4 package (ver-
sion 1.1-23) in R (version 4.0.0). Models included random intercepts to
account for variation over items and participants.

Multivariate fMRI analysis
Overview. The goal of our study was to investigate how perceptual

and semantic representations processed at encoding predict successful
and unsuccessful mnemonic discrimination. To test this, we used RSA
to assess whether the fit of perceptual and semantic representational
models to activity patterns at encoding predicted subsequent memory.
In two main sets of analyses, we examined representations predicting
later true recognition of studied items and representations predicting
false recognition of similar lures. We implemented a novel approach
that models the interaction of representation similarity with subsequent
memory in a single step. Each memory encoding model contrasts the
strength of visual and semantic representations of items later remem-
bered versus forgotten (or falsely recognized vs correctly rejected) within
the same representational dissimilarity matrix (RDM). In a third set of
analyses, we also aimed to replicate Clarke and Tyler (2014) key findings
regarding perceptual and semantic representations regardless of mem-
ory. All RSAs were performed separately for each participant on trial-
specific parameter estimates from a GLM.We then followed three stand-
ard steps: (1) for each theoretical perceptual and semantic model, we cre-
ated model RDMs embodying the predicted pairwise dissimilarity over
items; (2) for each ROI (or searchlight sphere), we created fMRI data
RDMs embodying the actual dissimilarity of multivoxel activity patterns
over items; and (3) we determined the fits between the model RDMs and
the fMRI data RDM for each ROI (or searchlight sphere). The imple-
mentation of these steps is outlined in the following sections.

RSA first-level GLM. Statistical analysis of fMRI data was performed
in SPM12 using the first-level GLM and a least-squares-all method
(Mumford et al., 2012). For each participant, the design matrix included
one regressor for each trial of interest, for a total of 327 or 328 regressors
(depending on counterbalancing), computed by convolving the 0.5 s du-
ration stimulus function with a canonical HRF. For each run, we also
included 12 motion regressors comprising the three translations and
three rotations estimated during spatial realignment, and their scan-to-
scan differences, as well as individual scan regressors for any excluded
scans, and session constants for each of the four scanner runs. The
model was fit to native space preprocessed functional images using
Variational Bayes estimation with an AR(3) autocorrelation model
(Penny et al., 2005). A high-pass filter with a cutoff of 128 s was applied,
and data were scaled to a grand mean of 100 across all voxels and scans
within sessions. Rather than using the default SPM whole-brain mask
(which requires a voxel intensity of 0.8 of the global mean and can lead
to exclusion of ventral anterior temporal lobe voxels), we set the implicit
mask threshold to 0 and instead included only voxels that had at least a
0.2 probability of being in gray or white matter, as indicated by the tissue
segmentation of the participant’s T1 scan.

ROIs. All ROIs are shown in Figure 1. We defined six ROIs, includ-
ing areas spanning the ventral visual stream, which have been implicated
in visual and semantic feature-based object recognition processes
(Clarke and Tyler, 2014, 2015). We also included the LIFG, strongly
implicated in semantic contributions to episodic encoding (Kim, 2011),
and bilateral aVTC, which is implicated in semantic representation
(Lambon Ralph et al., 2017) and is hypothesized to contribute to false
memory encoding, albeit mainly in associative false memory tasks
(Chadwick et al., 2016; Zhu et al., 2019). Except where explicitly stated,
ROIs were bilateral and defined in MNI space using the Harvard-Oxford
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structural atlas: (1) the early visual cortex
(EVC; BA17/18) ROI was defined using the
Julich probabilistic cytoarchitectonic maps
(Amunts et al., 2000) from the SPM Anatomy
toolbox (Eickhoff et al., 2005); (2) the poste-
rior ventral temporal cortex (pVTC) ROI con-
sisted of the inferior temporal gyrus (ITG,
occipito-temporal division), fusiform gyrus
(FG), lingual gyrus (LG), and parahippocam-
pal cortex (PHC, posterior division); (3) the
PrC ROI was defined using the probabilistic
perirhinal map, including voxels with a.10%
probability to be in that region (Devlin and
Price, 2007; Holdstock et al., 2009); (4) the
aVTC ROI included voxels with.30% proba-
bility of being in the anterior division of the
ITG and.30% probability of being in the an-
terior division of the FG; and (5) the LIFG
(BA44/45) consisted of the pars triangularis
and pars opercularis. Last, we used univari-
ate analysis as a preregistered method to
define additional ROIs for RSA around any
regions not already in the analysis that
showed significant subsequent memory
effects. Based on this analysis, we also
included (6) the left ITG (LITG, occipito-
temporal division) (see Univariate fMRI
analysis). The LITG has been previously
implicated in true and false memory
encoding (Dennis et al., 2007; Kim and
Cabeza, 2007). The ROIs in Figure 1
are mapped on a pial representation of
cortex using the Connectome Workbench
(https://www.humanconnectome.org/software/
connectome-workbench).

RSA ROI analysis
Model RDMs.We created four theoretical RDMs using low-level vis-

ual, color, binary-categorical, and specific object semantic feature meas-
ures. Figure 2 illustrates the multidimensional scale plots for the
perceptual and semantic relations expressed by these models, and Figure
3 shows the model RDMs. Memory encoding RDMs are displayed in
Figure 3A, B, and overall RDMs regardless of memory in Figure 3C.

1. The early visual RDM was derived from the HMax computational
model of vision (Riesenhuber and Poggio, 1999; Serre et al., 2007)
and captured the low-level (V1) visual attributes of each picture in
the C1 layer. Pairwise dissimilarity values were computed as 1 –
Pearson’s correlations between response vectors for grayscale ver-
sions of each image.

2. The color RDM was calculated using the color distance package
(version 1.1.0) (Weller and Westneat, 2019) in R. After converting
the RGB channels into CIELab space, we calculated the earth mov-
er’s distance between each pair of images (Rubner et al., 2000). We
then normalized the distance so that the dissimilarity values ranged
from 0 (lowest) to 1 (highest).

3. The animal-nonbiological-plant RDM combined the 24 object cate-
gories together according to three domains: animal, nonbiological,
and plants (Clarke and Tyler, 2014). Pairwise dissimilarity values in
this RDMwere either 0 (same domain) or 1 (different domain).

4. Construction of the semantic feature RDM followed Clarke and
Tyler (2014) but used updated property norms (Devereux et al.,
2014). We first computed pairwise feature similarity between con-
cepts from a semantic feature matrix in which each concept is repre-
sented by a binary vector indicating whether a given feature is
associated with the concept or not. Pairwise dissimilarity between
concepts was computed as 1 – S where S is equal to the cosine angle
between feature vectors. This RDM captures both categorical simi-
larity between objects (as objects from similar categories have similar
features) and within-category object individuation (as objects are
composed of a unique set of features).

For the analyses of memory encoding, model RDMs were split into
two, giving one RDM for each subsequent memory analysis. The true
subsequent memory RDMs included only items that were subsequently
tested as old; these were coded as subsequent hits or subsequent misses
(Fig. 3A). The false subsequent memory RDMs included only items that
were subsequently tested as lures; these were coded as subsequent false
alarms or subsequent correct rejections (Fig. 3B). For true subsequent
memory, we computed dissimilarity between all pairs of subsequently
remembered items, and all pairs of subsequently forgotten items, omit-
ting pairings of subsequently remembered and subsequently forgotten
items. Then, to assess how dissimilarity depended on subsequent mem-
ory, we weighted the model RDMs so that the sum of the cells corre-
sponding to remembered items equaled 1 and the sum of the cells
corresponding to forgotten items equaled �1, so the dissimilarity values
for all included trials summed to 0 (i.e., subsequent hits – subsequent
misses). Thus, positive correlations of the model RDMs with the fMRI
data RDMs indicate that the representations are aligned more strongly
with neural patterns for items that are later remembered than forgotten.
Conversely, negative correlations indicate greater alignment for items
that are later forgotten than remembered items. For false subsequent
memory, we followed the same procedure, but subsequent false alarms
were substituted for subsequent hits, and subsequent correct rejections
for subsequent misses. Although an unequal number of trials can create
spurious effects, we have a sufficiently large number of trials for each
participant and condition for reliable correlation coefficients. According
to one estimate, a correlation needs to have at least 150 observations to
be considered stable (Schönbrodt and Perugini, 2013). In our study, only
1 participant yielded ,150 similarity values, from a matrix of 17 falsely
recognized trials, which gives a vector of 136 unique similarity values.
Thus, we can be fairly confident in our results. Analyses were imple-
mented using customMATLAB version 2019b (The MathWorks) and R
(version 4.0.0; R Core Team, 2017) functions (https://osf.io/ypmdj). For
the RSAs regardless of memory, we modeled dissimilarities between all
item pairs, treating all trials in the same way (Fig. 3C).

fMRI data RDMs. Parameter estimates were extracted from gray
matter voxels in each ROI for all trials of interest. For each voxel, these

Figure 1. Binary ROIs overlaid on a pial cortical surface based on the normalized structural image averaged over participants.
Colored ROIs represent regions known to be important in episodic encoding and in visual or semantic cognition. Circled num-
bers specify different subregions within pVTC (for details, see ROI).
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betas were then normalized by dividing them by the SD of its residuals
(Walther et al., 2016). As for the model RDMs, we constructed separate
fMRI data RDMs for the true and false subsequent memory and overall
object processing analyses. For the true subsequent memory analysis, the
fMRI data RDM represented activity patterns for concepts subsequently
tested as old, and for the false subsequent memory analysis, the fMRI
data RDM represented activity patterns for concepts subsequently tested
as lures. For the overall analysis, the RDM represented activity patterns
for all study trials. For the fMRI data, RDMs for the subsequent memory
analysis, as for the model RDMs, we computed dissimilarity between all
pairings of subsequently remembered (or falsely recognized) items, and
between all pairings of subsequently forgotten (or correctly rejected)
items, omitting pairings between different trial types. Distance between
each item pair was computed as 1 – Pearson’s correlation, creating a dis-
similarity matrix.

Fitting model to data RDMs. Each fMRI data RDM was compared
with each theoretical model RDM using Spearman’s rank correlation,
and the resulting dissimilarity values were Fisher-transformed. It is im-
portant to note that the Spearman’s rank correlation is not affected by
the weighting procedure for number of trials, since this measure does
not depend on the distance between pair of items; thus, the order of the
ranks is equivalent. For the subsequent memory analysis, we tested for
significant positive and negative similarities between model RDM and

fMRI data RDMs at the group level using a two-sided Fisher’s one-sample
randomization (10,000 permutation) test for location with a Bonferroni cor-
rection over 6 ROIs. The permutation distribution of the test statistic T enu-
merates all the possible ways of permuting the correlation signs, positive or
negative, of the observed values and computes the resulting sum. Thus, for
a two-sided hypothesis, the p value is computed from the permutation dis-
tribution of the absolute value of T, calculating the proportion of values in
this permutation distribution that are greater than or equal to the observed
value of T (Millard and Neerchal, 2001). For the overall analysis, we only
tested for significant positive similarities between model RDM and fMRI
data RDMs (Clarke and Tyler, 2014), using a one-sided test, in which the p
value is evaluated as the proportion of sums in the permutation distribution
that are greater than or equal to the observed sum T (Millard and Neerchal,
2001). To find the unique effect of model RDMs, each fMRI data RDM
showing a significant effect was also compared with each theoretical model
RDM while controlling for effects of all other significant model RDMs
(using partial Spearman’s rank correlations). While correlations between
model RDMs were generally low, the object-specific feature model shared
;19% variance with the category model (r=0.44; Fig. 3D), likely reflecting
the information about coarse semantic categories as well as individual
objects that is carried by feature similarities (Clarke and Tyler, 2014).

Post hoc RSAs by memory item type. For regions and models showing
significant RSA memory effects, we explored whether representations

Figure 2. Multidimensional scale plots for perceptual and semantic similarities for the four models. Pairwise similarities were calculated to create RDMs. A, C1 visual similarity codes for a
combination of orientation and shape (e.g., round objects toward the top, horizontal shapes on the right, vertical shapes at the bottom). B, Color similarity represents color saturation and size
information (i.e., from bright on the left to dark at the bottom, and white toward the top). C, Binary categorical semantic similarity codes for domain-level representations distinguishing ani-
mals, plants, and nonbiological objects (bottom left, top, and bottom right, respectively). D, Semantic feature similarity codes for finer-grained distinctions based on features of each concept
(e.g., differences within living things at the bottom, nonliving things on the left, and many categories of animal on the top right). The objects shown are taken from a single subject at
encoding.
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aligned with each item type were significantly
different from zero. To do this, we created four
separate model and fMRI data RDMs for items
subsequently remembered, forgotten, falsely
recognized, and correctly rejected. We then fol-
lowed the same steps as described for the ROI
analysis regardless of memory but fit model
RDMS to fMRI data RDMs for each trial type
separately. Then, we tested for significant posi-
tive similarity at the group level using a one-
tailed Fisher’s one-sample randomization test
(10,000 permutations) for location. We applied
Bonferroni corrections for the 6 preregistered
and the 6 exploratory ROIs.

RSA searchlight analysis. In addition to the
targeted ROI analysis, we ran a whole-brain
searchlight analysis. This followed the same
three main steps as the ROI analysis (see RSA
ROI analysis). For each voxel, the fMRI data
RDM was computed from parameter estimates
for gray matter voxels within a spherical
searchlight of radius 7 mm, corresponding to
maximum dimensions 5� 5 � 5 voxels.
Dissimilarity was again estimated using 1 –
Pearson’s correlation. As in the ROI analysis,
this fMRI data RDM was compared with the
model RDMs, and the resulting dissimilarity
values were Fisher-transformed and mapped
back to the voxel at the center of the search-
light. The similarity map for each model RDM
and participant was then normalized to the
MNI template space (see Image preprocess-
ing). For each model RDM, the similarity
maps were entered into a group-level random-
effects analysis and thresholded using permu-
tation-based statistical nonparametric mapping
(http://www.nisox.org/Software/SnPM13/).
This corrected for multiple comparisons across
voxels and the number of theoretical model RDMs. As for the ROIs, we
performed two-tailed tests in the subsequent memory analyses and one-
tailed tests for the overall analysis. Variance smoothing of 6 mm FWHM
and 10,000 permutations were used in all analyses. We used cluster-level
inferences with FWE correction at a = 0.025 in each direction for the
two-tailed tests and a = 0.05 for the one-tailed test, in both cases with a
cluster-forming threshold of 0.005 uncorrected. All results are presented
on an inflated representation of the cortex using the BrainNet Viewer
(Xia et al., 2013) (http://www.nitrc.org/projects/bnv/) based on a stand-
ard ICBM152 template.

Univariate fMRI analysis
In addition to RSA, we used univariate analysis to test whether activation
in PrC was related to the conceptual confusability of an object, in a repli-
cation of Clarke and Tyler (2014), and whether this activation predicted
memory. We also used activations to define additional ROIs (see ROIs).
The first-level GLM for each participant included one regressor of interest
for each of the four experimental conditions (subsequent hits, misses, false
alarms, and correct rejections). For each condition, we also included four
linear parametric modulator regressors representing concept confusability
values for each concept with other concepts in the Center for Speech,
Language and the Brain property norms (Devereux et al., 2014). We first
computed a semantic similarity score between each pair of concepts (see
Model RDMs). The concept confusability score of each concept was then
equal to the sum of squared similarities between it and the other concepts
in the set. This was equivalent to a weighted sum of pairwise similarities in
which each weight was the between-concept similarity itself, a measure
used in our recent behavioral study (Naspi et al., 2020). As also specified
in the preregistration, since the results of the concept confusability analysis
diverged from those of Clarke and Tyler (2014), we ran an additional anal-
ysis using a measure of concept confusability with a stronger weighting

scheme equivalent to theirs. They defined concept confusability as the ex-
ponential of the ranked similarities of all the paired concepts, which is
very close to a nearest neighbor scheme in which each concept’s similarity
is equal to its similarity to the most similar concept in the set. Because of
our larger number of items, the exponential weighting produced
extremely large weights, so we substituted the simpler nearest neighbor
scheme (the two measures were correlated at r=0.98). We used an explicit
mask including only voxels which had at least a 0.2 probability of being in
gray matter as defined using the MNI template. To permit inferences
about encoding condition effects across participants, contrast images were
submitted to a second-level group analysis (one-sample t test) to obtain t-
statistic maps. The maps were thresholded at p, 0.05, FWE-corrected for
multiple comparisons at the voxel level using SPM (the preregistration
specified 3dClustSim in AFNI, but this function had since been updated)
(Cox et al., 2017); so for simplicity, we used the SPM default. Only regions
whose activations involved contiguous clusters of at least 5 voxels were
retained as ROIs for subsequent RSA.

Code accessibility
All analyses were performed using custom code and implemented either
in MATLAB or R. All code and the data for the behavioral and the fMRI
analyses are available through https://osf.io/z4c62/.

Results
Memory task performance
In the study phase, participants correctly identified most of the
time whether concepts began with a consonant or vowel on the
incidental encoding task (mean proportion= 0.78). Analysis on
task engagement (see Behavioral data) using a GLMM showed
that accuracy at encoding did not differ according to whether
items that were tested as studied were later remembered relative

Figure 3. Representational dissimilarity matrices. A, Dissimilarity predictions of the four true subsequent memory models,
which included items that were later tested as old, coding subsequent hits positively (top left quadrants) and subsequent
misses negatively (bottom right quadrants). B, Dissimilarity predictions of the four false subsequent memory models, which
included items that were later tested as lures, coding subsequent false alarms positively (top left quadrants), and subsequent
correct rejections negatively (bottom right quadrants). C, Dissimilarity models of object processing including all the items. D,
Similarity between theoretical models. The color palettes used for the model correlations in D are the inverse of those used
for the model RDMs in A-C. The specific models are unique for each participant. For visualization purposes, similarity values
within true and false subsequent memory RDMs have not been scaled. A-N-P, Animal-nonbiological-plant.
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to forgotten (b = 0.110, SEM=0.242, z= 0.456, p= 0.649), or
whether items that were tested as lures were later falsely recog-
nized relative to correctly rejected (b = 0.051, SEM=0.202,
z= 0.251, p=0.802). Similarly, a linear mixed model did not
reveal any difference in reaction times related to subsequent old
items that were later remembered relative to forgotten (b =
0.002, SEM=0.017, t= 0.123, p= 0.902), or subsequent lures that
were later falsely recognized relative to correctly rejected (b =
�0.013, SEM=0.015, t =�0.873, p=0.383). Thus, the fMRI sub-
sequent memory effects are not attributable to differences in ac-
curacy or time on task at encoding.

At test, as a simple check on the overall level of performance,
we used the discrimination index Pr, that is, the difference
between the probability of a hit to studied items and the proba-
bility of a false alarm to novel items. All participants passed the
preregistered inclusion criterion of Pr. 0.1. Overall, discrimina-
tion collapsed across confidence was very good (mean=0.649,
SD=0.131, t(27) = 26.259, p, 0.001). Discrimination was also
above chance for high confidence (mean= 0.771, SD=0.152,
t(27) = 26.868, p, 0.001) and low confidence judgments (mean =
0.330, SD=0.145, t(27) = 12.014, p, 0.001). This suggests that
low confidence responses at test carried veridical memory, so we
followed our preregistered plan to include trials attracting both
high and low confidence responses in the subsequent memory
analysis. Following an analogous procedure for false recognition
of similar lures corrected by subtracting the proportion of false
alarms to novel items, we also found that this was significantly
above chance for judgments collapsed across confidence (mean =
0.271, SD=0.090, t(27) = 15.996, p, 0.001), and for both high con-
fidence (mean=0.293, SD=0.133, t(27) = 11.618, p, 0.001) and
low confidence (mean=0.157, SD=0.160, t(27) = 5.187, p, 0.001)
considered separately.

We then used a GLMM to quantify the influence of percep-
tual and semantic variables on memory performance according
to item status. Our variables of interest were condition (studied,
lure, or novel), concept confusability, C1 visual confusability,
and color confusability (for details, see Behavioral data). Results
revealed modulations of memory by perceptual and semantic
variables in line with our recent behavioral study (Naspi et al.,
2020). People were less likely to recognize studied items for
which the low-level visual representations (C1) were more simi-
lar to those of their nearest neighbor (b = �0.166, SEM=0.064,
z = �2.584, p=0.015), and also less likely to recognize studied
items with high concept confusability relative to novel items (b =
�0.533, SEM=0.067, z = �7.963, p, 0.001). As expected, con-
cept confusability also had a substantial effect on false recognition
of similar lures relative to novel items, whereby images whose con-
cepts were more confusable with other concepts in the set were
less likely to be falsely recognized (b = �0.273, SEM=0.064, z =
�4.292, p, 0.001).

Preregistered RSA in ROIs
Perceptual and semantic representations predict true recognition
To examine representations engaged during successful encoding,
we compared the fit of early visual, color, animal-nonbiological-
plant, and semantic feature models for studied items tested as
old that were subsequently remembered (number of trials,
mean= 61.41; range= 60-146) versus forgotten (number of trials,
mean= 19.93; range = 17-104) (Fig. 4A). These comparisons
were bidirectional, since engagement of perceptual and/or
semantic processing in a region might either support or be detri-
mental to later memory. Thus, we used a two-sided Fisher’s ran-
domization test T. In posterior ROIs, engagement of both

perceptual and finer-grained semantic representations tended to
predict successful later recognition. In EVC, the early visual
model strongly predicted later true recognition of studied items
(mean=0.07, 95% CI [0.05, 0.09], T= 1.86, p, 0.001). Thus,
when the neural patterns at study were representing visual infor-
mation, items were more likely to be correctly recognized. Both
the early visual and semantic feature models also predicted true
recognition in pVTC (mean=0.03, 95% CI [0.02, 0.04], T= 0.82,
p, 0.001, and mean= 0.02, 95% CI [0.01, 0.04], T= 0.67,
p=0.007, respectively). In contrast, taxonomic semantic repre-
sentations coded more anteriorly were associated with later for-
getting. In aVTC and in the LIFG, model fit for categorical
semantic information represented by the animal-nonbiological-
plant domain was less for remembered than forgotten studied
items (mean =�0.01, 95% CI [�0.02,�0.01], T = 0.35, p=0.001,
and mean = �0.02, 95% CI [�0.04. �0.01], T = 0.65, p= 0.004,
respectively). Thus, when neural patterns in these regions were
aligned with items’ taxonomic categories, participants were less
likely to successfully recognize them. No other results were
significant.

We also checked which representations showed unique effects
that predicted memory after controlling for effects of other sig-
nificant models using partial correlation. In pVTC, only the early
visual model uniquely predicted successful recognition memory
for studied items (mean=0.02, 95% CI [0.01, 0.03], T= 0.64,
p= 0.004) (but see Exploratory ROI analysis).

Weak perceptual representations predict false recognition
To examine how the perceptual and semantic representations
embodied in our theoretical models contributed to subsequent
memory for lures, we compared RSA model fit for items that were
later falsely recognized (number of trials, mean=30.71;
range=26-107) versus correctly rejected (number of trials,
mean=50.61; range=54-131) (Fig. 4B). In posterior regions,
weaker low-level visual representations of pictures predicted sub-
sequent false recognition of lures. We observed this pattern in
both the EVC and the LITG (mean = �0.02, 95% CI [�0.04,
�0.01], T=0.66, p=0.047, and mean = �0.02, 95% CI [�0.04,
�0.01], T= 0.69, p=0.026, respectively). Thus, when neural pat-
terns in these regions were not aligned with the early visual model,
items were more likely to be falsely recognized. No other results
were significant.

Perceptual and semantic object processing regardless of
memory
Replicating Clarke and Tyler (2014), we also examined the per-
ceptual and semantic representations of objects that were
reflected in fMRI activity patterns regardless of memory encod-
ing. The results (Fig. 5) showed that, while visual information is
broadly represented posteriorly, activity patterns in the aVTC,
PrC, and LIFG reflect finer-grained semantic information.
Posteriorly, EVC showed a strong relationship with the low-level
visual model (mean= 0.08, 95% CI [0.06, 0.10], T= 2.21,
p, 0.001), and a weaker but significant relation with the seman-
tic feature model (mean= 0.01, 95% CI [0.00, 0.01], T= 0.20,
p= 0.032). More anteriorly, the low-level visual and semantic fea-
ture models were both significantly related to activity patterns in
pVTC (mean= 0.04, 95% CI [0.03, 0.04], T = 1.00, p, 0.001, and
mean=0.02, 95% CI [0.02, 0.03], T= 0.60, p, 0.001, respec-
tively) and in LITG (mean=0.01, 95% CI [0.00, 0.02], T= 0.26,
p, 0.038, and mean= 0.02, 95% CI [0.01, 0.02], T= 0.45,
p, 0.001, respectively). At the apex of the ventral visual path-
way, semantic feature information was coded in both the
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bilateral aVTC (mean= 0.01, 95% CI [0.00,
0.01], T= 0.17, p=0.006) and in bilateral
PrC (mean= 0.01, 95% CI [0.00, 0.01],
T= 0.19, p, 0.001). These findings repli-
cated those of Clarke and Tyler (2014).
The specific semantic properties of objects
were also represented in the LIFG
(mean=0.01, 95% CI [0.01, 0.02], T= 0.30,
p=0.001).

We then ran a partial correlation on
those ROIs showing significant effects for
multiple models. As expected, patterns of
activity in the EVC were uniquely related
to the early visual model (mean= 0.08,
95% CI [0.06, 0.10], T= 2.20, p, 0.001),
replicating Clarke and Tyler’s (2014)
results. Thus, the semantic feature model
was no longer significant when the early
visual model was controlled for. More
anteriorly, the pattern of activity in the
pVTC had unique relations to both low-
level visual and semantic feature informa-
tion (mean=0.03, 95% CI [0.03, 0.04],
T= 0.96, p, 0.001, and mean= 0.02, 95%
CI [0.01, 0.02], T= 0.54, p, 0.001, respec-
tively). However, after controlling for the
low-level visual model, activity patterns in
the LITG were only uniquely associated
with semantic feature representations
(mean= 0.02, 95% CI [0.01, 0.02], T= 0.44,
p, 0.001). Thus, like Clarke and Tyler
(2014), we found that visual information is
represented in early visual regions. We
also replicated their finding that semantic
feature similarity information was coded
more anteriorly in the PrC, and found fur-
ther, also anterior, regions that showed a
similar pattern, in the aVTC and the LIFG
(see also RSA searchlight fMRI analysis).

Exploratory RSA in ROIs
Perceptual and semantic representations
in pVTC subdivisions predict true
recognition
In the preregistered analyses reported above,
our large pVTC ROI showed evidence of
both visual and semantic feature representa-
tions predicting memory success. We there-
fore explored whether four subdivisions of
this large bilateral region showed distinct
effects: the LG, ITG, FG, and PHC (see
ROIs). Moreover, given our strong a priori
prediction of involvement of PrC in subse-
quent memory, we ran exploratory analyses
in left PrC (LPrC) and right PrC, separately.
The results are shown below in Figure 6.
Posteriorly, in bilateral LG, perceptual infor-
mation related to the early visual model predicted later recognition
of studied items (mean=0.03, 95% CI [0.01, 0.04], T=0.74,
p=0.002), as it did in the EVC ROI. In contrast, more anteriorly,
activity patterns in the FG related to both the low-level visual
and semantic feature models predicted subsequent true recog-
nition (mean = 0.03, 95% CI [0.02, 0.05], T = 0.87, p = 0.002,

and mean = 0.04, 95% CI [0.02, 0.05], T = 1.01, p, 0.001,
respectively), as did categorical semantic information repre-
sented by the animal-nonbiological-plants model in the PHC
(mean=0.02, 95% CI [0.01, 0.03], T=0.55, p=0.019). Lastly, ac-
tivity related to the categorical semantic model in the LPrC pre-
dicted subsequent forgetting (mean = �0.01, 95% CI [�0.02,
0.00], T = 0.28, p = 0.023).

Figure 4. Perceptual and semantic representations predicting subsequent memory for a priori ROIs and models. Plots rep-
resent the relative difference in the strength of perceptual and semantic representations at the group level associated with
the following: A, true subsequent memory (greater representational similarity for remembered than forgotten items, positive
bars); B, false subsequent memory (greater representational similarity for falsely recognized than correctly rejected items,
positive bars). Error bars indicate SEM across participants. Asterisks indicate models for which Spearman’s r differed signifi-
cantly from zero at the group level (two-sided Fisher’s randomization test for location; Bonferroni correction calculated by
multiplying the uncorrected p value by the number of preregistered ROIs, i.e., 6). *p, 0.05. **p, 0.01. ***p, 0.001.
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A partial correlation analysis for
the FG (which showed effects of
multiple models) confirmed that
both the early visual and semantic
feature models were uniquely asso-
ciated with later true recognition
(mean= 0.02, 95% CI [0.01, 0.03], T =
0.58, p= 0.034, and mean= 0.03, 95%
CI [0.01, 0.04], T = 0.71, p= 0.002,
respectively). Thus, both simple visual
and object-specific semantic informa-
tion contributed to memory after con-
trolling for each other.

Perceptual representations in the EVC
predict true recognition
Last, following our main analyses of true
and false memory encoding, we wanted
to check for evidence that the key repre-
sentations predicting later memory dif-
fered according to the type of memory
(true or false). Thus, we compared the
fit of our theoretical models for studied
items tested as old and subsequently
remembered versus those tested as lures
and subsequently falsely recognized.
Results showed that low-level visual in-
formation mapped in EVC was stronger
for true than false recognition (mean=
0.04, 95% CI [0.02, 0.06], T=1.16,
p, 0.001). No other results were signifi-
cant at the Bonferroni-corrected thresh-
old of 6 ROIs; but without a correction,
the theoretically important object-spe-
cific semantic representations in FG
were also stronger for true than false rec-
ognition (mean=0.02, 95% CI [0.00,
0.04], T=0.61, p=0.030).

Post hoc RSAs by memory item type
Where the RSAs showed that representa-
tional similarity differed significantly
according to subsequent memory, we
explored which trial types, hits or misses,
and falsely recognized or correctly
rejected, carried representations of the
relevant information. To do this, we
asked whether representational similarity
was significantly different from zero for
each trial type separately (Table 1). For
all models and ROIs where the alignment
of neural patterns with a perceptual or
semantic model positively predicted true
memory, significant representational sim-
ilarity was present only for subsequently
remembered items. Examples were low-
level visual representations in EVC and
pVTC, and fine-grained semantic repre-
sentations in pVTC. In contrast, for
almost all models and ROIs in which the
alignment of neural patterns with the
model predicted forgetting, significant
representational similarity was present

Figure 5. Perceptual and semantic representations represented in ROIs regardless of memory encoding. Plots represent the
strength of perceptual and semantic representations at the group level within patterns of activity along the ventral stream and
frontal regions. Error bars indicate SEM across subjects. Asterisks above and below the bars indicate p values for tests of whether
each individual Spearman’s correlation is.0 (one-sided Fisher’s randomization test for location; Bonferroni correction calculated
by multiplying the uncorrected p value by the number of preregistered ROIs, i.e., 6). *p, 0.05. **p, 0.01. ***p, 0.001.

Figure 6. Perceptual and semantic representations predicting true subsequent memory in exploratory ROIs. Plots represent the
relative difference in the strength of perceptual and semantic representations at the group-level associated with true subsequent
memory (greater representational similarity for remembered than forgotten items, positive bars). Error bars indicate SEM across
participants. Asterisks indicate significance of tests of group-level differences of Spearman’s r from zero (two-sided Fisher’s ran-
domization test for location; Bonferroni correction calculated by multiplying the uncorrected p value by the number of exploratory
ROIs, i.e., 6). *p, 0.05. **p, 0.01. ***p, 0.001.
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only for forgotten items. This pattern was found in aVTC and
LIFG, and in the exploratory analysis, in LPrC. Last, in the visual
regions where the alignment of neural patterns with low-level visual
representations predicted correct rejection of lures in early and late
visual regions, there was significant representational similarity only
on correct rejection trials.

Preregistered RSA searchlight analysis
Perceptual and semantic representations associated with memory
encoding
The RSA searchlight analysis tested for any further brain regions
coding for perceptual and semantic information associated with
memory encoding (Fig. 7; Table 2). The true subsequent memory
models showed significant fit to activity patterns in several areas
beyond the a priori ROIs. The color similarity model was related
to patterns in the right parietal opercular cortex, superior frontal
gyrus, and precentral gyrus, and this representation at encoding
predicted later successful recognition of studied items. Fine-
grained semantic features represented in the right lateral occipi-
tal cortex (LOC) also predicted true recognition. Coarse categori-
cal semantic representations in right inferior frontal gyrus

(BA44/45/47) and frontal pole were associated with later forget-
ting, paralleling the findings for the a priori ROI in LIFG
(BA44/45).

Perceptual and semantic object processing regardless of memory
Searchlight analysis was also conducted for the perceptual and
semantic model RDMs across all trials regardless of memory
encoding (Fig. 8; Table 3). The models showed significant fit to
multivoxel activity patterns in several areas beyond the a priori
ROIs. In particular, the effects for the color model were largely
restricted to the right LOC, right middle temporal gyrus, and
intracalcarine cortex, but also extended into the left LOC and
supramarginal gyrus. Categorical semantic representations rep-
resented by the animal-nonbiological-plant domain were largely
restricted to posterior parts of the ventral stream, highlighting
the coarse nature of object information represented in the
pVTC. This included the right temporal fusiform cortex, the
right LG, and the posterior division of PHC, but also extended
into the middle temporal lobe. In contrast, representation of finer-
grained semantic properties of objects extended more anteriorly in
the ventral pathway beyond the preregistered ROIs, into bilateral
hippocampus, temporal pole, and ventromedial frontal regions.

Table 1. Post hoc analysis in regions associated with true and false subsequent memory in the preregistered and exploratory analysis

True subsequent memory (Sub hits . Sub misses)

Preregistered
ROIs

Early visual model Color model A-N-P model Semantic feature model

Mean CI Mean CI Mean CI Mean CI

EVC
Sub hits 0.07*** 0.05-0.09
Sub misses 0.02 0.01-0.03
pVTC
Sub hits 0.05*** 0.04-0.06 0.04*** 0.04-0.05
Sub misses 0.01 �0.01-0.02 0.01 �0.01-0.03
aVTC
Sub hits 0.00 0.00-0.01
Sub misses 0.02** 0.01-0.03
LIFG
Sub hits �0.01 �0.01-0.00
Sub misses 0.02* 0.01-0.03
Exploratory ROIs
LG
Sub hits 0.04*** 0.03-0.05
Sub misses 0.00 �0.02-0.02
FG
Sub hits 0.04*** 0.03-0.05 0.04*** 0.03-0.05
Sub misses 0.00 �0.02-0.02 0.00 �0.02-0.01
PHC
Sub hits 0.04*** 0.03-0.05
Sub misses 0.01* 0.00-0.03
LPrC
Sub hits 0.00 0.00-0.01
Sub misses 0.03*** 0.01-0.04

False subsequent memory (Sub FAs . Sub CRs)

Early visual model Color model A-N-P model Semantic feature model

Preregistered ROIs Mean CI Mean CI Mean CI Mean CI
EVC
Sub FAs 0.01 �0.01-0.03
Sub CRs 0.04*** 0.03-0.06
LITG
Sub FAs 0.00 �0.01-0.01
Sub CRs 0.03*** 0.02-0.05

Mean estimate and CIs are reported for each trial type. A-N-P, Animal-nonbiological-plant; FAs, false alarms; CRs, correct rejections.
Asterisks indicate models for which Spearman’s r differed significantly from zero at the group level (one-sided Fisher’s randomization test with Bonferroni corrections for preregistered and exploratory ROIs, i.e., 6 each).
*p, 0.05; **p, 0.01; ***p, 0.001.
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Preregistered univariate fMRI analysis
Encoding activity predicting true and false recognition
Univariate analysis was run to derive ROIs for RSA based on
subsequent memory effects in regions where prior literature is

suggestive, but not clear, regarding their involvement. This
showed significant activation for subsequently remembered .
subsequently forgotten items in the LITG (cluster size: k=13,
p, 0.05 FWE). No significant activation was revealed for subse-
quently falsely recognized . subsequently correctly rejected
items after FWE correction.

Parametric effect of concept confusability
Finally, we were interested in the specific role of the PrC, and possi-
bly aVTC, in processing conceptually confusable objects. These
regions were not related to parametric changes in concept confus-
ability regardless of memory encoding. Therefore, we did not repli-
cate Clarke and Tyler (2014)’s finding of increased activation for
more conceptually confusable objects (uncorrected p=0.139 and
p=0.05 for PrC and aVTC, respectively). Subsequent memory
effects were also not significant at the preregistered FWE-corrected
threshold. However, at an uncorrected threshold, activity associated
with concept confusability was greater for subsequently forgotten
than remembered items in right PrC (cluster size: k=12, p, 0.005)
and bilateral aVTC (right cluster size: k=19, p, 0.001; left cluster
size: k=6, p, 0.001). Activity associated with concept confusability
was also greater for subsequently falsely recognized than correctly
rejected items in bilateral PrC (right cluster size: k=35, p, 0.005;

left cluster size: k=11, p, 0.005), and right
aVTC (cluster size: k=22, p, 0.005), and
for subsequently falsely recognized than
remembered items in bilateral PrC (right
cluster size: k=25, p, 0.005; left cluster size:
k=12, p, 0.005), and right aVTC (cluster
size: k=16, p, 0.005).

Discussion
Our results show that semantic and per-
ceptual representations play distinct roles
in true and false memory encoding. By
combining explicit models of prior con-
ceptual knowledge and image properties
with a subsequent memory paradigm, we
probed their separate contributions to
encoding of objects. Fine-grained percep-
tual and semantic processing in the ventral
visual pathway both predicted later recog-
nition of studied objects, while coarser-
grained categorical semantic information
processed more anteriorly predicted for-
getting. In contrast, only weak low-level
visual representations in posterior regions
predicted false recognition of similar
objects. The data provide the first direct
tests of fuzzy-trace theory’s assumptions
about how memories are encoded, and
suggest that semantic representations may
contribute to specific as well as gist mem-
ory phenomena (Brainerd and Reyna,
2002).

Our results for the early visual model in
the ROI and searchlight analyses converge
with studies showing univariate subse-
quent memory effects in the same regions
(Wagner et al., 1998; Kirchhoff et al., 2000;

Kim and Cabeza, 2007; Pidgeon and Morcom, 2016). Distributed
low-level visual representations in EVC predicted successful later

Table 2. RSA searchlight results showing perceptual and semantic effects on
true memory encoding

Region Cluster extent
Cluster-level
p(FWE) Pseudo-t x y z

Early visual
R occipital pole 2493 0.005 10.04 18 �93 9
R lingual gyrus 8.91 15 �78 �6
L occipital pole 7.20 �12 �96 6

Color
R parietal operculum cortex 1756 0.010 4.77 48 �21 24
R superior frontal gyrus 3.91 9 3 66
R precentral gyrus 3.58 18 �18 69

Animal-nonbiological-plant
R inferior frontal gyrus (BA44) 1405 0.012 6.05 54 15 27
R inferior frontal gyrus (BA45) 5.27 52 24 18
R frontal pole 4.35 51 39 3
R inferior frontal gyrus (BA47) 3.34 33 30 �18

Semantic feature
R lingual gyrus 1230 0.018 4.44 12 78 �12
R lateral occipital area 4.32 42 �75 �12
R occipital lingual gyrus 4.29 39 �72 �12
R inferior temporal gyrus (OT) 3.43 45 �60 �15

MNI coordinates and significance levels are shown for the peak voxel in each cluster. Anatomical labels are
provided for peak locations in each cluster. Effects in clusters ,20 voxels not shown. OT, Occipito-temporal
division.

Figure 7. RSA searchlight results for perceptual and semantic models. The figure shows regions in which multivoxel activ-
ity pattern predicted successful subsequent true recognition (hot map) and unsuccessful true recognition (i.e., subsequent for-
getting, cool map). All significant clusters are shown at the FWE-corrected threshold used for analysis (see RSA searchlight
analysis). No suprathreshold voxels survived for the subsequent false recognition models. Similarity maps are presented on
an inflated representation of the cortex based on the normalized structural image averaged over participants.
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recognition of specific studied objects. The C1 HMax representa-
tions embody known properties of primary visual cortex relating
to local edge orientations in images (Kamitani and Tong, 2005),
and this model clustered our object images by overall shape and
orientation (Fig. 2). These results converge with Davis et al.
(2020)’s recent finding that RSA model fit for an early layer of a
deep convolutional neural network in EVC predicted later mem-
ory for pictures. Our data point to specific lower-level properties
available in the presented images that contribute to memory.
The searchlight analysis showed that these properties also
include color (Fig. 7). The roles of the regions with significant
memory effects are not clear, but overall, color information was
represented in LOC as expected.

In late visual regions, such as LG and FG, activity patterns fit-
ting the early visual model also predicted true recognition (Figs.
5 and 7), as hypothesized based on activation studies (Stern et al.,
1996; Kirchhoff et al., 2000; Vaidya et al., 2002; Garoff et al.,
2005; Kim, 2011). We also found that object semantic features
coded in FG predicted true recognition. These pVTC regions
receive low-level properties as input to compute complex shape
information (Kanwisher et al., 2001). Emerging data suggest that
the FG processes visible (but also verbalizable) semantic features,
supporting extraction of meaning from vision. Devereux et al.
(2018) combined deep visual and semantic attractor networks to

model the transformation of vision to semantics, revealing a con-
fluence of late visual representations and early semantic feature
representations in FG (see also Tyler et al., 2013). This converges
with Martin et al.’s (2018) finding that FG patterns aligned with
rated visual object features. Davis et al. (2020) reported that in
FG the mid-layer of a visual deep convolutional neural network
predicted memory for object names when the objects were for-
gotten, while semantic features of the object images predicted
memory for the images when the names were forgotten. Our
findings clarify that both image-based visual codes and non–
image-based semantic feature codes are represented here during
successful encoding. Together, the data further suggest that this
initial extraction of visual semantic features is important for the
effective encoding of memories of specific objects, but not false
recognition of similar objects.

More anteriorly, taxonomic categorical representations in
aVTC and LIFG, as well as (in the searchlight analysis) right infe-
rior frontal gyrus, predicted forgetting of studied items. In an ex-
ploratory result, LPrC showed a similar pattern. These findings
support the idea that coarse-grained domain-level semantic
processing is detrimental to memory for specific objects.
Bilateral IFG typically shows strong univariate subsequent mem-
ory effects for nameable object stimuli (Kim, 2011). It is thought
to support selection and control processes involved in elaborative
semantic encoding (Prince et al., 2007; Jackson et al., 2015).
Object-specific semantic information was also represented in
this region but did not predict recognition. In contrast, taxo-
nomic semantic information was not represented on average
across trials but was present only for forgotten items, suggesting
that processing this information at encoding was detrimental to
memory. One possibility is that domain-level taxonomic process-
ing impeded selection of specific semantic information. Another
possibility, in line with the levels of processing principle, is that
the object naming encoding task did not strongly engage seman-
tic control operations that promote subsequent memory (Craik
and Lockhart, 1972; Otten and Rugg, 2001). Object naming
depends on basic-level object-specific processing in the FG, con-
sistent with the current findings (Taylor et al., 2012). Future
studies can test this by manipulating cognitive operations at
encoding to determine whether the representations promoting
later memory are also task-dependent.

The absence of any association between object-specific repre-
sentations in PrC and encoding was unexpected, although we
replicated Clarke and Tyler (2014)’s central finding that PrC rep-
resents object-specific semantic features. The PrC encodes com-
plex conjunctions of visual (Bussey et al., 2002; Barense et al.,
2012) and semantic features (Bruffaerts et al., 2013; Clarke and
Tyler, 2014) that enable fine-grained object discrimination and
may contribute to later item memory (Brown and Aggleton, 2001;
Yonelinas et al., 2005). As the object-specific semantic model fit
embodied both shared and distinctive feature information, we ran a
further, univariate analysis to examine the directional effect of
shared features (concept confusability). We did not replicate Clarke
and Tyler’s (2014) finding that PrC activation was higher overall for
more confusable objects, interpreted in terms of feature disambigu-
ation. However, we found preliminary evidence that in both PrC
and aVTC, activity correlating with concept confusability predicted
forgetting of studied objects. This result is consistent with our find-
ing that concept confusability strongly impairs true recognition, as
well as discrimination between studied objects and lures (Naspi et
al., 2020), results replicated here. These data also suggest an inter-
pretation of Davis et al.’s (2020) report that semantic feature model
fit in PrC predicted later true recognition of object concepts when

Table 3. RSA Results showing perceptual and semantic effect of object
processing

Region Cluster extent
Cluster-level
p(FWE) Pseudo-t x y z

Early visual
R occipital pole 4844 0.002 13.10 18 �96 12
L occipital pole 13.02 �15 �99 6
R occipital fusiform gyrus 11.53 18 �78 �12

Color
R lateral occipital area 1121 0.019 5.97 45 �75 �3
R middle temporal gyrus 3.45 36 �57 15
R intracalcarine cortex 3.45 21 �72 3
L lateral occipital area 714 0.044 5.67 �42 �81 �3
L supramarginal gyrus 3.66 �60 �48 15

Animal-nonbiological-plant
R lateral occipital area 2110 0.005 6.05 45 �78 6
R lingual gyrus 5.98 30 �39 �6
R temporal fusiform cortex 4.18 39 �54 �18
L parahippocampal cortex 3865 0.002 5.14 �18 �39 �21
L middle temporal gyrus 4.58 �63 �42 0
L supramarginal gyrus 4.43 �60 �42 30

Semantic feature
L lateral occipital area 28111 0.000 10.08 �48 �75 9
R lateral occipital area 9.69 51 �72 6
R temporal fusiform cortex 8.12 42 �51 �15
L temporal fusiform cortex 7.10 �45 �60 �15
L middle temporal gyrus 6.46 �60 0 �18
L hippocampus 5.50 �33 �27 �12
L perirhinal cortex 4.58 �27 �12 �36
R inferior frontal gyrus (BA45) 4.20 51 27 0
R inferior frontal gyrus (BA44) 4.10 51 18 9
R ventromedial prefrontal cortex 4.08 9 51 �12
L ventromedial prefrontal cortex 4.03 �6 51 �12
L inferior frontal gyrus (BA44) 4.02 �51 18 12
L ventral anterior temporal lobe 3.84 �45 �9 �39
L inferior frontal gyrus (BA45) 3.62 �51 27 0
L temporal pole 3.60 �36 3 �36
R hippocampus 3.34 33 �12 �18

MNI coordinates and significance levels are shown for the peak voxel in each cluster. Anatomical labels are
provided for locations in each cluster. Effects in clusters ,20 voxels not shown.
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their pictures were forgotten, which may correspond to nonspecific
encoding.

An important and novel feature of our study is the investiga-
tion of the representational content associated with encoding of
false memories. Our results revealed that weak visual representa-
tions coded in EVC and extending to LITG predicted later false
recognition (Fig. 5), and model fit differed significantly from
true recognition. This supports fuzzy-trace theory’s proposal that
visual detail is encoded in specific memory traces that confer
robustness to later true recognition (Brainerd and Reyna, 2002).
Several univariate fMRI studies of memory retrieval have shown
greater early and late visual cortex activation for true than false
memories of objects (Schacter and Slotnick, 2004; Dennis et al.,
2012; Karanian and Slotnick, 2017, 2018). Of the few encoding
studies, two have found occipital activation predicting true but
not false recognition (Kirchhoff et al., 2000; Dennis et al., 2008;
Pidgeon and Morcom, 2016; but see Garoff et al., 2005). Here,
we not only show that visually specialized regions are engaged
more when encoding true than false memories, but also charac-
terize the visual features involved. Thus, insufficient early visual
analysis at encoding leads to poor mnemonic discrimination of
similar lures. This may prevent later recollection of details of the
studied item that would allow people to reject the similar lures
(recollection rejection) (Brainerd et al., 2003). The RSA result is
also consistent with the behavioral increase in false recognition
for more visually confusable objects (see also Naspi et al., 2020).

We did not find any evidence here that semantic processing
contributes to false memory encoding; and in FG, semantic fea-
ture representations impacted true memory encoding more

strongly. Clearly, we cannot place weight
on the null result, and our models did
not comprehensively address all potential
semantic processes but focused on con-
cept-level processes we have shown to
contribute behaviorally in this task
(Naspi et al., 2020). Lateral and ventral
temporal regions previously implicated
in false memory encoding in verbal tasks
did not show significant effects here
(Dennis et al., 2007; Chadwick et al.,
2016). These areas may support higher-
level verbal semantics linking studied
items to lures. Nonetheless, both in the
current task and following deep semantic
judgments at encoding (Naspi et al.,
2020), concept confusability reduced lure
false recognition relative to novel objects
as well as true recognition. An intriguing
possibility is that the semantic processes
reducing lure false recognition operates
at retrieval rather than at encoding. This
hypothesis will be tested using RSA of re-
trieval phase brain activity in this task.

In conclusion, we have revealed some
of the visual and semantic representations
that allow people to form memories of
specific objects and later reject similar
novel objects. This is the first, to our
knowledge, preregistered study of neural
representations in memory encoding, and
the first probe of representations predict-
ing false recognition. Using previously
validated representational models, we
were able to disentangle low-level image

properties from semantic feature processing. The data provide
novel support for theoretical assumptions implicating visual detail
in specific memory encoding, but suggest that semantic informa-
tion may contribute to specific as well as gist memory. Our
approach offers a path by which future studies can evaluate the re-
spective roles of encoding and retrieval representations in true and
false memory.

References
Abraham A, Pedregosa F, Eickenberg M, Gervais P, Mueller A, Kossaifi J,

Gramfort A, Thirion B, Varoquaux G (2014) Machine learning for neu-
roimaging with scikit-learn. Front Neuroinform 8:1–10.

Amunts K, Malikovic A, Mohlberg H, Schormann T, Zilles K (2000)
Brodmann’s areas 17 and 18 brought into stereotaxic space: where and
how variable? Neuroimage 11:66–84.

Barense MD, Groen II, Lee AC, Yeung LK, Brady SM, Gregori M, Kapur N,
Bussey TJ, Saksida LM, Henson RN (2012) Intact memory for irrelevant
information impairs perception in amnesia. Neuron 75:157–167.

Binder JR, Desai RH, Graves WW, Conant LL (2009) Where is the semantic
system? A critical review and meta-analysis of 120 functional neuroimag-
ing studies. Cereb Cortex 19:2767–2796.

Brainerd CJ, Reyna VF (1990) Gist is the grist: fuzzy-trace theory and the
new intuitionism. Dev Rev 10:3–47.

Brainerd CJ, Reyna VF (2002) Fuzzy-trace theory and false memory. Curr
Dir Psychol Sci 11:164–169.

Brainerd CJ, Reyna VF, Wright R, Mojardin AH (2003) Recollection rejec-
tion: false-memory editing in children and adults. Psychol Rev 110:762–
784.

Brodeur MB, Guérard K, Bouras M (2014) Bank of Standardized Stimuli
(BOSS) phase II: 930 new normative photos. PLoS One 9:e106953.

Figure 8. RSA searchlight results for perceptual and semantic models. The figure shows regions in which multivoxel activity
pattern was associated with object processing (i.e., regardless of memory encoding). All significant clusters are shown at the
FWE-corrected threshold used for analysis (see RSA searchlight analysis). Similarity maps are presented on an inflated represen-
tation of the cortex based on the normalized structural image averaged over participants.

Naspi et al. · Neural Representations and Memory Encoding J. Neurosci., October 6, 2021 • 41(40):8375–8389 • 8387

http://dx.doi.org/10.1006/nimg.1999.0516
https://www.ncbi.nlm.nih.gov/pubmed/10686118
http://dx.doi.org/10.1016/j.neuron.2012.05.014
https://www.ncbi.nlm.nih.gov/pubmed/22794269
http://dx.doi.org/10.1016/0273-2297(90)90003-M
http://dx.doi.org/10.1111/1467-8721.00192
http://dx.doi.org/10.1037/0033-295X.110.4.762
https://www.ncbi.nlm.nih.gov/pubmed/14599242
http://dx.doi.org/10.1371/journal.pone.0106953
https://www.ncbi.nlm.nih.gov/pubmed/25211489


Brown MW, Aggleton JP (2001) Recognition memory: what are the roles of
the perirhinal cortex and hippocampus? Nat Rev Neurosci 2:51–61.

Bruffaerts R, Dupont P, Peeters R, De Deyne S, Storms G, Vandenberghe R
(2013) Similarity of fMRI activity patterns in left perirhinal cortex reflects
semantic similarity between words. J Neurosci 33:18597–18607.

Bussey TJ, Saksida LM, Murray EA (2002) Perirhinal cortex resolves feature
ambiguity in complex visual discriminations. Eur J Neurosci 15:365–374.

Chadwick MJ, Anjum RS, Kumaran D, Schacter DL, Spiers HJ, Hassabis D
(2016) Semantic representations in the temporal pole predict false memo-
ries. Proc Natl Acad Sci USA 113:10180–10185.

Chen H, Zhou W, Yang J (2019) Dissociation of the perirhinal cortex and
hippocampus during discriminative learning of similar objects. J
Neurosci 39:6190–6201.

Clarke A, Tyler LK (2014) Object-specific semantic coding in human perirhi-
nal cortex. J Neurosci 34:4766–4775.

Clarke A, Tyler LK (2015) Understanding what we see: how we derive mean-
ing from vision. Trends Cogn Sci 19:677–687.

Cox RW, Chen G, Glen DR, Reynolds RC, Taylor PA (2017) fMRI clustering
in AFNI: false-positive rates redux. Brain Connect 7:152–171.

Craik FI, Lockhart RS (1972) Levels of processing: a framework for memory
research. J Verbal Learning Verbal Behav 11:671–684.

Davis SW, Geib BR, Wing EA, Wang WC, Hovhannisyan M, Monge ZA,
Cabeza R (2020) Visual and semantic representations predict subsequent
memory in perceptual and conceptual memory tests. Cereb Cortex
31:974–992.

Dennis NA, Bowman CR, Vandekar SN (2012) True and phantom recollec-
tion: an fMRI investigation of similar and distinct neural correlates and
connectivity. Neuroimage 59:2982–2993.

Dennis NA, Hayes SM, Prince SE, Madden DJ, Huettel SA, Cabeza R (2008)
Effects of aging on the neural correlates of successful item and source
memory encoding. J Exp Psychol Learn Mem Cogn 34:791–808.

Dennis NA, Kim H, Cabeza R (2007) Effects of aging on true and false mem-
ory formation: an fMRI study. Neuropsychologia 45:3157–3166.

Devereux BJ, Clarke A, Marouchos A, Tyler LK (2013) Representational sim-
ilarity analysis reveals commonalities and differences in the semantic
processing of words and objects. J Neurosci 33:18906–18916.

Devereux BJ, Tyler LK, Geertzen J, Randall B (2014) The Centre for Speech,
Language and the Brain (CSLB) concept property norms. Behav Res
Methods 46:1119–1127.

Devereux BJ, Clarke A, Tyler LK (2018) Integrated deep visual and semantic
attractor neural networks predict fMRI pattern-information along the
ventral object processing pathway. Sci Rep 8:10636–10612.

Devlin JT, Price CJ (2007) Perirhinal contributions to human visual percep-
tion. Curr Biol 17:1484–1488.

Eickhoff SB, Stephan KE, Mohlberg H, Grefkes C, Fink GR, Amunts K, Zilles
K (2005) A new SPM toolbox for combining probabilistic cytoarchitec-
tonic maps and functional imaging data. Neuroimage 25:1325–1335.

Gabrieli JD, Poldrack RA, Desmond JE (1998) The role of left prefrontal cor-
tex in language and memory. Proc Natl Acad Sci USA 95:906–913.

Garoff RJ, Slotnick SD, Schacter DL (2005) The neural origins of specific and
general memory: the role of the fusiform cortex. Neuropsychologia
43:847–859.

Gonsalves B, Reber PJ, Gitelman DR, Parrish TB, Mesulam MM, Paller KA
(2004) Neural evidence that vivid imagining can lead to false remember-
ing. Psychol Sci 15:655–660.

Holdstock JS, Hocking J, Notley P, Devlin JT, Price CJ (2009) Integrating vis-
ual and tactile information in the perirhinal cortex. Cereb Cortex
19:2993–3000.

Jackson RL, Hoffman P, Pobric G, Lambon Ralph MA (2015) The nature and
neural correlates of semantic association versus conceptual similarity.
Cereb Cortex 25:4319–4333.

Kamitani Y, Tong F (2005) Decoding the visual and subjective contents of
the human brain. Nat Neurosci 8:679–685.

Kanwisher N, Downing P, Epstein R, Kourtzi Z (2001) Functional neuroi-
maging of visual recognition. In: Handbook of Functional Neuroimaging
of Cognition (Cabeza R, Kingstone A, eds), pp 109–151. The MIT Press,
Cambridge, Massachusetts.

Karanian JM, Slotnick SD (2017) False memories for shape activate the lateral
occipital complex. Learn Mem 24:552–556.

Karanian JM, Slotnick SD (2018) Confident false memories for spatial loca-
tion are mediated by V1. Cogn Neurosci 9:139–150.

Kim H (2011) Neural activity that predicts subsequent memory and forget-
ting: a meta-analysis of 74 fMRI studies. Neuroimage 54:2446–2461.

Kim H, Cabeza R (2007) Differential contributions of prefrontal, medial tem-
poral, and sensory-perceptual regions to true and false memory forma-
tion. Cereb Cortex 17:2143–2150.

Kirchhoff BA, Wagner AD, Maril A, Stern CE (2000) Prefrontal-temporal
circuitry for episodic encoding and subsequent memory. J Neurosci
20:6173–6180.

Kleiner M, Brainard D, Pelli D, Ingling A, Murray R, Broussard C (2007)
What's new in psychtoolbox-3. Perception 36:1–16.

Kundu P, Voon V, Balchandani P, Lombardo MV, Poser BA, Bandettini PA
(2017) Multi-echo fMRI: a review of applications in fMRI denoising and
analysis of BOLD signals. Neuroimage 154:59–80.

Lambon Ralph MA, Jefferies E, Patterson K, Rogers TT (2017) The neural
and computational bases of semantic cognition. Nat Rev Neurosci 18:42–
55.

Mahon BZ, Anzellotti S, Schwarzbach J, Zampini M, Caramazza A (2009)
Category-specific organization in the human brain does not require vis-
ual experience. Neuron 63:397–405.

Martin CB, Douglas D, Newsome RN, Man LL, Barense MD (2018)
Integrative and distinctive coding of visual and conceptual object features
in the ventral visual stream. Elife 7:1–29.

Millard SP, Neerchal NK (2001) Environmental statistics with S-PLUS.
London: CRC Press.

Morcom AM, Good CD, Frackowiak RS, Rugg MD (2003) Age effects on the
neural correlates of successful memory encoding. Brain 126:213–229.

Mumford JA, Turner BO, Ashby FG, Poldrack RA (2012) Deconvolving
BOLD activation in event-related designs for multivoxel pattern classifi-
cation analyses. Neuroimage 59:2636–2643.

Naspi L, Hoffman P, Devereux B, Thejll-Madsen T, Doumas L, Morcom AM
(2020) Multiple dimensions of semantic and perceptual similarity con-
tribute to mnemonic discrimination for pictures. doi: 10.31234/osf.io/
qt5wc.

Okado Y, Stark CE (2005) Neural activity during encoding predicts false
memories created by misinformation. Learn Mem 12:3–11.

Otten LJ, Rugg MD (2001) Task-dependency of the neural correlates of epi-
sodic encoding as measured by fMRI. Cereb Cortex 11:1150–1160.

Penny WD, Trujillo-Barreto NJ, Friston KJ (2005) Bayesian fMRI time series
analysis with spatial priors. Neuroimage 24:350–362.

Pidgeon LM, Morcom AM (2016) Cortical pattern separation and item-spe-
cific memory encoding. Neuropsychologia 85:256–271.

Prince SE, Tsukiura T, Cabeza R (2007) Distinguishing the neural correlates
of episodic memory encoding and semantic memory retrieval. Psychol
Sci 18:144–151.

R Core Team (2017) R: a language and environment for statistical
computing. Available at https://www.R-project.org/.

Riesenhuber M, Poggio T (1999) Hierarchical models of object recognition
in cortex. Nat Neurosci 2:1019–1025.

Rubner Y, Tomasi C, Guibas LJ (2000) The earth mover’s distance as a metric
for image retrieval. Int J Comput Vis 40:99–121.

Schacter DL, Slotnick SD (2004) The cognitive neuroscience of memory dis-
tortion. Neuron 44:149–160.

Schönbrodt FD, Perugini M (2013) At what sample size do correlations stabi-
lize? J Res Pers 47:609–612.

Serre T, Wolf L, Bileschi S, Riesenhuber M, Poggio T (2007) Robust object
recognition with cortex-like mechanisms. IEEE Trans Pattern Anal Mach
Intell 29:411–426.

Standing L (1973) Learning 10,000 pictures. Q J Exp Psychol 25:207–222.
Staresina BP, Henson RN, Kriegeskorte N, Alink A (2012) Episodic reinstate-

ment in the medial temporal lobe. J Neurosci 32:18150–18156.
Stern CE, Corkin S, González RG, Guimaraes AR, Baker JR, Jennings PJ,

Carr CA, Sugiura RM, Vedantham V, Rosen BR (1996) The hippocampal
formation participates in novel picture encoding: evidence from func-
tional magnetic resonance imaging. Proc Natl Acad Sci USA 93:8660–
8665.

Taylor KI, Devereux BJ, Acres K, Randall B, Tyler LK (2012) Contrasting
effects of feature-based statistics on the categorisation and basic-level
identification of visual objects. Cognition 122:363–374.

Tyler LK, Chiu S, Zhuang J, Randall B, Devereux BJ, Wright P, Clarke A,
Taylor KI (2013) Objects and categories: feature statistics and object
processing in the ventral stream. J Cogn Neurosci 25:1723–1735.

8388 • J. Neurosci., October 6, 2021 • 41(40):8375–8389 Naspi et al. · Neural Representations and Memory Encoding

http://dx.doi.org/10.1038/35049064
https://www.ncbi.nlm.nih.gov/pubmed/11253359
http://dx.doi.org/10.1523/JNEUROSCI.1548-13.2013
https://www.ncbi.nlm.nih.gov/pubmed/24259581
http://dx.doi.org/10.1046/j.0953-816x.2001.01851.x
https://www.ncbi.nlm.nih.gov/pubmed/11849302
http://dx.doi.org/10.1073/pnas.1610686113
https://www.ncbi.nlm.nih.gov/pubmed/27551087
http://dx.doi.org/10.1523/JNEUROSCI.3181-18.2019
https://www.ncbi.nlm.nih.gov/pubmed/31167939
http://dx.doi.org/10.1523/JNEUROSCI.2828-13.2014
https://www.ncbi.nlm.nih.gov/pubmed/24695697
http://dx.doi.org/10.1016/j.tics.2015.08.008
https://www.ncbi.nlm.nih.gov/pubmed/26440124
http://dx.doi.org/10.1089/brain.2016.0475
https://www.ncbi.nlm.nih.gov/pubmed/28398812
http://dx.doi.org/10.1016/S0022-5371(72)80001-X
http://dx.doi.org/10.1016/j.neuroimage.2011.09.079
https://www.ncbi.nlm.nih.gov/pubmed/22001165
http://dx.doi.org/10.1037/0278-7393.34.4.791
https://www.ncbi.nlm.nih.gov/pubmed/18605869
http://dx.doi.org/10.1016/j.neuropsychologia.2007.07.003
https://www.ncbi.nlm.nih.gov/pubmed/17716696
http://dx.doi.org/10.1523/JNEUROSCI.3809-13.2013
https://www.ncbi.nlm.nih.gov/pubmed/24285896
http://dx.doi.org/10.3758/s13428-013-0420-4
https://www.ncbi.nlm.nih.gov/pubmed/24356992
http://dx.doi.org/10.1038/s41598-018-28865-1
https://www.ncbi.nlm.nih.gov/pubmed/30006530
http://dx.doi.org/10.1016/j.cub.2007.07.066
https://www.ncbi.nlm.nih.gov/pubmed/17764947
http://dx.doi.org/10.1016/j.neuroimage.2004.12.034
https://www.ncbi.nlm.nih.gov/pubmed/15850749
http://dx.doi.org/10.1073/pnas.95.3.906
https://www.ncbi.nlm.nih.gov/pubmed/9448258
http://dx.doi.org/10.1016/j.neuropsychologia.2004.09.014
https://www.ncbi.nlm.nih.gov/pubmed/15716157
http://dx.doi.org/10.1111/j.0956-7976.2004.00736.x
https://www.ncbi.nlm.nih.gov/pubmed/15447635
http://dx.doi.org/10.1093/cercor/bhp073
https://www.ncbi.nlm.nih.gov/pubmed/19386635
http://dx.doi.org/10.1093/cercor/bhv003
https://www.ncbi.nlm.nih.gov/pubmed/25636912
http://dx.doi.org/10.1038/nn1444
https://www.ncbi.nlm.nih.gov/pubmed/15852014
http://dx.doi.org/10.1101/lm.045765.117
https://www.ncbi.nlm.nih.gov/pubmed/28916630
http://dx.doi.org/10.1080/17588928.2018.1488244
https://www.ncbi.nlm.nih.gov/pubmed/29898628
http://dx.doi.org/10.1016/j.neuroimage.2010.09.045
https://www.ncbi.nlm.nih.gov/pubmed/20869446
http://dx.doi.org/10.1093/cercor/bhl122
https://www.ncbi.nlm.nih.gov/pubmed/17110592
http://dx.doi.org/10.1523/JNEUROSCI.20-16-06173.2000
https://www.ncbi.nlm.nih.gov/pubmed/10934267
http://dx.doi.org/10.1016/j.neuroimage.2017.03.033
https://www.ncbi.nlm.nih.gov/pubmed/28363836
http://dx.doi.org/10.1038/nrn.2016.150
https://www.ncbi.nlm.nih.gov/pubmed/27881854
http://dx.doi.org/10.1016/j.neuron.2009.07.012
https://www.ncbi.nlm.nih.gov/pubmed/19679078
http://dx.doi.org/10.7554/eLife.31873
http://dx.doi.org/10.1093/brain/awg020
https://www.ncbi.nlm.nih.gov/pubmed/12477708
http://dx.doi.org/10.1016/j.neuroimage.2011.08.076
https://www.ncbi.nlm.nih.gov/pubmed/21924359
https://doi.org/10.31234/osf.io/qt5wc
https://doi.org/10.31234/osf.io/qt5wc
http://dx.doi.org/10.1101/lm.87605
https://www.ncbi.nlm.nih.gov/pubmed/15687227
http://dx.doi.org/10.1093/cercor/11.12.1150
https://www.ncbi.nlm.nih.gov/pubmed/11709486
http://dx.doi.org/10.1016/j.neuroimage.2004.08.034
https://www.ncbi.nlm.nih.gov/pubmed/15627578
http://dx.doi.org/10.1016/j.neuropsychologia.2016.03.026
https://www.ncbi.nlm.nih.gov/pubmed/27018483
http://dx.doi.org/10.1111/j.1467-9280.2007.01864.x
https://www.ncbi.nlm.nih.gov/pubmed/17425535
https://www.R-project.org/
http://dx.doi.org/10.1038/14819
https://www.ncbi.nlm.nih.gov/pubmed/10526343
http://dx.doi.org/10.1023/A:1026543900054
http://dx.doi.org/10.1016/j.neuron.2004.08.017
https://www.ncbi.nlm.nih.gov/pubmed/15450167
http://dx.doi.org/10.1016/j.jrp.2013.05.009
http://dx.doi.org/10.1109/TPAMI.2007.56
https://www.ncbi.nlm.nih.gov/pubmed/17224612
http://dx.doi.org/10.1080/14640747308400340
https://www.ncbi.nlm.nih.gov/pubmed/4515818
http://dx.doi.org/10.1523/JNEUROSCI.4156-12.2012
https://www.ncbi.nlm.nih.gov/pubmed/23238729
http://dx.doi.org/10.1073/pnas.93.16.8660
https://www.ncbi.nlm.nih.gov/pubmed/8710927
http://dx.doi.org/10.1016/j.cognition.2011.11.001
https://www.ncbi.nlm.nih.gov/pubmed/22137770
http://dx.doi.org/10.1162/jocn_a_00419
https://www.ncbi.nlm.nih.gov/pubmed/23662861


Vaidya CJ, Zhao M, Desmond JE, Gabrieli JD (2002) Evidence for cortical
encoding specificity in episodic memory: memory-induced re-activation
of picture processing areas. Neuropsychologia 40:2136–2143.

Wagner AD, Schacter DL, Rotte M, Koutstaal W, Maril A, Dale AM, Rosen
BR, Buckner RL (1998) Building memories: remembering and forgetting of
verbal experiences as predicted by brain activity. Science 281:1188–1191.

Walther A, Nili H, Ejaz N, Alink A, Kriegeskorte N, Diedrichsen J (2016)
Reliability of dissimilarity measures for multi-voxel pattern analysis.
Neuroimage 137:188–200.

Weller HI, Westneat MW (2019) Quantitative color profiling of digital
images with earth mover’s distance using the R package colordistance.
PeerJ 7:1–31.

Winters BD, Bussey TJ (2005) Transient inactivation of perirhinal cortex dis-
rupts encoding, retrieval, and consolidation of object recognition mem-
ory. J Neurosci 25:52–61.

Xia M, Wang J, He Y (2013) BrainNet Viewer: a network visualization tool
for human brain connectomics. PLoS One 8:1–15.

Yonelinas AP, Otten LJ, Shaw RN, Rugg MD (2005) Separating the brain
regions involved in recollection and familiarity in recognition memory. J
Neurosci 25:3002–3008.

Zhu B, Chen C, Shao X, Liu W, Ye Z, Zhuang L, Zheng L, Loftus EF,
Xue G (2019) Multiple interactive memory representations underlie
the induction of false memory. Proc Natl Acad Sci USA 116:3466–
3475.

Naspi et al. · Neural Representations and Memory Encoding J. Neurosci., October 6, 2021 • 41(40):8375–8389 • 8389

http://dx.doi.org/10.1016/S0028-3932(02)00053-2
https://www.ncbi.nlm.nih.gov/pubmed/12208009
http://dx.doi.org/10.1126/science.281.5380.1188
https://www.ncbi.nlm.nih.gov/pubmed/9712582
http://dx.doi.org/10.1016/j.neuroimage.2015.12.012
https://www.ncbi.nlm.nih.gov/pubmed/26707889
http://dx.doi.org/10.7717/peerj.6398
https://www.ncbi.nlm.nih.gov/pubmed/30775177
http://dx.doi.org/10.1523/JNEUROSCI.3827-04.2005
https://www.ncbi.nlm.nih.gov/pubmed/15634766
http://dx.doi.org/10.1371/journal.pone.0068910
https://www.ncbi.nlm.nih.gov/pubmed/23861951
http://dx.doi.org/10.1523/JNEUROSCI.5295-04.2005
https://www.ncbi.nlm.nih.gov/pubmed/15772360
http://dx.doi.org/10.1073/pnas.1817925116
https://www.ncbi.nlm.nih.gov/pubmed/30765524

	Perceptual and Semantic Representations at Encoding Contribute to True and False Recognition of Objects
	Introduction
	Materials and Methods
	Results
	Discussion


