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Object perception unfolds dynamically over millisecond timescales, yet the organisational principles that shape
the emerging neural responses are not fully understood. Traditional hypothesis-driven approaches risk con-
straining interpretations by focusing on pre-selected object features. To circumvent this limitation, we applied a
Datadriven data-driven framework to behavioural and neuroimaging data obtained from the THINGS initiative, which
EEG provides a systematic sampling of real-world objects. Behaviourally relevant stimulus dimensions were derived
MEG from prior large-scale similarity judgements, offering an unbiased, ecologically grounded representation of ob-
ject space. Using Partial Least Squares Regression (PLSR), we generated neural encoding models to predict time-
resolved evoked responses in EEG and MEG from these dimensions. Across both modalities, the PLSR identified a
small set of latent components that reliably captured the temporal dynamics of the neural activity. These
components were similar across the EEG and MEG datasets and with a prior MRI analysis. The components
encoded a diverse range of object features, including visual and semantic properties, yet did not map straight-
forwardly onto canonical accounts of visual cortical organisation. Instead, our findings suggest that object
representations in the brain are structured by principles of statistical efficiency, capturing the co-occurrence of

features amongst natural variability in real-world objects to support dynamic visual processing.

1. Introduction

The perception and recognition of objects is fundamental to visual
cognition, underpinning our ability to interact with the world around us
(Bracci and Op de Beeck, 2023; Peelen and Downing, 2017). In the
human brain, object representations emerge along a hierarchical
pathway, with early stages encoding low-level features (Hubel and
Wiesel, 1968; Wandell and Winawer, 2011) and later stages represent-
ing higher-level object properties (Goodale and Milner, 1992; Unger-
leider and Haxby, 1994). However, the organisational principles
governing these higher-level representations remain the subject of
ongoing debate. While classical accounts propose categorical selectivity
in higher visual areas (Kanwisher, 2010), more recent perspectives
suggest that object representations may be better explained by contin-
uous feature dimensions (Grill-Spector and Weiner, 2014; Ritchie et al.,
2025), including real-world size (Konkle and Oliva, 2012), animacy
(Kriegeskorte, Mur, Ruff, et al., 2008), shape (Bao et al., 2020), low-level
visual features (Andrews et al., 2015; Levy et al., 2001), and semantic
properties (Huth et al., 2012).

* Corresponding author.
E-mail address: david.watson@york.ac.uk (D.M. Watson).
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A limitation of conventional neuroimaging approaches is their reli-
ance on limited, experimenter-defined stimulus sets, often assigned to
discrete conditions. This constrains the scope of interpretations and risks
obscuring the true organising principles of object representation. Data-
driven approaches provide a powerful alternative by combining rich,
high-dimensional stimulus spaces with computational models to reduce
experimenter bias (Brunton and Beyeler, 2019; Krishnan et al., 2011).
The THINGS database (Hebart et al., 2019, 2023) exemplifies this
approach, offering a systematic sampling of real-world objects paired
with large-scale behavioural and neural datasets. A data-driven analysis
of behavioural similarity judgements derived from this database
revealed a set of behaviourally relevant perceptual dimensions that
characterise object space without imposing experimenter pre-
conceptions on the dimensions selected (Hebart et al., 2020). Further-
more, recent work has demonstrated that linear encoding models can
predict fMRI responses based on sparse and distributed representations
of these dimensions (Contier et al., 2024).

Extending this work, we recently demonstrated that Partial Least
Squares Regression (PLSR) applied to the THINGS data generates a small
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number of latent components that can predict fMRI responses across
both high- and low-level visual areas using continuous and graded
representations (Watson and Andrews, 2025). These latent components
captured diverse object features, spanning low-level visual properties to
higher-level semantic features. However, these components did not
directly align with current theories on the organisation of the visual
brain. Instead, the components reflected combinations of object features
including (though not limited to) animacy, real-world size, shape,
texture, colour, and category. This indicated that visual representations
may be shaped by principles of statistical efficiency — encoding the
co-occurrence of features evident in natural variability amongst
real-world objects.

While fMRI reveals the spatial organisation of object representations,
it lacks the temporal resolution to capture the fast dynamics of visual
processing. Time-resolved methods, such as EEG and MEG, can reveal
unfolding visual representations on millisecond timescales. Previous
studies of object perception have demonstrated that low-level visual
features dominate early EEG/MEG responses, while higher-level cate-
gorical representations emerge later (Carlson et al., 2013; Cichy et al.,
2014, 2016; Coggan et al., 2016). Recently, Teichmann et al. (2026)
demonstrated that stimulus dimensions derived from behavioural sim-
ilarity judgements of objects from the THINGS database could be pre-
dicted by MEG responses over sustained temporal windows.
Nevertheless, it remains unclear whether neural responses can be
explained by a more compact, statistically efficient representation.

In this study, we address this question by applying PLSR to behav-
ioural, EEG, and MEG data from the THINGS initiative (Grootswagers
et al., 2022; Hebart et al., 2020, 2023). We identified a small number of
latent components from the THINGS stimulus dimensions that accu-
rately predicted time-resolved neural responses to naturalistic objects
across both EEG and MEG. These components revealed a diverse array of
visual and semantic features shaping neural activity across early and
sustained temporal windows. Comparisons with prior fMRI analyses
demonstrated a shared underlying structure of object representations
across spatial and temporal dimensions. Together, these findings suggest
that the human visual system exploits principles of statistical efficiency
to encode the natural variability of objects, supporting behaviourally
relevant distinctions during dynamic visual processing.

2. Methods
2.1. Datasets and preprocessing

All data were obtained from the publicly available THINGS initiative
(Hebart et al., 2019; https://things-initiative.org/). All participants
provided informed consent, and the studies were approved by the NIH
Office of Human Subjects Research Protections (Hebart et al., 2020,
2023) and the University of Sydney ethics committee (Grootswagers
et al., 2022).

2.1.1. EEG dataset

We obtained EEG data from the publicly available THINGS-EEG1
dataset (Grootswagers et al., 2022; https://openneuro.org/datasets/ds
003825). This includes EEG recordings from 48 subjects viewing 22,
248 images, comprising 12 images from each of the 1854 object con-
cepts in the THINGS stimulus set (Hebart et al., 2019). Images were
presented at 10 Hz in a rapid serial visual presentation (RSVP) stream,
such that images are forward and backward masked by the preceding
and following images. Subjects viewed all images in a single recording
session.

EEG data were recorded with a 64-channel BrainVision ActiChamp
system and digitised at 1000 Hz. Full methodological details are pro-
vided in Grootswagers et al. (2022). We obtained the raw EEG re-
cordings and applied our own preprocessing pipeline. All processing was
performed in MNE-Python (Gramfort et al., 2013, 2014). Data were
re-referenced to the average response over channels. We then applied
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notch-filters to remove power line noise at 50 Hz and its harmonics. Bad
channels were manually annotated and replaced by interpolation with
neighbouring channels. We then applied independent components
analysis (ICA) denoising. The ICLabel toolbox (Pion-Tonachini et al.,
2019), implemented in MNE-ICALabel (Li et al., 2022), was used to
automatically identify components associated with ocular, heart, and
muscle artifacts and remove them from the data. The data were then
bandpass filtered between 0.1 and 80 Hz. We then epoched the data
from —100 to 700 ms relative to stimulus onset and downsampled to 250
Hz (201 timepoints). Because the stimuli are presented within an RSVP
stream, there is no prestimulus period with which to perform a baseline
correction. Instead, we removed the DC component from each epoch,
equivalent to performing a baseline correction by mean subtraction over
the whole epoch. Finally, evoked responses to each object concept were
estimated by averaging over the 12 epochs within each concept.

2.1.2. MEG dataset

We also obtained MEG data from the publicly available THINGS-
MEG dataset (Hebart et al., 2023; https://openneuro.org/datasets/ds
004212). This includes MEG recordings from 4 subjects, viewing the
same images as in the EEG dataset (22,248 images comprising 12 images
from each of 1854 object concepts) obtained from the THINGS stimulus
set (Hebart et al., 2019). Images were presented in an event-related
design over multiple scan sessions. Sensor positions relative to the
head were kept consistent over scan sessions using subject-specific head
casts.

MEG data were recorded on a 275-channel CTF system and digitised
at 1200 Hz. Four noisy channels were removed prior to further analysis,
leaving 271 channels. We obtained data that had already undergone
initial preprocessing by the THINGS initiative. In brief, data were
bandpass filtered between 0.1 and 40 Hz and epoched from —100 to
1300 ms relative to stimulus onset. Data were then baseline corrected by
subtracting the mean and dividing by the standard deviation of the pre-
stimulus period in each epoch, and finally downsampled to 200 Hz. Full
details of the data acquisition and initial preprocessing are provided in
Hebart et al. (2023). We then additionally downsampled the data to 100
Hz (140 time points) to reduce computational load for the encoding
analyses and estimated evoked responses to each object concept by
averaging over the 12 images within each concept.

2.2. Neural encoding models

2.2.1. Overview

We employed a neural encoding approach to predict time-resolved
evoked responses in the EEG and MEG datasets. Stimulus features of
the object concepts were obtained from a previous data-driven analysis
of odd-one-out similarity judgements between triplets of images drawn
from the THINGS dataset (Hebart et al., 2020). These dimensions cap-
ture behaviourally relevant properties of the objects spanning low-,
mid-, and high-level features, without imposing experimenter pre-
conceptions on the selection of those properties. We used an updated
version of this model comprising 66 stimulus dimensions (Hebart et al.,
2023).

We applied both linear and partial least squares neural encoding
models to map these stimulus features to the neural responses. Encoding
models were applied within individual subjects because the EEG and
MEG channels are not guaranteed to be directly comparable over sub-
jects. The 1854 object concepts are represented as samples within a 66-
dimensional space defined by the stimulus model. These same object
concepts are also represented by their evoked responses within a neural
space defined by the concatenation of all timepoints and channels. This
neural space comprised 12,864 dimensions for the EEG dataset (64
channels x 201 timepoints) and 37,940 dimensions for the MEG dataset
(271 channels x 140 timepoints). The 1854 object concepts were split
by thirds into a training set comprising the first 1236 concepts and a test
set comprising the final 618 concepts. Samples were z-scored along each
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of the stimulus and neural dimensions of the training set, such that each
dimension has zero mean and unit variance over the training samples
and all model coefficients are in standardised units. When predicting
responses for the test set, the dimensions were normalised by the means
and standard deviations derived from the training set. All encoding
analyses were implemented in scikit-learn (Abraham et al., 2014;
Pedregosa et al., 2011).

2.2.2. Linear model
We first employed a linear encoding model that maps the stimulus
dimensions directly to the neural responses. A linear regression was fit to
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samples in the training set, including the stimulus dimensions (Xy4in) as
predictor variables and the neural dimensions (Yqin) as outcome vari-
ables. This derives a single matrix of regression coefficients, mapping
the 66 stimulus dimensions to each of the neural dimensions (Fig. 1a).

2.2.3. Partial least squares model

The linear regression provides a baseline estimate of the ability of the
stimulus dimensions to predict the neural responses. However, the
resulting regression coefficients are high-dimensional and contain
redundancy due to correlations amongst both the stimulus and neural
dimensions. To provide a more parsimonious account, we next applied a
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Fig. 1. Schematic of neural encoding models. Samples comprise 1854 object concepts split into a training set of 1236 concepts and a test set of 618 concepts. Each
object concept is measured by its representation across the 66 features of the stimulus model and by its evoked neural response across the concatenation of EEG/MEG
channels and timepoints. Neural encoding models are fit to object concepts in the training set to map the stimulus model (Xrqin) to the neural responses (Yyqin). The
fitted encoding models then project object concepts in the test set from the stimulus model (Xi.s) to the neural space (Y ). Prediction accuracy is measured by the
coefficient of determination (R?) between predicted and measured neural responses in the test set. (a) Linear regression derives a direct mapping from the stimulus
model to the neural responses. (b) Partial least squares regression derives an intermediate low-dimensional (k = 5) latent space (Lqin). Latent components comprise
linear combinations of the stimulus and neural features which maximise prediction of the neural responses. The components can be aligned over subjects via
Procrustes analysis of the latent scores to facilitate examination of the latent scores and stimulus and neural loadings.
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neural encoding approach using Partial Least Squares Regression
(PLSR), which incorporates dimensionality reduction into the regression
process (Fig. 1b). PLSR inserts an additional low-dimensional latent
space (Lyqin) between the stimulus and neural spaces. The components of
this space are linear combinations of both the stimulus and neural di-
mensions and are defined to capture dimensions of cross-covariance
between both feature spaces which optimally predict the neural re-
sponses. The components are ordered by their predictive power of the
neural response, such that the first component is maximally predictive,
the second component is second most predictive, and so forth. Here, we
chose to retain the first 5 latent components following testing of the
prediction accuracies and cross-subject alignment of components over
varying numbers of components (see below). The PLSR derives a matrix
of stimulus loadings (Bx) describing the relationship between the 66
stimulus dimensions and the 5 latent components, and a matrix of neural
loadings (By) describing the relationship between the 5 latent compo-
nents and the neural dimensions.

Although we expect representations within the latent space to show
some commonality between subjects, the components are not guaran-
teed to be directly comparable across subjects. For instance, components
may emerge in a different order, with a different sign, or a given
component in one subject might correspond to a mixture of components
in another subject. To align the components over subjects, we applied a
Generalised Procrustes analysis or “hyperalignment” procedure (Gower,
1975; Haxby et al., 2011) to the latent scores in the training set. Initially,
the first subject is defined as a reference subject. Procrustes analysis
(allowing translations, rotations, reflections, and scaling) aligns the
latent scores in each subject to the first subject. A new reference is then
defined by averaging the aligned scores over subjects, and the latent
scores in each subject are realigned to this new reference. This process is
repeated until the change in disparity over iterations falls below a
threshold. Note that no information is lost in this transformation — the
components are simply rotated within the latent space. The resulting
rotations can then be further applied to the stimulus and neural loadings
to bring the components into alignment over subjects. The aligned
stimulus loadings and latent scores were then averaged over subjects.
We did not average the neural loadings because the EEG and MEG
channels are not directly comparable over subjects.

We performed two analyses to validate the number of latent com-
ponents to retain. First, we measured the model prediction accuracies
across a 3-fold cross-validation nested within the main training set,
varying the number of components from 1 to 10 (Supplementary
Figure 1a-b). On each iteration, we measured the maximum R? score
(over channels and timepoints) between the predicted and measured
neural responses, representing the peak performance over all neural
dimensions. For the EEG dataset the results indicated generally
increasing prediction accuracies with more components, but did not
reveal any clear knee-points. For the MEG dataset the values indicated
knee-points between 3 and 6 components across subjects. Second, we
measured the correlations of latent scores within and between subjects
and components following Procrustes alignment (Supplementary
Figure 1 c-d). In both datasets, retaining 4 or 5 components yielded good
cross-subject alignment, indicated by high within-component correla-
tions and low between-component correlations. We therefore chose to
retain 5 latent components. This is also consistent with our previous
analysis of the THINGS-fMRI dataset (Watson and Andrews, 2025).

2.2.4. Out-of-sample prediction accuracies

For both the linear and partial least squares encoding models, the
regression coefficients derived from the training set were applied to
samples in the test set to predict the evoked neural responses (Y ese) from
the stimulus dimensions (Xgs). Prediction accuracy was assessed by
computing the coefficient of determination (R?) between the predicted
(?m) and measured (Y) evoked responses to object concepts in the
test set at each channel and timepoint. This provides an independent
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estimate of the model prediction accuracy in samples held out from the
model fitting.

Statistical significance was assessed using a maximum-statistic per-
mutation procedure which automatically controls the familywise error
rate. On each permutation, we randomly shuffled the order of object
concepts within the training set for the stimulus model space and refit
the encoding models (linear and PLSR). These models were then used to
predict the evoked responses to the unpermuted object concepts in the
test set, such that the models were fit to permuted data but tested on
unpermuted data. We then calculated the R? values between the pre-
dicted and measured evoked responses for the linear and PLSR models,
as well as the difference between the models. We retained the largest R?
value over channels and timepoints for the linear and PLSR maps, and
the largest absolute R? value for the difference map. This procedure was
repeated 1000 times to generate an empirical null distribution for each
map. Building null distributions from the signed values of the linear and
PLSR maps provides one-tailed tests, while using the absolute values of
the difference map provides a two-tailed test. The 95th percentile of
these distributions provides the threshold for statistical significance
while controlling the familywise error rate (one-tailed p < .05 for the
linear and PLSR models, and two-tailed p < .05 for the difference).

2.3. Source localisation of MEG components

For the MEG dataset, we derived source localisations of the PLSR
latent components. We used Freesurfer (Dale et al., 1999) to reconstruct
cortical surfaces from T1-weighted anatomical MRI scans of each sub-
ject. Freesurfer’s watershed algorithm (Ségonne et al., 2004) segmented
the outer brain surface, inner and outer skull surfaces, and outer scalp
surface. MEG sensors were manually co-registered to the head using the
marker coils attached to the head casts over the nasion and left and right
preauricular pits. A forward solution was computed sampling vertices
along the white-matter cortical surface and using a one-layer boundary
element model constructed from the inner skull surface. The noise
covariance between sensors was computed from the prestimulus periods
of the epoched data. We then computed an inverse solution loosely
constrained by the cortical surface orientation (weighted 80% towards
the surface orientation, and 20% towards free orientations). Source
localisations were then computed using a minimum norm estimate
including dSPM noise normalisation (Dale et al., 2000; Hamalainen and
Ilmoniemi, 1994).

The neural loadings represent the expected standard deviations of
change in the evoked response given a one-unit change in the latent
score. Consequently, positive and negative loadings do not have the
same interpretation as in the evoked response itself and thus are not
suitable for source localisation directly. Instead, we computed source
localisations of the evoked responses to the 1236 object concepts in the
training set. For each latent component, the source-space evoked re-
sponses to each object concept were weighted according to their cor-
responding latent scores and averaged together. This provides a
parametric contrast of the evoked responses along each component:
responses to positively scoring concepts are positively upweighted, re-
sponses to negatively scoring concepts are negatively upweighted, and
responses to low scoring concepts are downweighted towards zero.
These weighted activations were then transformed from each subject’s
cortical surface to the fsaverage surface using a surface-based registra-
tion (Fischl et al., 1999) and averaged over subjects.

Source localisations were visualised on cortical flat patches using
pycortex (Gao et al., 2015). To aid visualisation, we annotated regions of
interest for V1 and V2 taken from a retinotopic atlas (Benson et al.,
2014), and scene- and face-selective regions (PPA, OPA, RSC, FFA, OFA,
pSTS) taken from an independent functional localiser (Noad et al.,
2024).
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2.4. Object property ratings

To provide additional descriptives of the PLSR latent components,
we obtained ratings for 12 object properties from the THINGSplus
metadata (Stoinski et al., 2023). These provide ratings for the object
size, and how natural, living, moving, manmade, precious, heavy,
graspable, holdable, moveable, pleasant, and arousing the object is.
Ratings were averaged over images at the object-concept level. We then
computed Spearman’s correlations between these ratings and the latent
scores along each component for the 1236 object concepts in the
training set. A Holm-Bonferroni correction was applied across the
resulting 60 comparisons (Holm, 1979).

2.5. DCNN representations

To provide an external validation of the PLSR models, we conducted
representational similarity analyses (RSAs; Kriegeskorte, Mur, and
Bandettini, 2008) comparing the representations of object concepts in
the latent space to activations within layers of an Alexnet deep con-
volutional network (DCNN) pre-trained for object classification on the
ImageNet database (Krizhevsky et al., 2017). Images from the THINGS
stimulus set (Hebart et al., 2019) for each of the 1236 object concepts in
the training set were passed through the DCNN. The corresponding ac-
tivations were extracted from each convolutional and fully connected
layer and averaged over images within each object concept. Finally,
pairwise correlation distances were measured between each object
concept, producing a 1236-by-1236 representational dissimilarity ma-
trix (RDM) for each DCNN layer.

We next calculated RDMs for the object concept representations
within the PLSR latent space. First, we computed an RDM for the overall
space by measuring pairwise correlation distances between object con-
cepts from the 5-dimensional latent scores. Second, we computed per-
component RDMs by measuring the pairwise absolute differences
(equivalent to Euclidean distances) between object concepts along each
component in turn. The PLSR RDMs (for the full space and each
component) were then correlated with the RDMs for each DCNN layer. A
maximum statistic permutation procedure was used to assess statistical
significance. On each permutation, the order of the object concepts was
randomly shuffled (corresponding to reordering the rows and columns
of the RDMs). The RSA correlations were then recomputed for all DCNN
layers (and PLSR components, if applicable), and the maximum corre-
lation over all comparisons was recorded. This procedure was repeated
5000 times to derive an empirical null distribution. The 95th percentile
of this distribution provides the threshold for statistical significance
(one-tailed p < .05), controlling the familywise error rate over DCNN
layers (and PLSR components, if applicable).

2.6. Comparing components between datasets

Finally, to examine the robustness of the PLSR models, we compared
the latent components between the THINGS-EEG1, THINGS-MEG, and
THINGS-fMRI datasets. Latent scores for the THINGS-fMRI dataset were
obtained from our previous analysis of whole-brain fMRI responses
(Watson and Andrews, 2025). In each case, latent scores for object
concepts within the training set were correlated within and between
components across the datasets. Comparisons between the EEG and
MEG dataset included all 1236 training concepts in the current study,
while comparisons with the fMRI dataset were restricted to the 480
concepts used in the training set of that dataset. Because components are
not guaranteed to emerge in the same order or direction across datasets,
we adopted an iterative procedure to reorder and sign-flip components
to match them between datasets. For a given pairing of datasets, we
identified the largest absolute value within the correlation matrix. If
necessary, the matrix columns were swapped to place this value on the
matrix diagonal. In addition, if the value was negative then the values
within the matrix column were sign-flipped. The corresponding matrix
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row and column were then removed from the search, and the process
was repeated for the remaining components. This places the largest
correlations along the matrix diagonal where possible.

3. Results
3.1. Reliability of encoding models

Time-resolved evoked neural responses to 1854 object concepts from
the THINGS initiative were measured using EEG and MEG
(Grootswagers et al., 2022; Hebart et al., 2019, 2023). Each object
concept was additionally described by 66 stimulus dimensions obtained
from a data-driven analysis of behavioural perceptual similarity judge-
ments (Hebart et al., 2020). Partial least squares regression (PLSR) was
then used to generate 5 latent components that predicted the evoked
responses from the stimulus features. To evaluate the efficacy of the
PLSR, we also compared its reliability against a linear regression model
using all 66 stimulus dimensions.

The PLSR and linear encoding models were trained on 1236 object
concepts, then we quantified the reliability by measuring each model’s
accuracy at predicting evoked responses to 618 object concepts held out
from the model fitting. Prediction accuracy was measured by computing
the coefficient of determination (R%) between predicted and measured
evoked responses for each channel and timepoint. Statistical signifi-
cance, controlling for the familywise error rate, was determined by
maximum-statistic permutation tests. Fig. 2 illustrates the prediction
accuracies of the linear and PLSR encoding models, and the difference
between them. The scalp topographies illustrate R? values at discrete
time points for two subjects from the EEG (Fig. 2a) and MEG datasets
(Fig. 2b). Animations of the R? scalp topographies are shown for 4 EEG
subjects in Supplementary Video 1 and for all MEG subjects in Supple-
mentary Video 2. Both the linear and PLSR encoding models accurately
predicted EEG and MEG evoked responses. In the EEG dataset, both
models achieved significant prediction accuracies within a relatively
brief period from approximately 100 to 300 ms after stimulus onset. For
the MEG dataset, both models achieved significant prediction accuracies
across a longer period from approximately 100 to 800 ms after stimulus
onset. The more transient nature of the encoding performance in the
EEG dataset likely reflects forward and backward masking effects from
the rapid serial visual presentation stream used to present the stimuli. In
contrast, the event-related design used in the MEG dataset elicited more
sustained responses.

Furthermore, the PLSR achieved comparable performance to the
linear regression despite the substantial dimensionality reduction from
66 stimulus features down to just 5 latent components. Kernel density
estimates show the distributions of the difference in R? values between
the linear and PLSR models in each subject in the EEG (Fig. 2¢) and MEG
datasets (Fig. 2d), for all channels and timepoints within windows when
significant prediction accuracies were observed. The linear and PLSR
models achieved comparable performance for all subjects in both the
EEG and MEG datasets. There was a slight bias towards better perfor-
mance for the PLSR model, however none of difference values reached
significance in the EEG dataset, and only one value reached significance
in the MEG dataset. This demonstrates the PLSR successfully captured a
low-dimensional representation of the stimulus features which was
predictive of the neural response.

3.2. Object representations on PLSR components

3.2.1. EEG dataset

We next inspected the object features represented on each PLSR
latent component, beginning with the EEG dataset. Components were
aligned across subjects by Procrustes analysis of the latent scores, and
the aligned stimulus loadings and latent scores were then averaged over
subjects. The stimulus loadings (matrix By in Fig. 1) indicate how the 66
dimensions in the stimulus model relate to the latent components.
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Fig. 2. Encoding model prediction accuracies (coefficients of determination; R%) between predicted and measured evoked responses to object concepts held out from
the model fitting. (a, b) Scalp topographies for two example subjects from the (a) EEG and (b) MEG datasets, illustrating RZ values for the linear and PLSR encoding
models and the difference between them. Positive difference values indicate better performance for the linear model. Cyan outlines and markers indicate channels
and timepoints differing significantly from zero, as determined by permutation testing (one-tailed p < .05 for linear and PLSR R%; two-tailed p < .05 for R? differences;
all FWER corrected). Note that the R? difference values did not reach significance. (c, d) Distributions of R? difference values for each subject in the (¢) EEG and (d)
MEG datasets, across all channels and timepoints within time windows when prediction accuracies are high.
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Table 1

Top and bottom five stimulus model dimensions loading on each PLSR component in the EEG dataset. Loading values are indicated in parentheses.
Component
1 2 3 4 5

Top 5 1  Plant-related (0.35) Body- / people-related
(0.34)
2 Food-related (0.32) Animal-related (0.32)

3 Repetitive / spiky (0.20) Body part-related (0.31)

4 Coarse pattern / many Head-related (0.22)
things (0.18)
5  Animal-related (0.18) Foot- / walking-related
(0.18)
Bottom 5  Head-related (-0.18) Oriented / many things
5 (-0.19)
4  Body part-related (-0.19) Box-related / container

(-0.23)
3 Body- / people-related Electronics / technology
(-0.26) (-0.23)

2 Textile (-0.27) House- / furnishing-
related (-0.25)
Metallic / artificial

(-0.29)

1 Metallic / artificial (-0.28)

Household (0.21)

Fluid- / drink-related (0.20)
White (0.20)

Bathroom- / wetness-related
(0.18)

Thin / flat / wrapping (0.17)
Weapon- / danger-related (-0.14)
Farm-related / historical (-0.16)
Sports- / playing-related (-0.16)

Animal-related (-0.16)

Transportation- / movement-
related (-0.19)

Colourful / playful (0.26)
Coarse pattern / many things
(0.25)

Feminine (stereotypical) (0.22)
Oriented / many things (0.18)
Stick-shaped / container (0.14)
Water-related (-0.15)

Weapon- / danger-related (-0.15)
Outdoors (-0.15)

Animal-related (-0.15)

Transportation- / movement-
related (-0.19)

Outdoors (0.27)
Long / thin (0.24)

Beams- / mesh-related
(0.19)

Tools / handheld /
elongated (0.19)
Pointed / spiky (0.18)

Household (-0.17)

Sweet / dessert-related
(-0.17)
Circular / round (-0.17)

Fluid- / drink-related
(-0.21)
Food-related (-0.22)

Table 1 shows the top and bottom five stimulus dimensions loading on
each component (see Supplementary Tables 1-5 for expanded lists of the
top, middle, and bottom 10 stimulus dimensions). Meanwhile, the latent
scores (matrix Lyqpn in Fig. 1) represent the scoring of each object
concept in the training set on the 5 latent components. Fig. 3 shows the
top and bottom five scoring object concepts on each component (see
Supplementary Figures 2-6 for expanded lists of the top, middle, and
bottom 10 object concepts). To further quantify the behavioural rele-
vance of each component, we also obtained human-generated ratings of
12 key object properties for each of the object concepts in the training
set from the THINGSplus dataset (Stoinski et al., 2023). We then
correlated these ratings with the latent scores to help provide additional
descriptive details of each latent component (Fig. 4a).

The first component was positively associated with images contain-
ing highly textured and repetitive patterns, particularly those relating to
plant- and food-related dimensions. Consistent with this, correlations
with the object property ratings indicated a positive association with
natural, living objects. The component was negatively associated with
more tangible singular objects. The most negative scoring concepts
included some people- and body-related objects; nevertheless, the
stimulus loadings and property ratings indicated a broader association
with larger, manmade, and artificial objects.

The second component was positively associated with objects and
stimulus features related to bodies and faces, and with objects rated as
more natural and living. Conversely, it was negatively associated with
images of inanimate objects relating to artificial stimulus features, and
objects rated as larger, heavier, and man-made.

The third component identified positive associations with small and
artificial objects, particularly relating to household contexts, embodying
manipulable object properties. The component was negatively associ-
ated with larger objects, particularly including objects relating to
transportation and movement-related features, and objects rated as
heavier and moving.

The fourth component was also positively correlated with smaller
objects embodying manipulable properties, but now more so with col-
ourful and textured images, as well as objects rated as more pleasant.
The component was negatively correlated with objects in outdoor con-
texts, including large, heavy, and moving property ratings.

Finally, the fifth component was positively associated with thin,
spindly, or spiky objects, particularly those in outdoor contexts. This
included an association with ratings of how large, moving, heavy, and
arousing the objects were. Conversely, the component was negatively
associated with rounder objects, and food and drink-related features, as

well as ratings of how manipulable and pleasant the objects were.

3.2.2. MEG dataset

We next turned to the latent components for the MEG dataset. As
before, the components were aligned over subjects by Procrustes anal-
ysis of the latent scores, then the stimulus loadings and latent scores
were averaged over subjects. Table 2 shows the top and bottom five
stimulus dimensions loading on each component (see Supplementary
Tables 6-10 for expanded lists of the top, middle, and bottom 10 stim-
ulus dimensions). Fig. 5 shows the top and bottom five object concepts
scoring on each component (see Supplementary Figures 7-11 for
expanded lists of the top, middle, and bottom 10 object concepts).
Fig. 4b illustrates correlations between behavioural ratings of 12 key
object properties and the latent scores along each component.

Similar to the EEG dataset, the first component was positively asso-
ciated with highly textured objects and repetitive patterns, particularly
including food- and plant-related objects, and was positively correlated
with natural, living, and pleasant object property ratings. The compo-
nent was again negatively associated with more tangible singular ob-
jects. The top scoring concepts included some objects related to faces
and bodies, but the stimulus loading and property ratings again indi-
cated a broader association with man-made and artificial objects.

Also similar to the EEG dataset, the second component was positively
associated with animate objects, and with natural, living, and moving
property ratings. However, unlike the EEG, this association was now
more closely related to animals than humans. The component was also
negatively associated with inanimate objects and stimulus features, and
with objects rated as more manmade and manipulable.

The third component was positively correlated with long, thing, and
stick-shaped or spiky objects and stimulus features, as well as properties
relating to how manipulable the objects were. It was negatively corre-
lated with colourful or textile-related objects and stimulus features, and
more broadly with objects rated as having more manipulable and un-
pleasant properties.

The fourth component was positively associated with small objects,
particularly those related to health, medicine, or body parts, and with
objects rated as more manipulable. It was also negatively associated
with artificial objects, especially those in outdoor contexts, and rated as
being larger and heavier.

Finally, the fifth component was positively correlated with objects
related to households or interior scene contexts, and negatively corre-
lated with objects containing colourful and textured patterns and with
thin and spiky objects. The component was less strongly correlated with
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Fig. 3. Top and bottom five object concepts (within the training set) scoring on each PLSR component in the EEG dataset. Representative images are illustrated for
each concept. Latent scores are indicated in parentheses. The images shown are distributed under a CCO licence and are representative of those in the

THINGS database.

the object property ratings, but nevertheless indicated moderate positive
associations with small, natural, and living properties, and negative
associations with manmade and manipulable properties.

Taken together, these results indicate that the PLSR components in
both the EEG and MEG datasets captured variation in meaningful and
tangible features of the objects. Such features included visual properties
such as texture, size, shape, colour, and animacy, as well as more se-
mantic and abstract properties. However, each component often
embodied multiple object features, and equally different features were
often evident across multiple components.

3.3. Neural representations of PLSR components

We next considered the Procrustes-aligned neural loadings (matrix
By in Fig. 1), describing the relationship between the latent components
and the evoked neural responses. Fig. 6 illustrates the timecourses of
component loadings, along with scalp topographies at example time
points, for representative subjects from the EEG (Fig. 6a) and MEG
(Fig. 6b) dataset. Supplementary Video 3 shows animated scalp topog-
raphies for four representative subjects from the EEG dataset, and

Supplementary Video 4 shows animations for all MEG subjects.

Clear modulations in the loadings are evident over time. Loadings
appear close to zero in the prestimulus period then show deflections
from approximately 100 ms post stimulus onset. It is important to note
that positive and negative loadings do not have the same interpretation
as positive and negative potentials in the evoked responses themselves.
Rather, they reflect the sensitivity to each latent component at specific
time points. Modulations in the EEG dataset are often relatively tran-
sient due to the forward and backward masking effects of the RSVP
stream. However, loadings for the MEG dataset often display a more
sustained response including modulations into later time periods.

For the MEG dataset, we additionally source localised representa-
tions of the PLSR components. Evoked responses for each of the 1236
object concepts in the training set were projected to the cortical surface
via a minimum norm estimate. The source space responses were then
weighted by the corresponding latent scores on a given component and
averaged over subjects. This represents a parametric contrast of re-
sponses along the component — positive and negative weights indicate
stronger responses to concepts scoring more positively or negatively
along the component respectively. These weighted activation maps were
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Fig. 4. Correspondence between PLSR components and key object properties for (a) EEG and (b) MEG datasets. Plots illustrate Spearman correlations between group
average latent scores on each component and 12 object property ratings obtained from the THINGSplus metadata for object concepts in the training set. Note that
components are not necessarily directly comparable between datasets. Bars marked with asterisks indicate significant correlations (p < .05, FWER corrected).

then averaged over subjects.

Fig. 7 illustrates group average weighted activations on cortical flat
patches at 3 example time points. Supplementary Video 5 shows ani-
mations of the activations on the inflated cortical surface. All compo-
nents were associated with strong weights in occipital regions at early
time points around 100 ms post stimulus onset, followed by topographic
patterns of weights across visual and non-visual cortices at later time
points. For instance, within 300 ms of stimulus onset, component 1
identified a gradient between positive weights in early visual cortices
and negative weights across ventrotemporal regions. Component 2 was
associated with positive parietal and occipital weights alongside alter-
nating patterns of positive and negative weights in ventral-temporal
regions from approximately 200 ms post onset.

Meanwhile, component 3 identified patterns of positive and negative
weights across ventrotemporal regions from approximately 200 ms post
onset. Component 4 indicated positive weights in parietal regions, and
negative weights in occipital, ventrotemporal, and ventral-frontal re-
gions by 500 ms post onset. Finally, component 5 was associated with
negative occipital weights and positive weights in temporal and parietal
regions from approximately 300 ms post onset.

Taken together, these results demonstrate that the latent components

track modulations in the evoked neural responses over time, and these
are associated with gradients of function across visual and non-visual
brain regions.

3.4. Similarity between PLSR components and artificial neural networks

To provide a further external validation of the PLSR models, we next
compared the features represented by the components to representa-
tions in a deep convolutional neural network (DCNN) (Alexnet; Kriz-
hevsky et al., 2017) pretrained for object identification. We performed a
series of representational similarity analyses (RSAs; Kriegeskorte, Mur,
and Bandettini, 2008) comparing the PLSR latent scores to activations in
each of the DCNN layers for the 1236 object concepts in the training set
(Fig. 8).

We first performed RSAs for the full latent space. Representational
dissimilarity matrices (RDMs) were constructed by measuring the cor-
relation distance between object concepts from their 5-dimensional
latent scores. RDMs for each DCNN layer were also constructed by
averaging activations over images within each object concept, then
measuring the correlation distance between concepts from the averaged
activation vectors. The PLSR RDMs for the EEG and MEG datasets were
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Top and bottom five stimulus model dimensions loading on each PLSR component in the MEG dataset. loading values are indicated in parentheses.

3

4

5

Table 2
Component
1 2
Top 5 1 Food-related (0.39) Animal-related (0.45)
2  Plant-related (0.29) Body- / people-related (0.24)
3 Coarse pattern / many things Bug-related / non-mammalian
(0.24) / disgusting (0.24)
4 Sweet / dessert-related (0.19) Flying- / sky-related (0.16)
5  Repetitive / spiky (0.17) Farm-related / historical (0.15)
Bottom 5  Sports- / playing-related Oriented / many things (-0.21)
5 (-0.20)
4 Electronics / technology Household (-0.23)
(-0.20)
3  Transportation- / movement- Metallic / artificial (-0.24)
related (-0.23)
2 Body- / people-related (-0.24)  Paper-related / flat (-0.26)

Metallic / artificial (-0.28)

House- / furnishing-related

Tools / handheld / elongated
(0.30)

Tubular (0.23)

Metallic / artificial (0.23)
Construction- /
craftsmanship-related (0.22)
Long / thin (0.20)

Valuable / precious (-0.17)
Colourful / playful (-0.19)
Feminine (stereotypical)
(-0.19)

Textile (-0.22)

Body- / people-related (-0.23)

Body part-related (0.32)

Feminine (stereotypical)
(0.29)

Stick-shaped / container
(0.25)

Head-related (0.23)

Medicine- / health-related
(0.22)
Plant-related (-0.14)

Upright / elongated /
voluminous (-0.15)
Beams- / mesh-related (-0.18)

Transportation- / movement-
related (-0.24)
Outdoors (-0.29)

White (0.19)
Household (0.19)

House- / furnishing-
related (0.16)

Fluid- / drink-related
(0.16)

Bathroom- / wetness-
related (0.14)
Weapon- / danger-
related (-0.18)
Beams- / mesh-related
(-0.20)

Colourful / playful
(-0.23)

Oriented / many things
(-0.24)

Coarse pattern / many

(-0.28)

things (-0.26)

then correlated with each of the DCNN layer RDMs. The RSA correla-
tions for the EEG and MEG datasets are shown in Fig. 8a and Fig. 8b
respectively. For both datasets, significant RSA correlations were
observed between the PLSR latent space and all DCNN layers. Correla-
tions increased over convolutional layers and peaked in the first fully
connected layer, suggesting the latent space most prominently captured
mid- to high-level visual features.

We also performed RSAs for each of the latent components individ-
ually. Per-component RDMs were calculated by measuring the
Euclidean distance of latent scores between pairwise combinations of
object concepts and then correlated with the DCNN RDMs. RSA corre-
lations are shown for the EEG and MEG datasets in Fig. 8c and Fig. 8d
respectively. The highest correlations were observed for the first two
latent components, although all components displayed significant cor-
relations with multiple DCNN layers. Correlations were generally
highest for later convolutional layers and early fully connected layers,
though the pattern varied over components and datasets. Taken
together, these results demonstrate the latent components embody fea-
tures which are diagnostic for object identification.

3.5. Similarity of PLSR components between datasets

Finally, to examine the robustness of the PLSR components, we
correlated the latent scores within and between components across the
EEG and MEG datasets for object concepts in the training set. We also
computed the similarity for both datasets with latent scores for a subset
of 480 object concepts obtained from our previous analysis of whole-
brain fMRI responses (Watson and Andrews, 2025). Because compo-
nents are not guaranteed to emerge in the same order across datasets,
the components were reordered and sign-flipped as necessary to achieve
the best correspondence between datasets. The resulting correlations are
shown Fig. 9.

We observed strong correlations along the matrix diagonals, indi-
cating clear commonalities between the components identified in each
dataset, particularly for the first two components. A series of
independent-samples t-tests confirmed that on-diagonal correlations
were significantly higher than off-diagonal correlations (MEG-EEG: t
(6.00) = 4.74, p = .006, Cohen’s d; = 2.52; fMRI-EEG: t(5.34) = 5.96, p
=.005, Cohen’s d; = 0.94; fMRI-MEG: t(5.23) = 3.50, p = .016, Cohen’s
d; = 2.16). High correlations were also frequently observed in the off-
diagonal elements, indicating that features represented on a given
component in one dataset were often shared with multiple components
in the other datasets. Thus, there is a clear correspondence in the object
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features captured by the latent spaces in each dataset, although there is
not an exact one-to-one match between the components.

4. Discussion

We applied a data-driven approach to identify the stimulus di-
mensions underlying the perception and neural representation of real-
world objects. Using publicly available datasets from the THINGS
initiative (Grootswagers et al., 2022; Hebart et al., 2020, 2023), we used
Partial Least Squares Regression (PLSR) to derive a low-dimensional
representation of objects that reliably predicted time-resolved neural
responses in both EEG and MEG. Despite differences in participants,
imaging modalities, and task designs, PLSR identified shared represen-
tational structures across EEG, MEG, and fMRI datasets. This conver-
gence suggests that the extracted latent dimensions capture general
aspects of object representation in the human brain.

The PLSR model reduced the stimulus dimensions and neural re-
sponses down to 5 latent components, providing an efficient and
powerful predictive account of the evoked neural responses. Prediction
accuracy was robust across data splits and reached comparable
explanatory power to linear models (Teichmann et al., 2026), but with
greater parsimony. Thus, it was possible to explain a large proportion of
variance in the neural response (up to almost 40%) from only 5 latent
components. Importantly, unlike other dimensionality reducing
methods such as Principal Components Analysis (Huth et al., 2012),
PLSR retains the mapping between the stimulus samples and latent
components. This allowed us to describe the selectivity of each of the
latent components for different perceptual and neural properties.
Furthermore, the latent components in PLSR are explicitly defined to
predict the neural response and thus embody direct representations of
the neural response. By comparison, a principal component decompo-
sition — either of the stimulus features themselves or of the weights in a
linear encoding model (Huth et al., 2012) — would not produce com-
ponents directly linking the stimulus features to the neural response, and
so would not provide this same direct interpretation. Hidden Markov
models are a further data-driven approach often applied to MEG and
EEG data to identify dynamic brain states (Baker et al., 2014). However,
this approach operates entirely on the neuronal signal, whereas encod-
ing models — including our PLSR method - allow explicitly linking
stimulus features to neural representations.

In PLSR, the components are ordered by predictive power, so earlier
components would retain the same information even if additional
components were included. We used 5 latent components as these



D.M. Watson et al.

Neurolmage 336 (2026) 122012

Granola Chickpea Gumball Grain Pea Piano Harness Kneepad  Periscope Face Mask
(4.39) (4.14) (4.09) (4.07) (4.04) (-3.31) (-3.32) (-3.33) (-3.56) (-3.77)
: N
! L
hL T
Eagle Mosquito Earwig Bull Crow Box  Measuring Cup Canister Bin Lid
(4.26) (4.16) (4.00) (3.93) (3.85) (-2.84) (-2.88) (-2.91) (-2.95) (-2.95)
\ -—
2
- Crowbar Poker Pipe2 Baton2 Plunger Blouse Boa Doll Costume
= (3.40) (3.35) (3.24) (3.22) (3.19) (-2.70) (-2.85) (-3.18) (-3.30)
= .
=
£
S 3
O
O
]
= Mascara Floss Earplug  Deodorant Mouth Phone Booth Gate Doghouse Bench Birdhouse
(4.80) (4.65) (4.62) (4.34) (4.43) (-3.51) (-3.56) (-3.64) (-3.67) (-3.86)
4 \
Bathtub Mattress Bed Cushion Milk Crystall Net Firecracker  Confetti Lego
(4.00) (3.52) (2.86) (2.84) (2.76) (-3.36) (-3.37) (-3.49) (-3.88)
5 =
1 2 3 4 5 5 4 3 2 1
< >
Top 5 Bottom 5

Fig. 5. Top and bottom five object concepts (within the training set) scoring on each PLSR component in the MEG dataset. Representative images are illustrated for
each concept. Latent scores are indicated in parentheses. The images shown are distributed under a CCO licence and are representative of those in the

THINGS database.

explained a large proportion of variance in the neural response and
showed good alignment over subjects following the Procrustes analysis.
This selection of components was also consistent with our previous
analysis of the THINGS-fMRI dataset (Watson and Andrews, 2025). That
we were able to explain neural responses with a small set of components
is consistent with previous accounts emphasising low-dimensional rep-
resentations of object features in the visual brain (Chen and Bonner,
2025; Haxby et al., 2011; Huth et al., 2012). The components we
retained identified key object features represented in the dynamics of
the neural response, showed good correspondence with a deep con-
volutional neural network and with behavioural ratings of object
properties, and were consistent between datasets. Nevertheless, our re-
sults do not preclude the possibility that the brain may encode addi-
tional stimulus features represented in later latent components
(Gauthaman et al., 2025; Han and Bonner, 2026; Stringer et al., 2019).

Inspection of the stimulus loadings and latent scores revealed that
the components captured a broad spectrum of visual and semantic fea-
tures. The components also correlated with behavioural ratings of key
object properties (Stoinski et al., 2023). While some features aligned
with prior accounts of visual cortical organisation (Grill-Spector and
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Weiner, 2014), the correspondence with existing models was not
straightforward. Rather, multiple features were represented across
multiple components, and each component embodied multiple features.
This is consistent with a hypothesis that neural representations in visual
cortex are tuned to efficiently represent statistical variation of features
in real-world objects. Future research might also consider how compo-
nents are modulated by task demands. All the datasets used passive
viewing tasks: the THINGS-fMRI and THINGS-MEG datasets employed
an oddball-detection task, while the THINGS-EEG dataset used an
orthogonal fixation task. Although tasks requiring participants to
actively attend different object features can lead to changes in neural
responses throughout early and high-level visual brain regions (Harel
et al., 2014), it remains unclear whether this would change the under-
lying stimulus representations.

The PLSR method provides a data-driven approach for identifying
latent components underlying the stimulus dimensions and neural re-
sponses. However, a necessary consequence of this method is that the
components can only identify features represented amongst the original
stimulus dimensions and neural responses. The unconstrained nature of
the similarity judgement task employed by Hebart et al. (2020) allowed
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loadings over channels at example timepoints. Grey background highlights indicate the stimulus duration. Loadings represent the expected standard deviations of

change in the evoked response for one unit of change in the latent score. Note that positive and negative values do not have the same interpretation as in evoked
responses themselves.
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Fig. 7. Group average source localisations of evoked responses in the MEG dataset weighted by latent scores on each PLSR component. Flat patches illustrate whole-
brain responses at three example timepoints. Positive and negative activations indicate stronger evoked responses to object concepts scoring more positively or
negatively along each component, respectively. Annotations indicate locations of early visual (V1, V2) and category-selective (PPA, RSC, OPA, FFA, OFA, pSTS)
regions obtained from independent datasets (Benson et al., 2014; Noad et al., 2024).

them to identify a varied spectrum of behaviourally relevant stimulus
features, without imposing experimenter preconceptions on the selec-
tion of those features. These include lower-level visual properties such as
shape, colour, and texture; mid-level features such as animacy; and
higher-level abstract and semantic properties such as how valuable or
flammable an object is. Correspondingly, our latent components also
captured a wide range of object features and were able to predict a
substantial portion of variance in the neural response. Nevertheless, it is
possible that features not accounted for amongst the original stimulus
dimensions (or our latent components) also contribute to the neural
response. Furthermore, our approach required averaging responses over
images within each object concept, thus limiting the ability to capture
image-level variation. Indeed, both the linear and PLSR encoding
models only significantly predicted responses from approximately 100
ms after stimulus onset, which is later than the earliest visually evoked
potentials (Inui and Kakigi, 2006; Jeffreys and Axford, 1972), suggesting
neither model fully accounted for more basic visual features. However,
the PLSR modelling approach is highly flexible, and future research
could readily apply it to examine neural representations of other di-
mensions captured by alternative stimulus models.
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The temporal dynamics of the neural loadings revealed smooth
transitions over time. As the analysis does not impose any spatiotem-
poral structure on the loadings, this is consistent with a biologically
plausible, graded representation in the brain. Previous studies have
shown that the visual processing of objects evolves dynamically, with
early time periods associated with representations of simple image-level
features, while higher-level visual representations emerge in later time
windows (Carlson et al., 2013; Cichy et al., 2014, 2016; Coggan et al.,
2016). The sustained prediction accuracies we observed across earlier
and later time points are therefore consistent with the PLSR capturing a
range of lower and higher-level object features.

Source-localisations of the MEG data further mapped the compo-
nents onto cortical topographies, revealing gradients from early visual to
more anterior regions over time. These localisations indicated strong
weightings associated with occipital cortices early in the epoch, before
expanding to include more anterior visual and non-visual cortices in
later time points. These loadings often revealed topographic gradients
across the cortex. For instance, the first component was associated with
a gradient distinguishing between early and high-level visual regions.
Meanwhile, the second component revealed alternating patterns of
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Fig. 8. Representational similarity between PLSR and DCNN representations of objects concepts in the training set. Distances between pairs of object concepts were
measured from activations in each layer of an Alexnet DCNN trained for object identification. These were then correlated with corresponding distances measured
from the group average PLSR latent scores in the (a, ¢) EEG and (b, d) MEG datasets, for both (a, b) the full 5-dimensional latent spaces and (c, d) each component
separately. Note that components are not necessarily directly comparable between datasets. Filled symbols indicate significant correlations and dashed lines indicate
significance thresholds (p < .05; FWER corrected), as determined by permutation testing.

positive and negative weights across ventrotemporal cortex. Several
components highlighted the role of the parietal lobe at later timepoints,
in line with growing evidence for dorsal stream contributions to object
processing (Ayzenberg and Behrmann, 2022; Jeong and Xu, 2016).

An interesting question is whether features encoded along the range
of each component emerge in the neural response simultaneously or
hierarchically across time. For instance, the neural loadings of many
components displayed oscillations over time — rather than a simple in-
crease then decrease in magnitude — suggesting a dynamic progression
of those representations. The MEG source localisations often indicated a
hierarchical progression of the representations, with one end of the
component more strongly associated with earlier activations in early
visual cortex, and the other end more associated with later activations in
higher-level regions. Future research could apply more hypothesis-
driven investigations to disentangle the progression of these neural
representations, for instance by employing decoding approaches to
contrast between stimulus features (Kim et al., 2026; Yeh et al., 2025),
or examining representations across frequency bands to disambiguate
the influence of feedforward versus feedback signals (Stecher et al.,
2025).

Deep convolutional neural networks (DCNNs) are increasingly
employed as computational models to investigate object perception,
given their capacity to generate neural representations that closely
resemble those observed in the human visual system (Khaligh-Razavi
and Kriegeskorte, 2014; Cichy et al., 2016; Simony et al., 2024). In the
current study, we evaluated the correspondence between representa-
tional spaces derived from PLSR and those extracted from a widely used
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DCNN architecture, trained for object recognition (Alexnet; Krizhevsky
et al., 2017). Representational similarity analysis revealed significant
alignment across all layers of the network, with the strongest corre-
spondence observed in higher-order convolutional layers and the initial
fully connected layers, suggesting a convergence between computa-
tional and neural representations at intermediate-to-late stages of visual
object processing.

We also compared the latent scores between the EEG and MEG
datasets, and with PLSR components derived from a previous analysis of
the THINGS-fMRI dataset (Hebart et al., 2023; Watson and Andrews,
2025). In all datasets, each component correlated strongly with at least
one component in the other datasets. Components often displayed high
correlations with multiple components in other datasets, indicating
there was not always a strict one-for-one correspondence in components
between datasets. Nevertheless, there was clear overlap in the latent
representations captured in each dataset. This is noteworthy given that
each dataset used different imaging modalities — EEG and MEG offer
different sensitivities to different neural sources (Lopes da Silva, 2013),
while fMRI and M/EEG provide substantially different spatial and
temporal sensitivities. Moreover, the datasets have different experi-
mental paradigms (rapid serial visual presentation for EEG,
event-related for MEG and fMRI), participant groups, and sample sizes
(1854 object concepts in EEG and MEG, 720 object concepts in fMRI).
This indicates the PLSR identified robust neural representations shared
over subjects, imaging modalities, and experimental paradigms.
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Fig. 9. Similarity of PLSR components between THINGS-MEG, THINGS-EEG1, and THINGS-fMRI datasets. Group average latent scores were correlated within and
between components across the datasets. Components in the matrix columns were reordered and sign-flipped as necessary (indicated by x-axis tick labels) to best
match the order of components in the matrix rows. Latent scores for the THINGS-fMRI dataset were obtained from a previous analysis (Watson and Andrews, 2025).

5. Conclusion

In conclusion, we applied a data-driven approach to predict time-
resolved neural responses in EEG and MEG from behaviourally rele-
vant stimulus features of naturalistic objects. A neural encoding model
based on partial least squares regression identified a small set of latent
components that accurately predicted evoked neural responses across
sustained periods including earlier and later time points in the epoch.
The components themselves identified many visual and non-visual fea-
tures of these objects, but did not straightforwardly correspond to pre-
vious perspectives on object perception. Instead, our results indicate
that the visual brain encodes information in a statistically efficient way
that reflects the co-occurrence of features amongst natural variation in
real-world objects.

Data availability
The behavioural, MEG, and EEG data are already publicly available

from the THINGS initiative (https://things-initiative.org/). Our analysis
code is available on the Open Science Framework (https://osf.io/6w5ef
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