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ABSTRACT: The human visual system can rapidly recognize meaningful information from images, sometimes within a
fraction of a second. Previous research has shown that animacy, the distinction between living and non-living objects, can be
decoded from neural signals shortly after the stimulus presentation. However, the exact timing and spatial distribution of animacy
in electroencephalography (EEG) remain under investigation. In this paper, I examined whether animacy can be decoded from
EEG signals within the first 200 milliseconds after image presentation. Using the Naturalistic Object Dataset EEG (NOD-
EEQG), a large publicly available dataset containing responses to thousands of object images, I applied time-resolved decoding,
permutation-based significance testing, Haufe-transformed forward-model scalp mapping, event-related potential (ERP) testing,
and EEG-Behavior correlations. The results showed that animacy could be decoded above chance (>50%) beginning around 100
ms, with peak activity at approximately 200 ms. Haufe-transformed forward-model analyses also revealed the strongest activity
over occipital and parieto-occipital areas (posterior scalp regions). Overall, these results indicate that animacy-related information

emerges rapidly in EEG signals and appears in distributed posterior visual regions during the early stages of visual processing.
KEYWORDS: Behavioral and Social Sciences, Neuroscience, Electroencephalography, Animacy, Visual.

B Introduction

The human visual system can quickly convert raw sensory
input into meaningful representations of objects. Within just
a few hundred milliseconds of seeing an image, the brain can
recognize what the object is and use that information to guide
behavior. Figuring out how and when these visual representa-
tions form over time is a major focus in visual neuroscience.!
One key factor in object perception is animacy, which refers to
whether an object is animate or inanimate. Animate objects
are often more behaviorally important because they can sig-
nal potential danger or opportunities for social interaction.??
Because of this, the brain may prioritize animate objects more
quickly or prioritize them over inanimate ones. Neuroimaging
research using fMRI has shown that animate and inanimate
objects are processed differently in the high-level visual and
temporal cortex.>® However, while these studies provide strong
evidence for where animacy is represented, they offer limited
insight into when animacy information first emerges during
visual processing.

Electroencephalography (EEG) is a valuable tool for study-
ing early visual processing because it captures brain activity
with very high temporal resolution. Previous EEG studies have
shown that meaningful object information can be rapidly
decoded from neural signals, even when images are present-
ed briefly or under more naturalistic conditions."* Certain
event-related potential (ERP) components, such as the P1
(around 80-120 ms) and N170 (around 140-200 ms), are as-
sociated with early visual and categorical processing and have
been linked to differences in how the brain responds to objects
and faces.’

More recent work has demonstrated that animacy-related
distinctions can be decoded from EEG signals within the first
few hundred milliseconds after the stimulus onset.® Other re-
cent work has shown that transforming decoding weights into
activation patterns using Haufe-transformed forward models
provides a more interpretable representation of how neural
activity contributes to decoding performance.” However, it re-
mains unclear how early animacy information can be reliably
extracted from EEG data when using these image datasets.

Although previous studies have shown that animacy in-
formation can be decoded from EEG signals in early visual
processing, not many studies have looked at whether these
findings hold up across large naturalistic image datasets with
thousands of object categories. This paper, therefore, examines
whether the brain responds differently to animate versus inan-
imate stimuli within the first 200 milliseconds, and whether
early EEG signals can reliably decode this information across
a highly diverse set of stimuli. This question is important be-
cause it clarifies whether high-level semantic distinctions, such
as animacy, emerge during early stages of visual processing
or only after more extensive cortical processing.® As a result,
I used a combination of resolved decoding, permutation test-
ing, ERP analyses, Haufe transformed forward models, and
EEG-behavior correlations to examine both the timing and
spatial distribution of related activity. From there, I hypothe-
sized that animate objects would elicit stronger or earlier neural
responses than inanimate objects during early stages of visual
processing. In order to address this hypothesis, I analyzed EEG
data from the Naturalistic Object Dataset (NOD-EEG). This
is a large, publicly available dataset containing brain responses
to thousands of object images.” The images used in the NOD-
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EEG are derived from the THINGS-EEG dataset, another
large-scale stimulus set designed to sample naturalistic object
concepts across a broad range.® Although activity beyond 0
ms and 200 ms is examined for contextual purposes, the core
analyses and conclusions of this paper focus specifically on the
0-200 ms early visual processing window.

B Materials and Methods

EEG dataset and preprocessing:

EEG data were obtained from the Naturalistic
Object Dataset EEG (NOD-EEG), which contains magne-
toencephalography (MEG) and EEG recordings from human
participants viewing thousands of naturalistic object images in
rapid serial visual presentation streams. Specifically, the EEG
recordings were collected using a 64-channel NeuroScan sys-
tem using the international 10-20 electrode configuration,
sampled at 500 Hz in an electromagnetically shielded room.
This study used preprocessed and epoched EEG data from 15
participants (6 female, 9 male, mean age = 20.47 years, standard
deviation = 1.28 years) with behavioral data. These 15 partici-
pants represented all subjects with usable EEG recordings and
complete metadata available after preprocessing. The partic-
ipant IDs were the following listed: sub-01, sub-02, sub-04,
sub-07, sub-08, sub-10, sub-11, sub-12, sub-13, sub-14, sub-
24, sub-26, sub-27, sub-29, and sub-30. Information about
participants’ handedness, height, and weight was not available
in the dataset. Four participants (sub-03, sub-05, sub-06, and
sub-09) were excluded because their EEG files were corrupted
and could not be properly loaded during preprocessing. All the
data used were originally identified and collected by the origi-
nal authors, and I collected no new data for this project.

Each EEG if file contained epochs from -100 ms to 800
ms around image onset, along with metadata for each trial.
This indicated whether the object was animate or inanimate,
the participant’s response, and their reaction time. The stim-
ulus set consisted of a large, diverse collection of real-world
objects, spanning thousands of unique images and categories,
and each image was presented once per session. Participants
subsequently performed a binary animacy judgment on each

trial.

EEG data analysis:

Participants viewed rapid streams of animate (e.g., animals
and people) and inanimate (e.g., tools and furniture) object
images and had to judge whether each image was animate
or inanimate on each trial. Behavioral responses and reaction
times were recorded in the metadata. Additionally, behavioral
accuracy was calculated as the proportion of correct responses,
and reaction time was measured as the median response time
across correct trials.

All analyses were done in Python using open-source libraries,
including MNE, NumPy, SciPy, scikit-learn, and Matplotlib
in Google Colab. ChatGPT was used to help with program-
ming, mainly for debugging and figuring out code issues. All
analytical decisions, statistical methods, interpretations, and
conclusions were my own and independently verified by me.
For each participant, I loaded the pre-epoched EEG data from

-100 ms to 800 ms relative to stimulus onset. The original files
did not include baseline correction or active projections. Using
the metadata field stim_is_animate, I then created a binary la-
bel for each trial (animate = 1, inanimate = 0). Trials missing
behavioral data were excluded from behavior-related analyses
but retained in the decoding analyses if they had a valid ani-
macy label.

To focus on early visual processing, EEG data were cropped
to the 0-200 ms window after the stimulus appeared and
downsampled to 50 Hz to reduce computational demands
and to help with signal stability, while preserving coarse tem-
poral dynamics within the early visual processing window.
Although this reduced temporal precision, the sampling rate
was still sufficient to capture broad ERP timing differences
within the early 0-200 ms window. A 3-fold cross-validation
approach was used to try to balance computational efficiency
with getting stable estimates, given the large number of trials
each participant had. For each subject, this resulted in a data
array with dimensions corresponding to trials, channels, and
time. The number of trials varied slightly across participants
(approximately 4,000 per subject) due to preprocessing and
data-quality constraints. All available EEG channels in the
decoding and forward-model analyses were used.

Time-Resolved Multivariate Decoding of Animacy:

To determine when animacy information could be decoded
from EEG signals, I conducted a time-resolved multivariate
decoding analysis using a ridge classifier and cross-validation.
For each time point, I reshaped the EEG data into a tri-
als-by-channels matrix and passed it through a pipeline that
included a StandardScaler followed by a RidgeClassifier.
Animacy decoding accuracy was estimated using a 3-fold
cross-validation, which was performed separately for every
time point in Python. This analysis produced a time-resolved
decoding curve showing how classification accuracy changed
over time for each participant. The highest decoding ac-
curacy within the 0-200 ms window was then taken as that
participant’s peak decoding score. It was later used in the
EEG-behavior analysis discussed in the results section.

Permutation-based group-level significance testing:

To assess whether decoding performance exceeded chance,
conducted subject-level permutation tests for each participant
and then combined the resulting p-values across participants.
For each participant, EEG data from the 0-200 ms window
were reshaped into a trials by channels by time matrix and
collapsed into a single feature vector. Decoding accuracy was
calculated using the same StandardScaler and RidgeClassifier
pipeline with 3-fold cross-validation, just like in the time-re-
solved analysis.

A null distribution was then generated by shuffling the
animacy labels 1,000 times and recomputing the cross-vali-
dated decoding accuracy for each permutation. I assigned a
p-value to each participant by calculating the proportion of
permuted accuracies that were at least as high as the observed
decoding accuracy. Across the 15 participants, real decoding
accuracies generally ranged from 0.57 to 0.63, and all p-values
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were below 0.05. Accordingly, for each individual, these values
indicated statistical significance and above chance for anima-
cy decoding. Group-level p-value distributions are reported in
the Results section.

Forward models and group-average scalp maps

To understand where on the scalp animacy information was
expressed, Haufe-transformed forward models (activation pat-
terns) were estimated for each subject and then averaged at the
group level. For each subject, a sensor-space pattern was de-
rived to quantify how strongly each EEG channel contributed
to animacy decoding within the early 0-200ms time window.
Then, these subject-level pattern vectors were stacked into a
subjects-by-channels matrix.

Because activation patterns derived from linear models
can vary in sign across participants, each individual’s pattern
was sign-aligned to a reference pattern by checking their
correlation and flipping the sign when the correlation was
negative. After aligning the data, I averaged the patterns across
all subjects to create a group-level scalp map, which I visu-
alized using a topographic plot. The group map showed the
strongest weights over occipital and parieto-occipital sensors,
which matched early visual cortex involvement in animacy
processing. To illustrate this, I computed Haufe-transformed,
time-resolved maps for all the participants. I plotted them at
evenly spaced time points (e.g., 40, 80, 120, 160, and 200 ms)
to show how the spatial distribution of animacy-related ac-
tivity changed over time. These examples are presented and
discussed in the results section, which describes the temporal
dynamics of these scalp patterns.

Ewvent-related potentials (ERPs) and the occipital region of
interest (ROI):

To complement the decoding analyses, I also examined
event-related potentials (ERPs) to assess how EEG responses
differed between animate and inanimate objects. ERPs were
computed by averaging EEG responses across trials for each
category, with the focus on an occipital region of interest (ROI)
because it is closely associated with early visual processing.

Since the group forward model showed strong activity in
posterior regions, I defined an ROI at the sensor level to get a
clearer view of early visual responses. This group-average and
difference-wave ROI included occipital and parieto-occipital
electrodes (01, O2, Oz, PO7, POS) from the NOD-EEG
dataset. The epochs were baseline-corrected using the -100 to
0 ms pre-stimulus interval and analyzed within the 0-200 ms
window after stimulus onset. These ERP results, together with
the forward-model scalp maps, support the idea that early an-
imacy information mainly appears over occipital and parietal
regions.

EEG-bebavior relationships:

Finally, I examined whether early EEG decoding of anima-
cy was related to behavioral performance. For each participant,
I computed Behavioral accuracy (The mean proportion of cor-
rect animacy judgments, where the response correctly matched
the true animacy label), Median reaction time (The median

reaction time (RT) across the correct trials), and Peak EEG
decoding accuracy (the maximum decoding accuracy within
0-200 ms from the time-resolved decoding curve).

I then calculated Pearson correlations between peak decod-
ing and behavioral accuracy, as well as between peak decoding
and median RT across the subjects. In the results section,
correlation coefficients and p-values, along with scatter plots
showing that early animacy decoding relates to behavioral per-
formance, are reported.

B Results and Discussion

Early animacy decoding from EEG:

Across participants, animacy could be reliably decoded from
early EEG signals. Using time-resolved decoding in the 0-200
ms window, the group average decoding accuracy rose above
chance shortly after stimulus onset. It remained consistently
above 0.5 for the rest of the early time window (Figure 1). The
mean peak decoding accuracy across the 15 participants was
0.59 (Group peak = 0.59, £1 SEM = 0.02). Individual peak
accuracies ranged from 0.57 to 0.63 (Figure 1). These results
indicate that even a simple linear classifier can distinguish be-
tween animate and inanimate images based on early neural
activity.

Group Time-Resolved Animacy Decoding (0-200 ms)
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Figure 1: Group-average time time-resolved decoding accuracy for animate
versus inanimate stimuli within the first 200 ms after stimulus onset. The solid
line represents the mean decoding accuracy across participants, the shaded
region indicates +1 SEM, the dashed line marks chance performance (50%),
and the dot indicates the group’s peak decoding accuracy. Decoding accuracy
rose above chance beginning around 100 ms and reached its maximum near
200ms, demonstrating that animacy related information emerges rapidly
during early visual processing.

Group-level significance of early animacy decoding (0-200 ms)
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Figure 2: Histogram of participant participant-level permutation test p
p-values for animacy decoding accuracy within the 0 0-200 ms post post-
stimulus window. Each bar shows how many participants reached a given
significance level based on 1,000 label permutations. The strong clusteri ng
of values near zero indicates consistent above above-chance decoding across
participants. This indicates that animacy decoding was reliably above chance
across the dataset.
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Permutation tests confirmed that these decoding results
were statistically significant for each participant. For each
subject, decoding accuracy using the true animacy labels in
the 0-200 ms post-stimulus period was compared to a null
distribution of 1,000 permutation accuracies computed with
shuffled labels (Figure 2). The null distributions were centered
around chance (0.50), while all participants showed p-values
below 0.05, with most under 0.01 (Figure 2). Together, these
findings suggest that early animacy information was reliably
detected at the individual and group levels.

Spatial distributions for forward models and occipital focus:

Haufe-transformed forward-model analyses showed that
animacy-related EEG activity was strongest over posterior
scalp regions. For each participant, I calculated a Haufe-trans-
formed forward model for the 0-200 ms window to identify
the channel-level patterns related to animacy decoding. These
group-average forward models were then sign-aligned and
averaged across participants. After this sign alignment was
performed, the average spatial pattern remained highly consis-
tent across the subjects. Overall, the strongest activity appeared
over occipital and parieto-occipital electrodes, with weaker ac-
tivity observed at central and frontal sites (Figures 3 and 4).

Group-Average Haufe Forward Model (0-200 ms)
-

-2000

—4000

—6000

Figure 3: Group-average Haufe forward model for animacy decoding within
the 0 0-200 ms postpost-stimulus window. Warmer colors indicate stronger
positive contributions to decoding performance, whereas cooler colors indicate
weaker contributions. The strongest activity wass concentrated over occipital
and parieto parieto-occipital regions, suggesting a major role for early visual
cortical processing in animacy decoding.

Sign-Aligned Mean Forward Pattern (0-200 ms)
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Figure 4: Sign-aligned group group-average Haufe forward model for
animacy decoding within the 0 0-200 ms post post-stimulus window.
Individual participant patterns were aligned before averaging to improve
consistency across subjects. The resulting scalp map remained strongly
posterior, demonstrating that animacy animacy-related activity was highly
consistent across participants.
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Sign-Aligned Mean Time-Resolved Forward Patterns (0-200 ms)
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Figure 5: Time-resolved group group-average Haufe forward models
shown at selected time points between 0 and 200 ms after stimulus onset.
Topographic maps illust rate the evolving spatial distribution of animacy
animacy-related neural activity over time. Posterior sensor patterns became
increasingly prominent between approximately 120 and 200 ms, indicating
that animacy animacy-related information emerged primarily within occipital
and parieto parieto-occipital regions during early visual processing.

e transformed patter (3.5.)

The time-resolved forward maps supported this posteri-
or focus. At 0, 40, and 80ms, the strongest positive weights
appeared over frontal sites. However, when the time window
reached 120, 160, and 200 ms, the weights shifted to posterior
sites, peaking between 100 and 200 ms (Figure 5). This spa-
tial pattern is consistent with early visual cortical activity. It
suggests that animacy information is represented in distribut-
ed patterns over occipital regions around 100ms after stimulus
onset.

Occipital ERP/ROIs for animate versus inanimate objects:

Event-related potentials over occipital and parieto-occipital
electrodes showed clear differences between animate and in-
animate objects. Using an occipital ROI (O1, 02, Oz, PO7,
POS8), separate ERPs were calculated for each condition for
animate and inanimate trials and then averaged across each
participant. Both group-average waveforms exhibited typical
early visual components, including a P1 around 100 ms and an

N170 around 170 ms (Figure 6-7).

fols Group ERP — Occipital ROI (0-200 ms)

— Animate
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Figure 6: Group-average event event-related potentials (ERPs) from an
occipital region of interest (01,02, 0z, PO7,PO8) for animate and inanimate
stimuli within the 0 0-200 ms window. The colored regions represent * 1
SEM across participants, and the shaded time interval s indicate the P1 and
N170 components. Differences between animate and inanimate responses
were most apparent between approximately 100 and 200 ms, suggesting early
category category-sensitive visual processing.

Animate — Inanimate Difference Wave (Occipital, 0-200 ms)
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Figure 7: Group-average difference wavefor m (animate - inanimate) from
the occipital region of interest within the 0 0-200 ms window. Shaded areas
mark the P1 and N170 time ranges, showing early ERP differences related
to animacy. The divergence from zero during the N170 interval suggests
that animacy -related neural differences emerge during early stages of visual
processing.
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The animate condition showed slightly lower amplitudes
than the inanimate condition between 150 and 200 ms in the
Occipital ROI, reflecting early category-sensitive processing
(Figure 6). The group difference wave (animate minus inani-
mate) diverged from zero in this window (Figure 7), suggesting
that related differences show up in early visual activity rather
than only emerging during later cognitive stages. Although
decoding was the focus in this study, these ERP differences
support the view that animacy-related differences are reflected
in early visual responses.

EEG-bebavior relationships and correlations:

Participants overall performed well on the animacy task,
with an average accuracy of approximately 0.84 (range =
0.77- 0.91). This indicated that they could reliably distinguish
animate from inanimate images. Median reaction times for
correct trials were approximately 1040 ms, with values ranging
from 0.69 to 1.30 seconds across all the participants (Figure
8-9).

EEG Decoding vs Behavioral Accuracy
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Figure 8: Relationship between peak EEG decoding accuracy (0 0-200 ms)
and behavioral accuracy in the animacy classification task across part icipants.
Each point represents one participant, with the correlation coefficient and
p p-value shown. Although participants with stronger decoding tended to
show slightly higher behavioral accuracy, the relationship was not statistically
significant.
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Figure 9: Relationship between peak EEG decoding accuracy (0 0-200
ms) and median reaction time for correct trials across participants. Each point
represents one participant, with the correlation coefficient and p p-value
reported. Participants with stronger early anim acy decoding generally
responded more quickly, resulting in a significant negative correlation between
decoding performance and reaction time.

To test whether early decoding was behaviorally relevant, I
correlated peak decoding accuracy within 0-200 ms with each
participant’s behavioral accuracy and median reaction time.
Peak decoding accuracies across the 15 participants ranged
from around 0.57 to 0.63 (Standard deviation = 0.016). Peak
EEG decoding accuracy showed a non-significant positive
correlation with behavioral accuracy (Pearson r = 0.15, p =
0.589) (Figure 8). Additionally, the decoding accuracy showed
a significant negative correlation with median reaction time
(Pearson r = -0.55, p = 0.035) (Figure 9). These results suggest
that participants who had stronger early decoding also tended
to respond faster in the animacy task. However, because the
sample size was quite small and several behavioral correlations
were tested, this finding should be interpreted cautiously.

This study looked at whether animacy information can be
decoded from EEG signals during the earliest stages of visual
processing, and also tried to clarify when and where in the scalp
this information shows up. I hypothesized that animate objects
would elicit stronger or earlier neural responses than inanimate
objects within the first 200 milliseconds after the stimulus on-
set. The results supported this hypothesis. Animacy-related
information could be decoded from EEG activity beginning
around 100 ms, with the best classification occurring between
100 and 200 ms. These findings replicate previous evidence
showing that the human visual system can distinguish animacy
quickly during early visual processing, while also extending this
to a much larger and more naturalistic EEG dataset. The early
timing of animacy decoding observed in this study is consis-
tent with previous EEG and MEG research, which shows that
object and category information can be extracted from neural
signals shortly after stimulus onset.™* The observed timeframe
aligns with known early visual ERP components, such as the
P1 and N170, which have been linked to category-sensitive
processing, including face processing.’ Although the study did
not focus just on faces, the broader distinction between ani-
mate and inanimate objects appears to be reflected in similar
early time windows, supporting the idea that animacy is a fun-
damental organizing factor of visual representations.

The spatial results from the Haufe-transformed for-
ward-model analyses further support early visual involvement.
The strongest activity appeared over occipital and parieto-oc-
cipital areas, consistent with early visual processing. These
group-average forward models align with past findings that
object information is represented across distributed occipital
regions.” In line with ERP results, these results indicate that
animacy is not solely represented in high-level temporal re-
gions, as shown by fMRI studies, but is already present in early
visual responses measurable at the scalp.®’

One important implication of these findings is that anima-
cy-related differences can still be detected even across highly
diverse and naturalistic stimulus sets, which suggests that these
early category signals are not just limited to more controlled
lab image sets. Rather than relying entirely on later semantic
processing, the results suggest that broad categorical differenc-
es may already be partly represented during early perceptual
processing. Because animate objects are often behaviorally rel-
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evant, being able to quickly tell them apart from inanimate
stimuli could be advantageous during natural scene perception.

Interestingly, early decoding was also associated with behav-
ior. Participants who showed stronger early decoding typically
responded more quickly during the animacy task. This sug-
gests that stronger early animacy decoding may be associated
with faster visual detections. Similar connections between early
neural decoding and behavior have been reported in prior work
on object recognition and category processing, and the present
findings extend this evidence to large-scale, naturalistic image
datasets.10

Although this study has many strengths, there are several
limitations to consider. First, while the NOD-EEG dataset in-
cludes a large and diverse set of images, this analysis focused
on just 15 participants of similar age due to data quality issues.
Because the sample size was quite small and mostly made up
of young adults, the findings may not fully generalize to other
populations or different age groups. Second, while decoding
analyses reveal when information is present in the EEG sig-
nal, they do not identify its source within the brain. Lastly,
the analysis was limited to the 0-200 ms window, so addi-
tional timeframes were not explored in detail. Future studies
that combine EEG with MEG source localization could help
identify the cortical sources of these early animacy signals, and
extending the analyses to later time periods may also help re-
veal how early perceptual encoding connects to more complex
processing.

B Conclusion

This study shows that animacy is encoded very early in the
human visual system and can be decoded from EEG signals
within the first 200 milliseconds after image onset. Using large-
scale naturalistic EEG data and time-resolved multivariate
decoding, I found that animate and inanimate objects become
distinguishable in neural activity within that early time win-
dow. Decoding accuracy peaked between 100 and 200 ms, and
Haufe-transformed forward models showed consistent activity
across posterior scalp regions, indicating early involvement of
the visual cortex. ERP results also showed clear category-re-
lated differences in early brain responses, whereas behavioral
results indicated that participants with stronger early decoding
tended to respond more quickly during the tasks.

Altogether, these results support the conclusion that animacy
is represented during the earliest stages of human cortical pro-
cessing. By combining decoding, ERP, and behavioral analyses
with large-scale naturalistic stimuli, this project helps connect
controlled lab results with more realistic visual experiences.
For future work, it would be interesting to examine finer dis-
tinctions within animacy, study differences across individuals
or age groups, and combine EEG with other neuroimaging
methods to gain deeper insight into the neural processes that
support rapid perception.
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