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This manuscript seeks to understand the hierarchical temporal representation of social
actions in the lateral visual pathway in the human brain. It introduces a potentially
valuable methodological approach for characterizing the spatiotemporal dynamics of
social-interaction representations, with the data supporting the hypothesis that the
anterior portion of the superior temporal sulcus responds to communicative actions, and
providing a temporal estimate of when it begins responding. However, the failure to
recover several previously reported effects regarding mid-level representations in this and
other visual brain regions, combined with unresolved concerns about the correspondence
between EEG, fMRI, and stimulus-feature measures, limits confidence in the method's
sensitivity and validity, rendering the current empirical evidence against a hierarchical
feedforward architecture incomplete.

https://doi.org/10.7554/eLife.112352.1.sa3

Abstract

The lateral visual stream has been recently proposed as a third visual stream, in addition to the
ventral and dorsal streams, specialized for processing dynamic social content. While prior work
has suggested that the regions of this pathway form a hierarchy representing increasingly abstract
information, the computations along this pathway are still largely unknown. High spatiotemporal
resolution data are particularly informative for characterizing the information flow and thus
neural computations across different brain regions. Using a novel regression approach, we
combine data from EEG, fMRI, and behavior in response to the same videos to leverage the high
temporal resolution of EEG and whole-brain spatial resolution of fMRI. We find that low-level
visual features are represented in early visual cortex with a short temporal latency and are not
represented in higher-level regions of the lateral stream. Further, we find that mid-level features
are represented in mid-level lateral regions with a shorter latency than high-level features in more
anterior regions of the lateral pathway. However, both mid- and high-level features were
decodable in anterior regions of the lateral pathway with a similar latency. Together, these results
provide evidence that features of social actions are processed rapidly in the lateral visual stream
in a manner that is consistent with hierarchical processing, but the lateral stream does not exhibit
a strict temporal sequence of representational transformations along the posterior-to-anterior
axis.

1 Significance Statement

Understanding how the brain processes social actions is critical to understanding the social mind.
This study leverages a novel EEG-fMRI fusion method to reveal, for the first time, the

spatiotemporal hierarchy of social action representations in the lateral visual pathway from early
visual cortex to the superior temporal sulcus. Notably, we can decode communicative interactions
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in the anterior superior temporal sulcus (aSTS) within 200 ms shortly following decoding of
visuospatial features about the social scene. This finding underscores the brain’s remarkable
efficiency in extracting social meaning. Together, these results advance our understanding of the
neural computations underlying social perception and highlight the lateral visual stream as a
specialized pathway for dynamic social perception.

2 Introduction

Perceiving the actions of others is essential in daily life. Among the most common actions we
witness are social actions that involve two or more people, like talking, dancing, or gesturing (1; 2;
3). The brain primarily represents actions of others in lateral regions including the lateral occipital
temporal cortex (LOTC) and the superior temporal sulcus (STS) (2; 3). In these regions, one of the
key organizing features of actions is their sociality, or the extent to which an action is directed at
another person (2; 3; 4). Other related work has identified regions in the STS that respond
selectively to social interactions (5; 6; 7; 8). These findings, combined with research on dynamic
face processing, have led to new ideas about a third visual pathway projecting laterally from
primary visual cortex, through LOTC, to the STS (9). The lateral visual pathway is hypothesized to
be separate from the classic ventral and dorsal visual pathways (10; 11) and to be specialized for
understanding dynamic social content.

Features of social interactions are hypothesized to be hierarchically processed along the lateral
visual pathway (12). This is supported by studies with simple, controlled stimuli showing that
there are increasingly abstract social action representations along the lateral surface. For instance,
mid-level visual cues indicative of social actions, or “social primitives”, such as whether two
bodies are facing (13; 14) or moving toward one another (15) are represented in the body-selective
extrastriate body area (EBA), a mid-level region in the lateral pathway. More anterior regions
along the STS are selective for more abstract, high-level social action information, including the
presence and valence of social interactions (5; 6; 7; 8). Further, a recent comprehensive fMRI study
investigated the organization of low-to-high level social features. This work found a posterior-to-
anterior gradient of increasingly abstract social feature representations in the lateral visual
pathway (6). Related work has found a temporal hierarchy of action representations using

electroencephalography (EEG) (1) and magnetoencephalography with source-reconstruction (16).

While the prior research provides evidence for hierarchical representations of social actions, none
of these studies have been able to address how information flows through these lateral visual
regions due to the use of methods that either have high temporal or high spatial resolution but not
both. To investigate the question of how representations in these regions evolve over time, in the
current study, we use EEG-fMRI fusion to combine the high-temporal resolution of EEG with the
high-spatial resolution of fMRI. EEG-fMRI fusion is a previously developed method (17) that has

in the human brain. Here, we make several significant methodological advances to the original
EEG- fMRI fusion approach. We adopt an encoding model approach that (1) links EEG and fMRI in
a cross-validated manner allowing us to determine the generalizability of representations in held-
out stimuli, and (2) defines a hypothesis space of the tuning profile of different regions of interest
(ROIs) to stimulus features and to EEG at each time point (20; 21).

We combine our previously published fMRI data (6) with new EEG recordings in separate subjects
while they watched the same video clips as the fMRI participants (Figure 1A (2). Using EEG

decoding and EEG-fMRI fusion, our results support a hierarchy of features in computing social
interactions but also suggest that the lateral stream may not be a strict feedforward hierarchy.
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Figure 1. Data and method overview

A) One example video depicting two person actions (top). Participants viewed the videos while their neural responses were
recoded with EEG (middle-left) or fMRI (middle-middle), and participants online provided behavioral ratings for eight

Neuroscience

different features of the visual and social scene. The EEG data is an example of activity in 10 channels of the 64 channels used

in the regression, the brain depicts a schematic of the lateral stream ROIs that were predicted from EEG, and the behavioral
ratings are example ratings for one video. B) Two-step regression schematic. Regression 1 is fit between the EEG and fMRI
data at each time point using 5-fold cross-validation (pink arrow in A). The color bands in the fMRI and EEG data represent

the cross-validation folds. The result of this step is the predicted fMRI response for all stimuli in the training data. Regression 2

is fit between the EEG-predicted fMRI response and the behavioral ratings of the stimuli (green arrow in A). Because of
license restrictions, the image in (A) is only representative of a video in the stimulus set. The image is “Parents and kids learn

together”™ by DFID - UK Department for International Development™ licensed under CC BY 3.0.
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3 Results

3.1 Social Action Videos Evoke Reliable EEG Responses

A group of participants (n = 20) participated in an EEG experiment in which their neural activity
was recorded with a 64-channel EEG, while they viewed short videos that were used in our prior
study of social action perception (6). This stimulus set comprises 250 three-second videos depicting
social actions, which are split into 200 videos for training and 50 videos for evaluation. Here we
maintained the defined train-test split for the stimuli but reduced the videos to the central 500 ms
to facilitate temporal time-locking in EEG. In the EEG experiment, videos in the training set were
repeated four times, and videos in the test set were repeated sixteen times to ensure a high signal-
tonoise ratio of the target data.

After minimal preprocessing, temporal resampling of the EEG data to 400 Hz, and temporal
smoothing (see 5.4.1 @), we estimated the signal quality of EEG data by calculating the split-half

of high enough quality for the encoding/decoding framework adopted below.

3.2 Early-Late Temporal Dissociation in the Lateral Pathway

To understand the time course of neural processing across the lateral stream, we used an encoding
approach to fuse the EEG data with our previously collected fMRI data (6). At each time point for
each EEG participant, we predicted the average ROI response in fMRI data from each subject. Our
fMRI dataset (6) includes voxel-wise fMRI neural responses (B values) to each video from four
participants. The fMRI data includes both anatomically defined regions of interest (ROIs), such as
the early visual cortex (EVC) and the motion-selective middle temporal area (MT), as well as
functionally defined ROIs in the lateral stream. The lateral ROIs consist of the extrastriate body
area (EBA), which processes bodies and their spatial relationships (22; 13), the lateral occipital

actions (3), and posterior and anterior social-interaction selective regions in the superior temporal
sulcus (pSTS and aSTS) (5; 8; 7; 6).

Following the encoding, we averaged the prediction across EEG participants and fMRI
participants. Our results show a dissociation between early activation in the most posterior region
(EVC: tynser = 60 ms) and late activation in all other lateral regions of the brain (MT: t,¢.; = 310 ms,
LOC: typger = 130 ms, EBA: t50r = 112 mS, pSTS-SI: pc0r = 125 ms, and aSTS-SI: £ pq0r = 115 ms,
Figure 2(%). The onset in MT is surprisingly late, and MT has low overall prediction, pointing to

low correspondence between EEG responses and fMRI responses in MT.

From these results, we do not find the classical latency profile of feedforward hierarchical
computations (24; 9) as mid-level regions (EBA and LOC) are significantly predicted at the same
time as anterior regions in the STS, suggesting information in mid- and high-level regions comes
online at the same time.

Latency estimations are known to be influenced by the overall decodability of information (e.g.,
the higher decoding in EVC compared to other reginos). We performed an additional analysis to
increase our statistical power and minimize bias due to overall decodability. To do this, we binned
the decoding performance, variance distribution, and permutation distribution within-participant
in 50 ms bins from 0 to 300 ms. We then averaged each distribution across participants. These
results mirror the time-resolved analysis, with EVC first decodable in the 50-100 ms interval, and

We see similar trends in whole-brain voxelwise encoding analyses, with high EVC prediction by
100 ms, and onset of prediction in all other regions by 150 ms (Figure 3 and Figure S3(®).
Together, these results suggest that lateral visual regions may not be organized in a strict
feedforward hierarchy as has previously been suggested (6; 9). This is in contrast to the ventral
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Figure 2. ROI decoding from EEG.

Decodability of responses lateral stream ROIs from the EEG signals across time. Top: early regions EVC and MT. Middle: mid-
level regions LOC and EBA. Bottom: high-level regions pSTS-SI and aSTS-SI. Shaded regions are the 95% confidence intervals

from bootstrapped variance distributions. Bold horizontal lines indicate significant decoding (permutation testing, cluster-
corrected p < 0.05). The time leading significant lines indicates significance onset. The vertical dashed lines indicate the

stimulus presentation period. For visualization purposes alone, the prediction time courses were further smoothed using a 25
ms sliding window. Significant time points are independent of this smoothing kernel.
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stream, where, by 100 ms, there is also prediction in posterior ventral temporal regions, suggesting
that the ventral stream may be organized in a more strict feedforward hierarchy than the lateral
stream (Figure 3% and Figure S3(®).

3.2.1 A Spatiotemporal Hierarchy of Social Action Features Across the Lateral
Stream

Our stimulus set includes human behavioral ratings that capture various visual and social scene
features. These rated dimensions include mid-level features about the spatial layout of the scene
and the configuration between people, including descriptions of the scene’s size (spatial expanse),
the proximity of individuals in the video (agent distance), the degree to which the individuals are
facing each other (facingness), and the extent to which an action involves an object (object
directedness). As well as high-level features about the social content, including the extent to which
people were engaged in a joint or physical interaction (joint action), the degree of communication
between people (communication), and affective characteristics (valence and arousal). The ratings
were obtained using a Likert scale from at least ten subjects, and our prediction target is the
average of the participants’ ratings. In addition to human annotations, we also used AlexNet-conv2
and motion energy as models of low-level visual processing (25) and motion activations in MT (26),
respectively.

We then asked how these social action features arise in the brain over space and time using a
novel two-step regression method (Figure 1B (). Briefly, the two-step procedure involves

This follows the same logic as the procedure for removing nuisance regressors, but takes an
opposite approach to “regress in” the EEG-relevant fMRI signals. We scored the regression by
predicting the EEG-predicted fMRI activity ( f’i\TRstt) to the held-out test videos and then
correlating the actual fMRI response (fMRI,,,,) in the test set to this prediction at each time point (
ﬁ\—l\RI 1est)- A more detailed description of the procedure is available in Section 5.4.5 &

Using this method, we find that EVC represents low-level visual and motion features with a short
latency (AlexNet-conv2: t,,50¢ = 68 ms, motion energy: t,nsor = 60 ms, Figure 4A% and Figure S43).
However, feature representations in MT are relatively late and have poor overall prediction
(motion energy: t,nee = 140 ms and arousal: f,,4. = 305 ms, Figure S5(2), which suggests low
correspondence between EEG and fMRI signals in MT.

Mid-level lateral regions represent social primitive features later than low-level features in EVC. In
particular, LOC activity was predictable by motion energy (f,,s.; = 268 ms), spatial expanse (t,,,set
=160 ms), and agent distance (t,,se¢ = 160 ms, Figure 4B(2 and Figure S6(%), and EBA by motion
energy (tonser = 302 ms, Figure S7 ).

In contrast, high-level lateral regions in the STS represent both social primitive and social
interaction features. pSTS-SI was predicted by spatial expanse (t,,s.; = 148 ms) and agent distance
(tonset = 148 ms, Figure S8(2) while aSTS-SI was predicted by spatial expanse (t,,ge¢ = 215 ms),

agent distance (t,,ser = 150 ms), and communication (¢,,¢.; = 195 ms, Figure 4C and Figure

Social primitive features are represented in both LOTC (EBA and LOC) and STS (pSTS-SI and aSTS-
SI) at a similar latency, mirroring the similar EEG-fMRI time course in (Section 3.2 (4. Importantly,

however, communication representations are present only in aSTS-SI, not lower-level regions, and
have a later onset and peak time than social primitive features in any ROI. Together, these support

4 Discussion

Building on existing theories (3; 9), we hypothesized that the perception of social interactions
relies on hierarchical computations in the lateral visual pathway (12). Here, we examined the

spatiotemporal flow of information through lateral visual regions as a unique window into the
underlying neural computations. Using novel methods in EEG-fMRI fusion, we found a temporal
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Figure 3. Whole-brain fMRI decoding from EEG.

The prediction of voxelwise activity in the whole brain from EEG signals across time. Shown are the lateral (top) and ventral
(bottom) views of the right hemisphere in the native space of one representative fMRI subject. This is shown as a snapshot of
encoding performance in 50 ms increments from 0 to 300 ms. Other fMRI participants are visible in Figure S3 2.
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Figure 4. Joint EEG-feature fMRI encoding.

Joint EEG-feature encoding in three select ROIs in (A) EVC, (B) LOC, and (C) aSTS-SI for a low-level feature (Alexnet-conv2,
yellow), mid-level feature (agent distance, red), and high-level feature (communication, purple). All other plotting conventions
follow those of Figure 2%, See Figures SS4 (3-SS9( for the time course of feature encoding in each ROL
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hierarchy in feature decoding—more abstract features were decodable at longer latencies in fMRI
fused responses in the lateral stream. These results provide novel support for a spatiotemporal
hierarchy of social action features along lateral visual regions.

4.1 Early Representations of Communicative Actions in the STS

We found that communicative interactions are decodable from EEG signals and are represented in
anterior STS, supporting our hypothesis that representing communication among others is a
computational goal of the lateral visual stream (6). Relatedly, we have hypothesized that
representing the social interactions between others is a visual process (12). Here we show for the
first time that communicative interactions can be decoded from the human STS within 200 ms of
video onset. This fast representation is consistent with estimates of feedforward visual processing
(24; 27), providing novel empirical support for the theory that social interactions are extracted by
the human visual system. While prior work failed to find such rapid decoding in natural stimuli
(28; 1), our ability to detect early social interaction signals seems to be due to the power of our
novel methods in EEG-fMRI fusion and its advantages over whole brain M/EEG decoding (see
below).

4.2 Broad Representations of Social Primitive Features Across the
Lateral Stream

Decoding of communication follows shortly after decoding mid-level social features, such as the
distance between agents, which have been referred to as “social primitives” or precursors of social
interaction in prior work (12; 6). This lends further support to the theory that social interactions
are extracted via these mid-level primitives.

Our results, however, find that these representations of social primitives are spatially distributed
across both mid- and high-level lateral stream regions. In a recent transcranial magnetic
stimulation (TMS) study, only EBA was causally implicated in the perception of social primitives, in
the current study is the use of dynamic versus static stimuli. Itis possible that social primitives of
people in motion are represented broadly, while social primitives in static images are only
represented in the EBA.

Another possible reason that we find broad representation of social primitives in the current
study is that social primitives are correlated with geometric scene structure in the stimulus set (6).
As a result, it may be that scene content, rather than social primitives, is broadly represented
throughout the visual cortex. Previous work did find representations of scene structure and social
primitives in STS regions before controlling for shared variance among features (6). Future
analyses controlling for shared variance among features may elucidate whether the lateral visual
stream broadly represents social primitive features.

4.3 Two-Step Regression to Characterize Feature Representations
in Space and Time

In the current study, we proposed a novel method for investigating the spatiotemporal dynamics
of representations in the human brain non-invasively. We do this by performing a two-step
regression in which we first predict fMRI responses from whole-brain EEG activity and then use
stimulus features to predict the EEG-predicted fMRI representations. Using this method, we found
that only low-level visual features (features from the second convolutional layer of AlexNet or a
motion energy model) are predictive of EVC responses through time (Figure S4%). This validates

the specificity and utility of the method for investigating spatiotemporal representations in the
human brain.

Somewhat counterintuitively, we find that some information is decoding better with this method
than direct decoding from the EEG activity. For example, MT was poorly predicted by EEG directly
and the onset latency was much later than would be expected based on electrophysiology (Figures
??) (24), but following the two-step regression, we find early motion energy decoding in MT
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consistent with feedforward processing. These results suggest that the two-step regression
procedure—in addition to linking neural signals in space and time—may also effectively denoise
the EEG signal by considering only the information relevant for a given region of interest.

This two-step regression procedure can be applied to any other dataset or question if there are
fMRI and EEG responses for the same stimuli. This neural data can be combined with stimulus
features as is done here, but it could also be extended to other applications such as investigating
the time course of any behavior in a region of interest or investigating how neural networks align
with brain regions through time. Further, unlike invasive electrophysiology, this method enables
the characterization of the temporal dynamics with dense, whole-brain spatial resolution.

While this is a powerful method to characterize the spatiotemporal dynamics of representations in
the human brain non-invasively, the method is still limited by the noise of the recording
methodologies, particularly EEG. We partially mitigate this limitation by having multiple stimulus
repetitions, but it may be less suited to research questions in which averaging across trials is not
possible. The method is also limited by the poor coverage of EEG signals in deeper cortical regions
and sub-cortical structures. Future research comparing the spatiotemporal profile found via EEG-
fMRI fusion with invasive recordings can shed light on the specificity of this method under
different conditions.

4.4 Beyond Feedforward Hierarchies

Our findings suggest that the processing of social action features from posterior to anterior brain
regions does not adhere to a strict feedforward hierarchy. Information in mid- and high-level
regions comes online at similar time points and both regions have representations of mid-level,
social primitive features. The broad representation of mid-level features could be explained by
skip connections from EVC to the most anterior regions directly. Alternatively, information in
separate but nearby cortical regions may be blurred due to the limitations of EEG-fMRI fusion
described above.

Broadly, our results are in line with prior research indicating that even the ventral visual stream
may not be accurately described by a simple feedforward hierarchy. The hypothesized hierarchy
in the ventral stream in macaques (containing V1, V2, V4, and posterior inferotemporal cortex (IT),
more anterior regions and on retinotopic re-representation of the visual field with increasingly
large receptive field sizes (24). However, a large body of work has highlighted that regions along
the ventral visual stream contain many feedback connections and interconnections with dorsal
and lateral regions (30; 31). In light of these complexities, more research is needed to characterize

the anatomical and functional profile of lateral visual regions.

4.5 Conclusion

Here, we investigated the spatiotemporal organization of features in regions of the lateral visual
stream. Replicating prior work, we found that communicative actions are represented in the STS
(6), and we shed novel light on the computations underlying social perception. We also find, for
the first time, that communicative interactions are rapidly extracted by the human brain in
natural scenes. Finally, we find strong evidence that social interactions are computed via
hierarchical computation of low- and mid-level social visual features in the lateral visual pathway.
Future research should aim to better characterize the anatomical and functional profile of lateral
regions to further refine our models of the neural basis of human social perception.

5 Materials & Methods
5.1 Reproducibility

For reproducibility, all code is available publicly on GitHub: github.comy/Isik-
lab/SIEEG_analysis.git@.
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5.2 Stimuli and fMRI

5.2.1 Stimulus Set and Feature Annotations

Videos, feature annotations, and fMRI are from our prior dataset (6). Here we shortened the videos
from 3 s to the central 500 ms to facilitate time locking of the EEG signal as in other EEG-fMRI
fusion work (19). The stimulus set includes behavioral annotations of features of the visual and

Similar to our previous study, in addition to the behavioral ratings, we also extracted the
activations from the second convolutional layer of a pytorch implementation (32) of an ImageNet

AlexNet-conv2). The activations were extracted for every frame and then averaged across frames.

Motion energy was estimated with an Adelson and Bergen model (26) implemented in pymoten

averaged across spatiotemporal windows.

Both AlexNet-conv2 and motion energy were estimated on the full 3 s video because they were
only used to predict the EEG-predicted fMRI activity and participants in the fMRI saw the 3 s
videos. We reduced the dimensionality of AlexNet-conv2 and the motion energy using principal
components (PC) analysis implemented in scikit-learn (36) to the number of samples of the

training set. We learned the PCs in the training set and applied the learned components to the test
set.

5.2.2 fMRI

In our prior experiment (6), participants (n = 4) viewed the 3 s videos in the fMRI scanner. The
videos were divided into 200 videos in a training set that were repeated 9-10 times and a 50 video
test set that was repeated 18-20 times. The reliability of the fMRI data was estimated as the
splithalf correlation across repetitions for every voxel in the brain. In our prior study as well as in
the current investigation, analyses are always limited to voxels that were determined to have a
significant correlation (p < 0.05, uncorrected).

In addition to the main videos, the participants also completed a battery of functional localizer
tasks to enable functional localization of ROIs in the ventral and lateral stream (see Section 3.2(2
for a description of the ROIs investigated in the current study).

5.3 EEG Experiment
5.3.1 Participants

Participants (n = 21, 5 Males, M = 21.4 years, SD = 2.9 years) gave informed consent prior to
participation in accordance with the Johns Hopkins University Institutional Review Board and
were either given course credit or monetary compensation for their time. One participant was
excluded from subsequent analyses due to excessive movement (final sample, n = 20).

5.3.2 Experimental Procedure

Based on previous studies (19; 1), continuous EEG recordings with a sampling rate of 1000 Hz were
made with a 64-channel Brain Products ActiCHamp system using actiCAP slim electrode caps in a
Faraday chamber. Electrode impedances were kept below 25 kQ when possible, and the Cz
electrode was used as an online reference.

Participants were seated upright while viewing the videos on a back-projector screen situated
approximately 60 cm away.

During the experiment, participants viewed 250 500 ms clips of social actions. The training-test
split (200 and 50 videos in train and test sets, respectively) from McMahon et al. (6) was
maintained. Videos in the training set were repeated four times in total, and videos in the test set
were repeated sixteen times.
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The experiment consisted of four sections. For a given section, the 200 training videos were
randomly divided into four blocks, and the test videos were shuffled and presented in one block.
One section consisted of the four training blocks and the test block repeated four times.

During each block, five “catch” videos were randomly sampled from 50 videos that depicted
crowds of people and were randomly interspersed among the other videos. The participants’ task
was to hit a button on the crowd trials. These trials were not analyzed in any subsequent analyses.

Between blocks, participants were told that they could take a short break to rest their eyes, but
that they should remain still and hit a button when they were ready to continue. Between each of
the four sections, participants were given longer breaks. They were told to rest as long as needed
and announce when they were ready to continue.

Stimuli were presented with an Epson Home Cinema 3800 projector with a 60 Hz refresh rate.
Videos were shown on a black background and subtended approximately 16 x 16 degrees of visual
angle. Between trials, a white fixation cross was displayed that disappeared when the videos
began. Participants were instructed to fixate between trials but were told that they could move
their eyes during the videos. A photodiode was used to accurately track on-screen stimulus
presentation times and account for projector lag. The paradigm was implemented in MATLAB
R2021b using the Psychophysics Toolbox (37).

5.4 Analysis

5.4.1 EEG preprocessing
Minimal EEG data preprocessing was performed using MATLAB R2023Db and FieldTrip (38). The

EEG data were aligned to stimulus onset and cut to 1.2 s (0.2 s pre-stimulusto 1 s post—st-i"r.ﬁulus
onset), baseline-corrected using the 0.2 s prior to stimulus onset, high-pass filtered at 0.1 Hz, and
low-pass filtered to 60 Hz. Data were resampled to 400 Hz and temporally smoothed over five

consecutive samples (12.5 ms windows). Finally, catch trials and false alarm trials were removed.

5.4.2 EEG reliability

We estimated the signal quality of EEG data by calculating the split-half reliability in the test set.
For each EEG participant, channel, and time sample, even and odd presentations of videos were
split in half and then averaged. The correlation was then computed between the two halves of the
data across videos. The variance of the reliability was estimated using bootstrapped resampling of
the videos 5000 times and recomputing the even-odd correlation. Reliability and variance
distributions were averaged across channels and participants.

5.4.3 ROI response decoding

Within each EEG participant at each time point, we used the 64-channel EEG activity of each
participant at each time point to predict the average response in each ROI for each of the fMRI
participants using ridge regression. Given the high correlation between the signal recorded by
separate EEG electrodes, we first used principal components analysis (PCA) to rotate and
orthogonalize the EEGchannel features without reducing the dimensionality. The ridge penalty
(varied between 10 and 103%) was fit using optimized leave-one-out prediction implemented in
the DeepJuice python package (39) in the training set, and evaluation was performed in the test

set. Performance was evaluated as the correlation between the predicted and actual ratings for
each feature.

When plotting the time course of decoding, we further smoothed the data using a 25 ms sliding
average window. This was done for visualization purposes alone and is not reflected in any of the
statistical results. This smoothing procedure was done for all other time course plotting.

5.4.4 Voxelwise fMRI encoding with EEG

To perform whole-brain analyses, we predicted the voxelwise fMRI response following smoothing
to a 12 mm full-width-half-max Gaussian kernel to increase signal-to-noise ratio. We performed
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fMRI participant. Visualizations are done by averaging across EEG participants for individual fMRI
participants.

5.4.5 Two-Step EEG-Feature fMRI Encoding

Inspired by the regression procedures used by others (40; 41), we devised a novel regression

involved two regression steps. In step 1, we performed five-fold cross-validation from EEG to fMRI
in the training set. We predicted the response for the held-out stimuli and did this across all folds.
This results in a predicted fMRI training set based on the EEG data. In other words, we generated a
matrix of the fMRI signal that was predictable by EEG. In step 2, we fit a regression with a
train/test split with the video annotations (either human ratings or image-computed low-level
visual features) as the predictor and the EEG-predicted fMRI response from step 1 as the target. In
this way, the method maps features to the EEG-predicted portion of the fMRI signal. We scored the
regression by predicting the response in the fMRI test set using the held-out test ratings or visual
feature representations and correlating the predicted with the actual response. This procedure
allows us to predict the fMRI response in a shared EEG-rating space.

5.4.6 Statistical Analysis

To estimate the distribution of variance of our model performance, at every time point, we
performed bootstrap resampling over the model predictions and the true response over 5000
iterations. Similarly, to estimate a statistical null distribution, we performed permutation shuffling
between the predicted and true response over 5000 iterations at each time point. We averaged
both the bootstrap and permutation distributions first over EEG participants and then over fMRI
participants for group-level analyses. Group-level variance was estimated as the 95% confidence
interval of the bootstrapped distributions, and group-level significance was the one-tailed test of
true relative to the average null distribution. Significance was cluster-corrected for multiple
comparisons using the maximum cluster sum across time windows and regressions performed, a
= 0.05, cluster-setting a = 0.05.
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Figure S1. EEG data reliability. Data reliability in the test set averaged across participants and channels. Shaded
areas are the bootstrapped 95% confidence intervals and solid horizontal lines represent time windows of
significant reliability after cluster correction at a level of p < 0.05. Horizontal lines mark time clusters of significant
reliability (permutation testing, cluster-corrected p < 0.05). As in Figure 2A data are smoothed in a 25 ms sliding

window for visualization alone.
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Figure S2. Latency of all ROI prediction from EEG decoding.

Decodability of ROI activity recorded in time bins extended from Figure 2B(2.
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Figure S4. Time course of joint EEG-feature fMRI encoding of each feature in EVC

Extended to all features from Figure 4A2 . For visibility, all features are shown on separate subplots.
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Figure S8. Time course of joint EEG-feature fMRI encoding of each feature in pSTS-SI

Related to main text Figure 4 (3.
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Figure S9. Time course of joint EEG-feature fMRI encoding of each feature in aSTS-SI

Extended from main text Figure 4C2 for all features.
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Extended from main text Figure 4D-F 2 for all features and all ROIs.
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interactions are encoded through a hierarchy of representation along the third pathway, and
whether this hierarchy is implemented in a feedforward manner.

The first analysis linking EEG to fMRI data identifies early activation (within 60 ms) in early
visual cortex (EVC) and later (onset between 112 and 310 ms) activations in selected, more
anterior ROIs along the pathway, i.e., motion-selective MT, extrastriate body area (EBA),
object-selective lateral occipital cortex (LOC), and posterior and anterior social-interaction
superior temporal sulcus regions (pSTS and aSTS). The second analysis linking EEG-fMRI data
to stimulus features derived either computationally from the images or from human
judgments shows that EVC activity arises early (within 68 ms) and is predicted by low-level
visual features and motion energy. Activity in all other ROIs emerges after 140 ms (or later)
and is predicted by motion energy (in MT, EBA and LOC), arousal (in MT), spatial expanse (in
LOC, pSTS and aSTS), agent distance (in LOC, pSTS and aSTS) and communication (in aSTS).
No effects of facingness, object-directedness, joint action, or valence are found in any ROIL

Two observations are highlighted: features important for recognizing social interactions (i.e.,
agent distance) are encoded with a similar latency in the mid-level LOC and in STS; the
communication content is selectively encoded in anterior STS.

It is concluded that social interactions are processed in a hierarchical way, with more abstract
information (i.e., communication) encoded in more anterior regions. Moreover, because this
higher-level information is encoded at similar or even shorter latencies than mid-level
features in mid- and high-level ROIs, these findings are taken to challenge a strictly
feedforward hierarchy within the third visual pathway.

Strengths:

This is a timely manuscript concerning a newly discovered and now extensively investigated
brain network, purportedly dedicated to social perception. In the manuscript, the selectivity
of this network for the perception of social interactions is assumed rather than demonstrated.
Instead, the study addresses two related questions that are critical for understanding how the
network (or pathway) is organized and functions: (i) whether representations are
hierarchically organized, progressing from more specific information (lower-level visual
features) to increasingly abstract information (interaction category, e.g., communication), and
(ii) whether processing follows a feedforward mechanism with prior and rapid encoding of
lower-level features of social interactions, followed by encoding of mid-level and higher-level
features.

Addressing these questions is important because it goes beyond the knowledge of where
social information is represented, toward understanding what kinds of visual input and
transformations support the recognition of social interactions, and how the processing stages
are organized (e.g., in a feedforward manner or with recurrent interactions). Establishing
both aspects would define the particular computational architecture supporting the human
ability to understand visual social interactions.

The manuscript is also methodologically valuable, as it introduces a variation of more
conventional fMRI-EEG fusion analyses. This method establishes fMRI and EEG
correspondences, thus revealing spatiotemporal dynamics of brain activity (i.e., where
activity occurs in the brain, at which time point), and further links these dynamics to
stimulus features (i.e., which aspects of the stimuli predict activity in a given brain area at a
given time). The description and discussion of the method in the manuscript are clear and
transparent. This facilitates replication and allows appreciation of the rationale of the
approach and its potential for future research.

Weaknesses:
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The method introduced in the manuscript appears to be a valuable addition to the range of
non-invasive approaches to study the spatiotemporal dynamics of representations in the
human brain. The results presented in the manuscript, however, do not make a strong case
for the sensitivity of the method.

The study fails to replicate several effects that have demonstrated reliability across previous
studies. In particular, motion energy in the stimuli only poorly predicts - relatively late -
activity in motion-sensitive MT. Moreover, unlike several previous studies, including work by
McMahon, Isik, and colleagues, the study finds no effects of facingness (or any other mid-level
features) in EBA, object-directedness in LOC, joint actions in pSTS, and valence in pSTS. The
manuscript does not discuss discrepancies, raising concerns about the sensitivity and validity
of the method. In particular, the absence of previously reported effects is difficult to interpret
without considering whether the method is sufficiently sensitive to detect the relevant
stimulus dimensions.

Another related and unexplored issue concerns the potentially limited correspondence
between EEG and fMRI signals, and between stimuli used to derive the stimulus features for
the analyses and stimuli used in the actual EEG experiment. EEG and fMRI data were
collected in different samples, and different individuals may assign different social value to
the same events, potentially affecting neural processing in regions such as the pSTS (see e.g.,
work by Varrier, Finn et al.). Furthermore, the stimuli used in the EEG experiment were
derived from, but differed from those used in the fMRI experiment. Although this is not
entirely clear from the manuscript, it appears that stimulus features were measured for the
original stimuli used in the fMRI experiment and assumed to be valid also for stimuli in the
EEG experiment. The manuscript does not acknowledge these issues, or other potential
sources of noise arising from them, either on their own right or in relation to the above null
effects. This makes it difficult to determine whether the absence of several expected effects
reflects genuine characteristics of neural representations or limitations of the measurement
and analysis pipeline.

Beyond the methodological concerns, the results themselves are less straightforward than the
manuscript suggests. Evidence for hierarchical representation emerges from the effect of
low-level visual features in EVC and the encoding of communication in aSTS. Activity in all
ROIs 'in the middle', from MT, EBA and LOC to pSTS, is predicted by a mixture of low- and
mid-level stimulus features, whose effects in some cases come online after the encoding of
the interaction category in aSTS (at 195 ms). This raises important questions concerning how
a higher-level representation of an interaction category can emerge before the encoding of
the lower- or mid-level information that is presumably diagnostic of that category. The
manuscript would benefit from a more thorough discussion of this issue, particularly because
the temporal ordering of these effects is central to the authors’ claims about hierarchical and
feedforward processing.

https://doi.org/10.7554/eLife.112352.1.sa2

Reviewer #2 (Public review):

Summary:

The authors seek to understand the hierarchical temporal representation of social
communicative actions in the posterior superior temporal sulcus and other regions of the
lateral pathway. They apply an analysis framework in which they predict fMRI responses
from EEG responses to the same stimuli. (The EEG stimuli were shorter versions of the same
clips shown as fMRI stimuli.) They examine which temporal segments of EEG data are most
predictive of responses in which part of the brain. They find that early (< 100 ms post-
stimulus) EEG activity is predictive of responses in early visual cortex, and that later (~ 150
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ms post-stimulus) EEG activity is predictive of responses in the lateral visual stream. They
then model the fMRI responses predicted by the EEG signals - which they term the "EEG-
relevant” portion of the fMRI signal - as a function of various social and visual factors. They
conclude that social interactions elicit responses in aSTS-SI later than low-level visual
features elicit responses in early visual cortex, and they provide some evidence that mid-level
social primitives elicit responses in mid-level areas somewhere in between.

Strengths:

I find the question and the framework interesting. The extraction of "EEG-relevant” fMRI
signal as a target for visual and social feature-based encoding models has potential, though
the approach in this instance suffers from low signal-to-noise. The evidence that the anterior
portion of the superior temporal sulcus responds to communicative actions is clear and
supports prior work in this regard.

Weaknesses:

I think there are several important points that the authors need to address to strengthen their
case, and I think that many points could use more explicit description, explanation, and
discussion.

Major concerns:

First, the basis of the EEG predictions of fMRI activity is not clear. The paradigm relies on
predicting fMRI responses at each voxel from a weighted combination of EEG responses
measured anywhere over the scalp. However, the authors never show any kind of weight
map to visualize which electrodes on the scalp were weighted to predict responses in each
fMRI voxel or ROL. I see that the use of PCA to orthogonalize the EEG responses creates
problems with localizing the predictive signal in EEG to particular electrodes. Is the PCA step
necessary? In any case, some form of analysis to estimate where in the brain the predictive
EEG signal is coming from seems important. It's fairly clear that the best signal quality in the
EEG recordings is in the early visual cortex. Thus, it could be the case that electrodes over
EVC provide the main basis for predictions across the entire brain, with different temporal
phases of EVC activity associated with activity in different regions in the fMRI data. It could
also be the case (tho less likely in my opinion) that activity in regions away from EVC on the
scalp provides the basis for predicting more anterior brain regions in the fMRI data. These
two possibilities each suggest a substantially different interpretation of the present results: in
the former case, there may be some sort of feedback loop between early visual areas and
lateral areas; in the latter case, the hierarchical interpretation the authors have laid out
seems more plausible. It seems important to draw a distinction between these possibilities.

In any case, the authors should say more in the discussion about the sources of EEG signals
and fMRI signals and the relationship between the two.

On a similar note: the authors show that their EEG data was reliable based on a split-half
analysis of the data. However, the authors only show average split-half correlation across
electrodes and subjects. It stands to reason that some electrodes were much more reliable
than others. The authors should show a map of electrode reliability across the scalp. One
relevant question is: are there reliable electrode locations throughout the visual cortex? Or
are the EEG signals only, or by far most reliable, in EVC? (How reliable is the EEG signal in
regions that are at least somewhat near to the location of the lateral regions that is the
principal object of investigation here?)

The use of predicted fMRI signals (predicted by EEG) as a target for image & social feature
encoding models is only valid to the extent that the EEG signals accurately predict the fMRI
signals. The prediction accuracy going from EEG to fMRI is not very high - a correlation of less
than 0.2 in most regions besides EVC and the anterior extent of the activity along the ventral
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temporal lobe. In the best-predicted regions, the activity only reaches a correlation of 0.3. The
majority of the signal (> 90% of the variance) is unmodeled in this analysis. Thus, I would
hesitate to characterize the evidence for activation by particular stimulus features at
particular times in this analysis as "strong". The authors themselves are somewhat
ambivalent on this point, as well. While they write in the conclusion: "Finally, we find strong
evidence that social interactions are computed via hierarchical computation of low- and mid-
level social visual features in the lateral visual pathway." However, This statement conflicts
somewhat with other statements the authors make in the discussion section: "Together, these
results suggest that lateral visual regions may not be organized in a strict feedforward
hierarchy as has previously been suggested" Later in the discussion there is more
ambivalence about the hierarchical nature of the representation: "Our findings suggest that
the processing of social action features from posterior to anterior brain regions does not
adhere to a strict feedforward hierarchy.” The authors should present a more consistent
interpretation of their findings.

Finally, the low performance of most of the mid-level models in mid-level regions is a
concern; it points to poor signal overall. The common threads in the models that do predict
responses above chance seem to be space (spatial expanse and agent distance) and salience
(to the extent that arousal may constitute salience). This raises a question: Were the social
model features correlated with either of the low-level model features?

I think that the overriding issue here is poor signal quality in the EEG data. The estimate of
repeatability from the split-half analysis is not high, even on average for the whole brain; it is
likely to be very poor for areas outside EVC. I think this matters. An important null hypothesis
to consider is that there may be a few fairly low-level, or at least simple and straightforward,
elements of the response that are reflected in the noisy EEG signal. Chief among these is likely
to be that the most salient or high-contrast retinotopic regions in the image, which both
AlexNet and motion energy models would likely pick up on, are likely to elicit responses in
EVC. This is likely why EVC is by far the best-predicted region, both based on the raw EEG
data and in the two-step regression analysis. There could be elements of spatial priority at all
levels of the visual system. This could be what the authors are observing: there is some
relatively small (in terms of variance explained) component of the signal that is common to
many regions, and which emerges somewhat later in later regions due to conduction delays.

I think an important exception to this signal problem is the finding of communicative actions
eliciting responses in aSTS-SI. That seems very robust and clear.

Medium comments:

There should be a section in the methods on how the ROIs were defined. (There is a brief
description in the results section, but this is not sufficient). The ROI outlines should also be
displayed somewhere in the paper (not just circles showing the general region as in Figure 1).
Figure 3 would be a nice place for them, as would Figure S3.

It's also worth noting in the methods and discussion that the use of template ROIs for hMT in
particular is potentially sub-optimal. hMT lies in anatomically variable locations across
subjects. One reason for the seemingly weak signal in hMT may be that the voxels being
averaged do not fall within the true hMT for each subject.

In the results (section 3.2.1), the authors write, "We scored the regression by predicting the
EEG-predicted fMRI activity (estimated fMRItest) to the held-out test videos and then
correlating the actual fMRI response (fMRItest) in the test set to this prediction at each time
point (estimated fMRItest)." Unless I am missing something, I think the authors can safely say
that they predicted responses to the withheld stimuli without specifying the intended
prediction target (whether it is the fMRI data or the estimated fMRI data), because the
prediction is simply based on weights, labeled or estimated image features, and stimuli. So,
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the prediction might as well be a direct prediction of the fMRI test data. It seems to me that
mentioning the estimated fMRI test in this sentence only muddies the waters.

In the two-stage regression analysis, were all the visual and social features fit to the EEG-
predicted fMRI data in a single regression? Was this regression regularized? How many
parameters total were fit? (This is clear for the AlexNet and motion energy models, but not
clear for the other features - were they all single-feature models?)

https://doi.org/10.7554/eLife.112352.1.sa1

Author response:

We thank the reviewers and editors for their constructive feedback and are in the process of
preparing a detailed point-by-point response. In the meantime, we would like to underscore
our main conclusions and highlight the consistency with this study and the prior fMRI
literature.

First, while the reviewers are correct to highlight the difficulty in interpreting null effects, the
claims of our paper are primarily concerned with the positive findings. To our knowledge,
this is the first evidence that social interaction perception is extracted in a fast hierarchy,
which progresses from early visual features to mid-level social primitives to high-level
information about communicative actions in the STS. This is an exciting and novel finding
that sheds new light on the neural computations that support this core human ability.
Importantly, the main null finding is the lack of difference in the onset latency between mid-
level and anterior ROIs, rather than an inability to decode information in these regions (see
below) and does not undercut this central claim.

Second, we would like to highlight that, overwhelmingly, our results are consistent with the
prior fMRI literature. For example:

¢ Using our two-step regression procedure, we recover representations of motion energy in
MT validating the use of this method

e Further, we find representations of mid-level features in mid-level regions ~150 ms after
stimulus onset, primarily the distance between people.

This consistency, and the decoding of high-level features like communication exclusively in
STS regions (as highlighted by reviewer 1), provides support for our method and shows that
the EEG-fMRI correspondence extends beyond early visual regions.

The reviewers also raise questions about potential inconsistencies with our prior fMRI study
(McMahon et al., 2023). We would like to clarify those findings here, because the current
manuscript relies on the same fMRI data, and thus we would not expect to see effects here
that are not reported in that fMRI data. In our original fMRI study, we did not find an effect of
facingness, joint action, or valence in any ROI. Further, in that study, the effect for
communication was most robust in aSTS, rather than pSTS. The primary effect from our
original fMRI study that we do not find with EEG-fMRI fusion is information about object-
directed actions in LOC. We will address these in a more detailed point-by-point response and
revision soon.

Beyond the practical limitations of what we could find in the current fMRI dataset, we would
also like to discuss the theoretical reasons for differences between our findings and the
broader literature. First, our lack of finding an effect of valence likely reflects our stimuli, not
neural representations. The Moments in Time computer vision dataset that our videos are
derived from does not sample strongly negative videos. This restricted valence range is also
evident in the behavioral ratings that participants provided.
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Further, there are many differences between how we have looked for an effect of facing
direction compared to prior work in this area. First, we do not use a binary facing/not facing
but a graded scale from facing to not facing, and, to our knowledge, ours is the only study that
has investigated a facing effect in naturalistic videos. It is possible that due to the graded scale
or the natural stimuli that the facing effect is too subtle for us to detect. Another possibility is
that while facingness is a social cue that is encoded in the brain, it is not a dominant cue in
naturalistic videos where other cues are present (e.g., the distance between people, physical
contact, and contingent motion).

Finally, on joint action, a type of physical social interaction between people, there is now
convergent evidence from multiple studies that this may not be the primary type of social
interaction represented in the STS. McMahon et al. (2023) found that communicative, not
joint interactions, predicted STS responses. This was replicated and extended in (Zhao et al.,
2025), where we find that joint action representations are more represented in lateral
occipital regions, while communicative interactions are represented in the STS. From ongoing
work in controlled stimuli (McMahon & Kanwisher, 2026 VSS), we have found that regions in
the STS respond more to communicative interactions than joint actions. This present study
provides new insight into the computations that support this, suggesting that information
about communicative interactions is extracted along a spatiotemporal hierarchy, consistent
with the fast timescale of visual processing, along the newly proposed lateral stream.
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