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a b s t r a c t 

Face perception provides an excellent example of how the brain processes nuanced visual differences and trans- 
forms them into behaviourally useful representations of identities and emotional expressions. While a body of 
literature has looked into the spatial and temporal neural processing of facial expressions, few studies have used 
a dimensionally varying set of stimuli containing subtle perceptual changes. In the current study, we used 48 
short videos varying dimensionally in their intensity and category (happy, angry, surprised) of expression. We 
measured both fMRI and EEG responses to these video clips and compared the neural response patterns to the 
predictions of models based on image features and models derived from behavioural ratings of the stimuli. In 
fMRI, the inferior frontal gyrus face area (IFG-FA) carried information related only to the intensity of the expres- 
sion, independent of image-based models. The superior temporal sulcus (STS), inferior temporal (IT) and lateral 
occipital (LO) areas contained information about both expression category and intensity. In the EEG, the coding 
of expression category and low-level image features were most pronounced at around 400 ms. The expression 
intensity model did not, however, correlate significantly at any EEG timepoint. Our results show a specific role 
for IFG-FA in the coding of expressions and suggest that it contains image and category invariant representations 
of expression intensity. 
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. Introduction 

A person’s face often provides the best visual cues when we recognize
omeone, or want to know how they feel or what they are thinking. Rela-
ively small movements of the eyes or mouth can be enough to indicate
hether someone is filled with joy or overwhelmed by fear. The ease
ith which our brain achieves this feat has prompted the idea that we
re experts in face recognition (e.g., Kanwisher, 2000 ; Rossion, 2018 ).
ne of the main research questions has been how the brain transforms
isual facial features into representations of identities and emotional
tates. The encoding of expressions and identities likely differs, since
hile the end goal of identity coding is usually a categorical decision
f “is/isn’t person X ”, expressions also contain a dimensional aspect. Al-
hough it is important for the perceiver to notice whether someone is
appy or angry, the intensity of the emotion provides crucial informa-
ion as well. In this study, we investigated brain processes related to the
erception of subtle changes in expression intensity. 

There is a considerable body of literature investigating the ar-
as and timing of face processing in the brain (for reviews, see e.g.,
uchaine & Yovel, 2015 ; Kovács, 2020 ). Based mainly on fMRI stud-

es and single-cell studies on monkeys (e.g., Chang & Tsao, 2017 ;
ifuku, 2014 ; Freiwald & Tsao, 2010 ; Freiwald, Tsao, & Livingstone,
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009 ; Leopold, Bondar, & Giese, 2006 ; Perrett, Rolls, & Caan, 1982 ;
ugase, Yamane, Ueno, & Kawano, 1999 ; Yang & Freiwald, 2021 ), sev-
ral areas involved in face perception have been proposed, most notably
ncluding the fusiform face area (the FFA; Anzellotti, Fairhall, & Cara-
azza, 2014 ; Carlin & Kriegeskorte, 2017 ; Dobs, Schultz, Bülthoff, &
ardner, 2018 ; Kanwisher & Yovel, 2006 ) in the fusiform gyrus, the oc-
ipital face area (the OFA; Atkinson & Adolphs, 2011 ; Henriksson, Mur,
 Kriegeskorte, 2015 ; Pitcher, Walsh, & Duchaine, 2011 ) in the

ateral occipital (LO) area, the superior temporal sulcus (the STS;
reening, Mitchell, & Smith, 2018 ; Said, Haxby, & Todorov, 2011 ;
hang et al., 2016 ), the anterior temporal lobe (the ATL; Anzellotti
 Caramazza, 2016 ; Anzellotti et al., 2014 ; Collins & Olson, 2015 ;
riegeskorte, Formisano, Sorger, & Goebel, 2007 ), and the inferior

rontal gyrus face area (the IFG-FA; Chan & Downing, 2011 ; Engell &
axby, 2007 ; Flack et al., 2015 ). The roles of the different areas have
een roughly divided between a ventral path (especially the FFA and
TL) involved more in the stable features of a face, used to identify a
erson, and a dorsal path (the STS) for the processing of moving face
arts and facial expressions ( Duchaine & Yovel, 2015 ). The processing
f identity is thought to start from the low-level, non-face-specific visual
eature coding in the early visual cortex (the EVC), reaching to the OFA
or the coding of face parts, to the FFA for a somewhat image-invariant
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epresentation of a face identity, and to the ATL and other more frontal
reas for the final representation of a person’s identity ( Duchaine &
ovel, 2015 ). 

The M/EEG studies show at least four important timings for face pro-
essing: 100 ms, 170 ms (the N170 component), early positive negativity
EPN) around 170–350 ms, and 400 ms. The processing of low-level vi-
ual features of faces, and also perhaps some identity and expression
epresentations (Ambrus, Kaiser, Cichy, & Kovács, 2019; Dima, Perry,
essaritaki, Zhang, & Singh, 2018 ; Dobs, Isik, Pantazis, & Kanwisher,

019 ; Dzhelyova, Jacques, & Rossion, 2017 ; Leleu et al., 2018 ; Müller-
ardorff et al., 2018 )( Smith & Smith, 2019 ), has been shown in mul-
iple studies to start around 100 ms after stimulus onset ( Dima et al.,
018 ; Muukkonen, Ölander, Numminen, & Salmela, 2020 ; Smith &
mith, 2019 ; Sugase et al., 1999 ). The N170 component at 170 ms after
timulus onset (for a review, see Rossion & Jacques, 2011 ) is already
ensitive to some expression categories and intensity ( Hinojosa, Mer-
ado, & Carretié, 2015 ; Recio, Schacht, & Sommer, 2014 ), as is the
ubsequent EPN after 200 ms ( Leppänen, Kauppinen, Peltola, & Hieta-
en, 2007 ; Recio et al., 2014 ; Sprengelmeyer & Jentzsch, 2006 ). Facial
otion (moving eyes/mouth) compared to static images or non-facial
otion modulates the latency and amplitude of responses around 170
s ( Puce, Smith, & Allison, 2000 ; Watanabe, Kakigi, & Puce, 2001 ).

inally, around 400 ms, image-invariant representations of face iden-
ities emerge (Ambrus et al., 2019; see also Smith & Smith, 2019 ).

hen comparing different expressions, studies have found differences
o be most pronounced when comparing neutral or fearful expressions
ith other expressions ( Poncet, Baudouin, Dzhelyova, Rossion, & Leleu,
019 ), and the differences between fearful and neutral after 200 ms
 Leppänen et al., 2007 ). A few studies have been conducted on the in-
ensity of expressions, finding that the processing of intensity started as
arly as 100 ms ( Leleu et al., 2018 ) and more pronounced signal nega-
ivity from N170 onwards ( Sprengelmeyer & Jentzsch, 2006 ). Dynamic
aces compared to static faces evoke more widespread activity in tempo-
al and frontal regions, both in early and late time windows ( Recio, Som-
er, & Schacht, 2011 ; Trautmann-Lengsfeld, Dominguez-Borras, Escera,
errmann, & Fehr, 2013 ). Most of the EEG studies have used univari-
te methods, but MVPA has been used in some studies of face identities
Ambrus et al., 2019; Dobs et al., 2019 ; Smith & Smith, 2019 ) and ex-
ressions ( Muukkonen et al., 2020 ; Smith & Smith, 2019 ). 

In the dorsal face path, namely the STS and IFG-FA, a common find-
ng is the enhanced response to dynamic compared to static faces (e.g.,
oley, Rippon, Thai, Longe, & Senior, 2012 ; Fox, Moon, Iaria, & Bar-
on, 2009 ; Furl et al., 2010 ; Pitcher, Dilks, Saxe, Triantafyllou, & Kan-
isher, 2011 ; Pitcher, Duchaine, & Walsh, 2014 ; Trautmann, Fehr, &
errmann, 2009 ; Yoshikawa & Sato, 2006 ) and the enhanced response

o facial motion compared to other types of visual motion ( Furl et al.,
010 ; Puce et al., 2003 ; Sato, Kochiyama, & Uono, 2015 ), leading to the
uggestion that the main function of the dorsal path is the processing
f facial motion ( Bernstein & Yovel, 2015 ). Recent studies have shown
he STS to contain part-based code of subtle movements of eyes and
outh ( Deen & Saxe, 2019 ), both the STS and IFG-FA to respond more

o asynchronous than synchronous face movements ( Skiba & Vuilleu-
ier, 2020 ), and the STS to contain code of the movements of facial

ction units ( Srinivasan, Golomb, & Martinez, 2016 ). For facial expres-
ions, the STS has been shown, for example, to integrate vocal emotions
nd facial expressions ( Watson et al., 2014 ), to manifest release from
daptation for changing expressions but also for identities ( Fox et al.,
009 ), and to display higher responses to higher expression intensi-
ies ( Winston, O’Doherty, & Dolan, 2003 ). However, some of the stud-
es that indicated motion coding in the STS or IFG found only weak
 Srinivasan et al., 2016 ) or no ( Foley et al., 2012 ) differences between
xpression categories in the STS, and coding of expression intensity in
he STS but not in the IFG ( Skiba & Vuilleumier, 2020 ). For more de-
ailed expression coding, perceptual similarity of different expressions
as shown to correlate with the STS ( Sormaz, Watson, Smith, Young,
 Andrews, 2016 ), and the STS to contain continuous representation of
2 
he intensity of the expression ( Harris, Young, & Andrews, 2012 ), in con-
rast to the amygdala having categorical representations ( Harris et al.,
012 ; Harris, Young, & Andrews, 2014 ). The evidence for the role of
he IFG in facial expression coding is sparser, with studies showing
igher activation towards expressive rather than neutral faces ( Engell
 Haxby, 2007 ), processing of the eyes in particular ( Chan & Down-

ng, 2011 ), and one study showing it to contain more holistic representa-
ions of emotional faces than the STS ( Flack et al., 2015 ). One challenge
or finding brain regions sensitive to expression coding is to separate it
rom motion processing ( Bernstein & Yovel, 2015 ). 

In the current study, we looked at the spatial (with fMRI) and tem-
oral (with EEG) neural responses to the category and intensity of fa-
ial expressions ( Fig. 1 ). Our aim was to dissociate expression intensity
oding from facial motion processing and the processing of expression
ategories. We showed participants short video clips that varied dimen-
ionally in small steps from neutral to intense, and between happy, an-
ry, and surprised. Thus, all of our stimuli contained a similar type of
acial motion, but one half contained changes in expression intensity
nd the other half changes in expression category. With multivariate-
attern analysis (MVPA) and representational similarity analysis (RSA),
e compared the data from the EEG and fMRI to image-based models

Gabor filter, block motion, mean contrast, and OpenFace face process-
ng algorithm) and behavioral models of the observed level of expres-
ion intensity, happiness, surprise, angriness, and expression category of
ach stimulus. This allowed us to look for the more precise neural codes
or different aspects of facial expressions in different brain regions and
t different times. Compared with previous studies, we used a relatively
arge set of stimuli (48), strictly controlled several (low-level) features
f the faces, and applied the MVPA to distinguish more fine-grained
eural responses. Our results shed light on the spatial locations of facial
xpressions, highlighting the coding of expression intensity, indepen-
ent of low-level features or expression category, in the IFG-FA, while
he STS, LO and IT coded both intensity and category of expressions. In
he EEG, we found two main peaks at 150 ms and 400 ms, both related
o low-level visual features and the processing of expression categories
ith no evidence of expression intensity coding. 

. Methods 

.1. Participants 

Twenty participants (14 female) were recruited to the study (includ-
ng the two authors) from the student mailing lists of the University of
elsinki. The sample size was determined by previous studies using sim-

lar methods. The mean age of the participants was 29 (range 19–46).
articipants were screened (by self-report) to have normal or corrected
o normal vision, to have no diagnosed difficulties in face perception
e.g., prosopagnosia), to be 18–50 years old, to have no diagnosed neu-
ological issues, and to be suitable for MRI measurement (to have no
etal in the body). In addition, due to the Covid-19 situation during

he measurements, special safety protocols of Aalto University and the
niversity of Helsinki were followed. Specifically, the participants were
lso screened not to belong to any Covid-19 risk group, not to have
ny symptoms before the measurement days, and not to have travelled
broad two weeks prior to the measurements. In the event of any symp-
oms, the measurements were rescheduled. Participants received mone-
ary compensation ( €15/h) for their participation. 

.2. Ethics 

The present study was conducted in accordance with the Declaration
f Helsinki, and was reviewed and approved by the Ethics Review Board
n the Humanities and Social and Behavioral Sciences of the University
f Helsinki. All participants gave informed consent and were screened
or suitability for fMRI scanning, adhering to the standard procedure of
he AMI Centre at Aalto University. 
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Fig. 1. Study design, stimuli space, and correlations between models. A) Study design. Left: each trial contained a short video clip of a facial expression. Middle: 
both fMRI and EEG responses to the same stimuli were measured (in separate sessions), and RDMs were calculated for each voxel in the fMRI with a searchlight, and 
for each timepoint in the EEG. Right: these RDMs were then correlated to each other, and to different models. B) Schematic stimulus space. Each arrow represents 
one stimulus (48 in total). We morphed three expressions and neutral faces into each other, taken from 12 identities. Each stimulus was a short video clip from the 
morph continuum, divided in four parts of equal length. C) Correlations between models. 
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.3. Stimuli 

Our stimuli comprised 48 short video clips of facial expressions, vary-
ng in their intensity or expression category ( Fig. 1 ). We used three
ifferent expressions (happy, angry, surprised), which were morphed
etween themselves, as well as between each expression and a neutral
ace. The video clips were constructed from the morphs. As depicted in
ig. 1B , we used 4 morph levels with equal steps. On a morph continuum
rom 1 (e.g., angry) to 100 (e.g., happy), the video clips were from 1 to
5, from 26 to 50, from 51 to 75, and from 76 to 100, in both directions.
hus, there were 3 expression-to-expression continuums (angry-happy,
ngry-surprised, happy-surprised), with 4 levels and 2 directions, result-
ng in 3 ×4 ×2 = 24 stimuli, varying between expressions, and 3 neutral-
o-expression (neutral-angry, neutral-happy, neutral-surprised) continu-
ms, with 4 levels and 2 directions, also resulting in 24 stimuli, varying
etween expression and neutral face. In addition, to reduce the role of
mage- and identity-specific features, we created these 48 expression

ideos for 12 different identities. (

3 
All face images were taken from the Radboud Faces Database
 Langner et al., 2010 ), aligned based on the position of the eyes, and
esized to be approximately the same size to improve the results of the
orphing, as well as to limit low-level visual variation between the im-

ges. Each video contained 18 frames and the length of the clips was
20 ms ( Fig. 1A ). In the first/last 6 frames, the contrast of the face
as linearly faded in/out. In the middle frames 7–12, the expression

hanged with 6 different morph steps. Thus, the duration of expression
hange was 240 ms (240–480 ms from stimulus onset). The size of the
timuli were slightly different in the fMRI and EEG experiments. In the
MRI experiment, the faces were 570 ×800 pixels in size (10 ×14 cm),
orresponding 14.3 ×19.9 degrees of visual angle (with a viewing dis-
ance of 40 cm). In the EEG experiment, the faces were 660 ×920 pixels
n size (18 ×25 cm), corresponding 12.8 ×17.8 degrees of visual angle
with a viewing distance of 80 cm). The RMS contrast of the stimu-
us was 0.19 + /-.02. The expression categories were selected to contain
ne expression with positive valence (happy), one with negative valence
angry), and one with relatively neutral valence (surprised). 
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.4. General study design 

The experiment comprised three main parts: fMRI measurements,
EG measurement, and behavioral ratings. These were conducted on
hree separate days, with two days involving fMRI measurement and
ne day EEG measurement. In addition, on each day, behavioral ratings
f the stimuli were collected either before or after the EEG/fMRI. Nine
articipants conducted the EEG session first, and eleven participants the
MRI sessions first. The gap between the sessions for each participant
aried from 5 to 40 days, and between the two fMRI sessions from 3 to
9 days (mean 11.3 days). 

The procedures were almost the same in the EEG and fMRI, and
ny exceptions are noted further below. The participants were shown
hort video clips of expressions, and were instructed to concentrate on
atching the videos, focusing their gaze on a cross in the middle of the

creen (the fixation cross was visible during the whole experiment), and
o perform one of the following two tasks. In the 1-back task , a video
lip was repeated twice in a row, and participants were instructed to
ress a button every time they saw a repeated video clip. In the oddball

ask , the facial expression in the target video clips changed direction in
he middle of the video instead of continuing to move only in one di-
ection (as in all non-target clips). Again, participants were instructed
o press a button when they noticed a video with this odd movement.
hese tasks alternated between runs. The tasks were selected to ensure
hat participants’ attention would be drawn to the whole face for the
uration of the video. We used two tasks instead of one in order to
nd results that would generalize across tasks, and be independent of a
pecific task. 

There were 12 runs in the EEG (recorded in one session) and 12 in
he fMRI (recorded in two six-run sessions). Each run included each of
he stimuli twice (96 main trials in total), firstly showing each stimuli
nce in random order, and then each for the second time in random
rder. In the fMRI, there was a 30-second rest period in the middle of
he run. The inter-stimulus-interval (ISI) was 1-1.5 seconds in the EEG
nd 2-2.5 seconds in the fMRI, containing (uniformly distributed) ran-
om 0-500 ms jitter. In addition, there were 10 target trials in each
un (see above), occurring randomly with restrictions of no two tar-
ets in a row, and no target being the first trial of a run or after the
est period. Participants were contacted via microphone between each
un and were allowed to rest if needed. In addition, as all 12 EEG
uns were conducted in one long session, a longer rest was taken ap-
roximately halfway through the session. During this longer rest pe-
iod, the participants were offered light refreshments. The quality of the
EG data was observed online, and the electrodes were adjusted in the
ew cases where there was a drop in the data quality in some channels
impedance < 60kOhm). 

Finally, a behavioral rating task was conducted in each session. In
he EEG session, the participants completed the rating task before the
ain experiment during the preparation of the EEG cap. In the fMRI ses-

ions, the rating was usually performed after the main experiment with a
ouple of exceptions. In the rating task, the same video clips were shown
s in the main experiments. The video clip was running repeatedly on
he left side of the screen, and participants were instructed to rate it
n four different qualities: how happy, angry, surprised, and emotion-
lly intense the face appeared. The ratings were conducted with sliders,
hich were adjusted using a mouse. All of the sliders were shown at the

ame time on the right side of the screen, and participants could adjust
hem any way they pleased, after which they pressed a button which
tarted a new trial with a new video clip. The sliders used a scale from 0
o 100 and were set at 50 at the beginning of each trial. In each session,
ach participant rated each of the 48 videos twice, with 96 ratings per
ession, and 288 for each participant in total. The identity of the face
n each video clip was randomized in all EEG, fMRI, and rating experi-
ents. The order of videos in each run was random for each participant,

ut due to a minor bug in the experiment script, the same random order
as used for several participants. 
4 
.5. Functional localizers and ROIs 

The face-selective regions were mapped with two functional local-
zers, one containing video clips of faces and moving objects, and the
ther containing still images of faces and objects. The results of these lo-
alizers were not, however, used in any of the analyses and are therefore
ot reported in more detail. 

.6. EEG acquisition and preprocessing 

The EEG data were recorded with a 64-channel cap (actiCHamp,
rain Products) and active electrodes in a shielded room and sampled
nline at 1024 Hz. Preprocessing was performed with EEGLAB v13.5.4b
unning in MATLAB R2019a, separately for each participant. We down-
ampled the data to 250Hz, applied a band-pass filter between 0.05 and
0 Hz, rejected noisy channels (using a ‘pop_rejchan’ EEGLAB function
ith default parameters) and interpolated (spherical) them back into

he data. We then epoched the data for independent component analy-
is (ICA) between -500 and 1500 ms related to the stimulus onset, ran
he ICA (fastica; Hyvärinen, 1999 ), removed bad ICA components with
he ‘interface_ADJ’ ( Mognon, Jovicich, Bruzzone, & Buiatti, 2011 ) auto-
ated component selector algorithm (for one participant no ICA com-
onents were removed), created epochs from -200 to 1500 ms related
o stimulus onset, removed the baseline, and sorted the trials into the
8 different stimuli types. No trials were removed, and each participant
ad 24 trials per stimuli type. This all resulted in the EEG dataset of
0 participants x 63 channels x 48 stimuli type x 425 timepoints (4 ms
ach). 

.7. fMRI acquisition and preprocessing 

Functional MRI data were recorded using a 3T MAGNETOM Skyra
canner (Siemens Healthcare, Erlangen, Germany) at the AMI Centre
f Aalto University School of Science. Each participant completed two
MRI sessions on two different days. A 30-channel head coil was used.
lood-oxygen level dependent (BOLD) signals were acquired with a si-
ultaneous multislice (SMS; multiband factor 4) echo-planar imaging

EPI) sequence. The imaging area consisted of 76 oblique slices with
.0 ×2.0 mm voxels (slice thickness 2.0 mm, interslice gap 0 mm), TR
as 2.08 s (except for the first participant’s first session, when TR was
.1s), TE was 34 ms, flip angle was 75, matrix size was 100 ×100, and
he field of view was 200. Both fMRI sessions started with an anatomical
1 scan (MPRAGE), lasting approximately 6 minutes, followed by a face

ideo localizer run (7 mins, 200 volumes). After that, six experimental
uns were performed (6 min, 175 volumes each). Finally, and only in
he first session, a face image localizer run (7.5 mins, 210 volumes) was
easured. 

The fMRI data were preprocessed using fMRIPrep 20.1.1
 Esteban, Markiewicz, et al. 2018 ; Esteban, Blair, et al. 2018 ).
lease see the Supplementary Material for detailed information on
reprocessing. 

The fMRI data were modelled with an event-related GLM analysis
ontaining separate regressors for each stimulus type (48 in total), and
7 nuisance regressors. The nuisance regressors were target stimulus,
lobal signal, framewise displacement, 6 motion parameters, 4 cosine
omponents, and 24 first compCorr components. As a result, there were
8 (stimuli) x 12 (runs) whole-brain beta images for each participant
or the subsequent analyses. 

.8. Behavioral and image-based models 

We created five behavioral models based on the ratings of the stim-
li in the rating task, one for Intensity , one for each expression category
 Angry, Happy, Surprised ), and a combined model for the expression cat-
gories ( Category ). First, the multiple ratings for the same stimuli type
irrespective of the face identity) and the same rating quality ( angry,



I. Muukkonen and V.R. Salmela NeuroImage 263 (2022) 119631 

h  

p  

t  

o  

a  

b  

i
 

a  

m  

o  

p  

V  

fi  

o  

t  

b  

s  

m  

b  

t  

T  

(  

n  

f  

f  

t  

m  

g  

M  

s

2

 

w  

K  

a  

i  

b  

s  

f  

a  

a  

a  

(  

d  

f  

i  

t  

v  

e  

a  

(  

t  

m  

a  

s  

a

2

 

(  

t  

a  

i  

s  

t  

l  

m  

v  

t  

p  

m  

o  

a  

w  

c  

M  

i
 

n  

t  

2  

t  

s  

<  

c  

s  

b  

w  

b  

t  

c  

m  

s  

u  

l  

W  

R  

t  

o  

t

3

3

 

t  

8  

i  

b  

t  

i  

a  

s  

w  

t  

e  

t
 

w  

T  

a  

g  

t  

d  

p  

l  
appy, surprised , or emotion intensity ) were averaged separately for each
articipant. Then, an RDM was created based on the distances between
he rating of each possible stimulus pair. Thus, we had one RDM for each
f the qualities for each participant. These RDMs were then averaged
cross participants to create the final behavioral models. For the com-
ined Category model, we took the point distances between each stimuli
n the three-dimensional space of the three expression categories. 

The four image-based models included a spatial Gabor Filter model,
 block Motion model, a model for mean Contrast , and the OpenFace

odel. The Filter model was created by first computing the Gabor filter
utputs for the last high-contrast frame of the videos (with the Com-
uteStaticGabors function; https://github.com/gallantlab/ ; Nishimoto,
u, Naselaris, Benjamini, Yu, & Gallant, 2011), and by correlating the
lter outputs across stimuli and subtracting the correlation matrix from
ne. The Motion model was created by first calculating the block mo-
ion between frames (with MATLAB’s BlockMatcher function using a
lock size of 9 ×9 pixels), and then correlating motion estimates across
timuli and subtracting the correlation matrix from one. The Contrast

odel was computed based on the differences in mean rms contrast
etween the last high-contrast frame of the videos. Note that the con-
rast variation between stimuli was very modest, only mean + /-2% point.
he OpenFace model was calculated based on the OpenFace algorithm
 https://cmusatyalab.github.io/openface/ ; Amos, Ludwiczuk, & Satya-
arayanan, 2016 ), which is trained to separate different face identities
rom each other. Thus, it is not explicitly meant to differentiate between
acial expressions. The algorithm provides a differentiation score be-
ween each face image pair, and we used these scores to create the
odel. Thus, we used a total of five behavioural models ( Happy, An-

ry, Surprised, Intensity, Category ) and four image-based models ( Filter,

otion, Contrast, OpenFace ). The correlations between the models are
hown in Fig. 1 C and were all between .10 and .70. 

.9. EEG model, fMRI model and EEG-fMRI correlations 

We tested where and when the different models correlated
ith neural data with a representational similarity analysis (RSA;
riegeskorte, Mur, & Bandettini, 2008 ). In the EEG, an RDM was cre-
ted separately for each timepoint and for each participant by calculat-
ng the 1-correlation (Pearson) of the 63 EEG channels at a given time
etween each possible stimulus pairs. Each cell in the RDM is thus a
core of the dissimilarity between the stimulus y and x . Similarly, in
MRI, an RDM was calculated for each voxel. This was performed using
 moving searchlight ( Kriegeskorte, Goebel, & Bandettini, 2006 ) with
n 8mm radius, in which all voxels within the radius of a given voxel
re used to form one vector for each stimulus type. The 1-correlation
Pearson) between each possible stimulus pair was again used as the
istance metric. We used mean pattern normalization in both EEG and
MRI by normalizing the response (i.e., subtracting the mean and divid-
ng with the standard deviation) of each channel and each timepoint in
he EEG and each voxel in the fMRI to all of the stimulus types, and all z-
alues higher/lower than + -3 were set as + -3. Finally, these RDMs from
ach participant were correlated (Spearman) with the model RDMs (see
bove), and this resulted in a time course (in the EEG) or a spatial map
in the fMRI) for each of the models. We report the results from correla-
ions and partial correlations, controlling for the role of all of the other
odels. For the EEG-fMRI correlation, the RDMs from each fMRI voxel

nd each EEG timepoint were correlated to create a four-dimensional
patio-temporal map. The EEG data (but not the fMRI data) were aver-
ged across participants before the correlation. 

.10. Statistical analyses 

All statistical inferences were derived from permutation analyses
 Nichols & Holmes, 2001 ). Namely, we shuffled the signs of the par-
icipants’ correlations 5,000 times, and for each permutation, the same
5 
nalysis was conducted as for the real data. This resulted in an empir-
cally derived distribution of statistics under the null hypothesis, and
tatistical significance was taken as the top 5% of the permuted statis-
ics for one-tailed significance tests (p < .05). For the fMRI model corre-
ations, we used the SnPM toolbox for SPM, and variance smoothing (6
m) as suggested in Nichols and Holmes (2001) , with a cluster-forming

oxel threshold of T = 3 (P = .004), and cluster-size inference (p < .05). In
he EEG-model correlations, we used an in-house script to calculate the
ermutations, with a cluster-forming threshold of p < .05, and a cluster-
ass inference (based on the sum of the cluster’s t-values). The thresh-

lds and inference methods were chosen for consistency to be the same
s in our previous similar study ( Muukkonen et al., 2020 ). No family-
ise error correction across models was used. In the EEG-fMRI, we cal-

ulated four-dimensional clusters (with the ‘bwconncomp’ function in
ATLAB), with a cluster-forming threshold of T = 3 and a cluster size

nference. 
There were three main modifications to our planned analyses,

amely a change from using support vector machines (SVM) first
o cross-validated Mahalanobis distance (‘crossnobis’; Walther et al.,
016 ), and then to simple correlation (not cross-validated), and adding
he use of a mean-pattern reduction (MPR). Thus, we report all our re-
ults with a Bonferroni-corrected p < .05 for four tests (raw p-value of
 .0125). The Bonferroni-correction was applied to the final p-values. As
ross-validated methods are usually preferred ( Walther et al., 2016 ; but
ee Ritchie, Lee Masson, Bracci, & Op de Beeck, 2021 ), SVM and crossno-
is were our preliminary options. Unexpectedly, the SVM showed very
eak or non-existent results for both the EEG and fMRI. For crossno-
is and correlation analysis, while the EEG results were very similar be-
ween the methods, we saw practically no fMRI-model correlations with
rossnobis outside of the early visual cortex. In contrast, the correlation
etric with mean-pattern normalization showed quite pronounced and

ensical model correlations in many face areas. Furthermore, we first
sed correlation analyses without mean-pattern normalization (simi-
ar to mean-pattern reduction; MPR) and implemented it post-hoc (see

alther et al., 2016 for the effect of mean pattern reduction on the
DMs). Thus, we report the results from the MPR correlations, while

he results from the crossnobis analyses and correlation analyses with-
ut mean-pattern normalization can be found in the Supplementary Ma-
erial, and further remarks on this selection in the Discussion section. 

. Results 

.1. Behavioral results 

In the EEG and fMRI measurements, we used two attention control
asks, oddball and 1-back. The mean hit rates for the two tasks were
3.3% and 88.1% in the EEG, and 70.8% and 87.2% in the fMRI, show-
ng that all participants had focused their attention on the stimuli. In the
ehavioural rating task, participants agreed on ratings quite well and
he mean correlations (SDs) between different participants’ ratings for
ntensity, angry, happy and surprised were .64 (.11), .71 (.08), .77 (.08),
nd .68 (.11), respectively. The correlations between rating sessions (3
essions, each stimuli shown twice with random identity per session)
ithin subjects were .51 (.17), .66 (.14), .77 (.08), and .64 (.15), respec-

ively. Differences between the within-subject reliability of the different
xpression ratings were significant (t-test, all p < .01), except between
he angry and surprise ratings (p = .52). 

We created RDMs based on the morph-level of the stimuli to test
hether the behavioural ratings corresponded to the ‘true’ morph-levels.
he morph distance between stimuli is shown in Fig. 1B . For example,
ll the morphs between expressions (arrows on the ring in Fig. 1 ) were
iven maximum value for morph Intensity model, and the morphs be-
ween neutral face and expressive face are given values based on their
istance of the neutral (closest to neutral = minimum intensity). The ex-
ression morph models were created similarly. Table 1 shows the corre-
ations between these morph-based models and the behavioral models.

https://github.com/gallantlab/
https://cmusatyalab.github.io/openface/
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Fig. 2. Significant correlations (permutation test, voxel-wise threshold t = 3, cluster-size inference, p < .05) in fMRI for four image-based (left) and five behavioral 
(right) models. White circles show the approximate location of the most relevant face processing areas, where EVC = early visual cortex; LO = lateral occipital; 
STS = superior temporal sulcus; IT = inferior temporal; IFG = inferior frontal gyrus. 

Table 1 

Correlation of behavioral ratings and image morph-levels. 

Behavioral rating 

Intensity Angry Happy Surprise 

Image 
morphing 

Intensity 0.68 -0.10 -0.06 0.08 
Angry -0.06 0.77 -0.01 -0.10 
Happy -0.09 0.03 0.72 -0.05 
Surprise -0.05 -0.08 -0.09 0.68 
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s seen from the highest values on the diagonal, the behavioral models
lways correlated most with the respective morph model, as expected. 

.2. FMRI-model correlations 

We correlated different models and the fMRI data with the RSA to
ook for the neural representations of facial expressions in different areas
f the brain ( Fig. 2 ). As shown in Fig. 2 , many of the models correlated
ith quite similar areas. For the image-based models ( Filter, OpenFace,

otion and Contrast ), all of them correlated with the activity patterns in
he EVC, the right LO and around the left MT. The Filter model did not
orrelate significantly with any other region. The OpenFace model also
orrelated with the right STS and the right IT, the Motion model correla-
ions showed all the same areas and the left IT, while the Contrast model
orrelated with all the same areas as well as several widespread clusters,
uch as the left IFG. For the behavioural models ( Intensity, Category, An-

ry, Happy, Surprised ), there was more variation. The Intensity model
orrelated with all of the main face areas, including the IT, the right LO,
he right STS, and the right IFG. The Category model was significant in
ll of the face processing areas except the right IFG, as well as in the EVC.
he Angry model only correlated with the EVC and the posterior IT; the
appy model with the EVC, the IT, and the left MT/LO; and the Surprised

odel with the EVC and the right STS. Furthermore, especially for the
ntensity, Category and Contrast models, we found sparse and widespread
orrelations around the brain ( Fig. 2 ). Comparisons with the (lower-
ound) noise ceiling (average correlation of each single-subject RDMs to
he mean RDM of all the other subjects) showed that none of the model
orrelations reached the lower noise ceiling level. The maximum model
orrelation varied from 0.04 to 0.25 between different models, but the
aximum of the noise ceiling was 0.32 (see Supplementary Material for

ull brain image of noise ceiling). 
6 
To test the independent role of each of the models, we used partial
orrelations, controlling for all of the other models ( Fig. 3 ). The mod-
ls included here were Filter, OpenFace, Motion, Category and Intensity .
or the Filter and Motion models, this resulted in significant correlations
nly in the EVC. No significant clusters for the OpenFace model were
ound. The expression Category model correlated with the activity pat-
erns in the LO, the IT, and the rSTS, and scattered correlations were
ound among several areas, including the left anterior STS and the right
remotor eye field (area 6v2). Finally, the model for the expression In-

ensity correlated with the IFG, the rSTS, in small clusters in the IT, the
ight anterior ventral insular (AVI), the right TPOJ, the anterior cingu-
ate cortex, and with several widely dispersed areas around the cortex.
o test the robustness of the partial correlation results, we ran partial
orrelations with all of the different combinations of models that a) al-
ays included the intensity and category model, and b) included one,

wo, three or four of the image-based models. We excluded the single
xpression models here as the category model is directly created from
hem. The results from these were remarkably similar to the selected
artial model combination. 

.3. EEG-model correlations 

The correlations with the models and the EEG data are shown in
ig. 4 . The Category model correlated significantly with the data, start-
ng around 150 ms after stimulus onset. The correlation reached or was
bove the lower noise ceiling, suggesting that the model captured the
ata well. The Intensity model, however, did not correlate significantly
ith EEG at any timepoint. The correlation of the EEG data and the four

mage-based models ( Motion, Filter, Openface, Contrast ) all showed quite
imilar time courses, mainly the amplitude of correlation varied, Motion

odel reaching the highest and the Contrast model the lowest corre-
ation. Motion and Filter model correlations showed an early peak and
eached significance a bit earlier (around 150 ms) than OpenFace and
ontrast models (around 240 ms). The models based on expression rat-

ngs correlated differently with the data. The Happy model correlated
ignificantly with the data already starting at 150 ms and the Angry

odel at two separate time windows (350-500 ms and 750-1150 ms).
he Surprise model did not correlate with the data at any timepoint. In
ultiple models, the highest correlation peak was around 400 ms (or
60 ms after the video reached full contrast). Overall, the correlation
rofiles for Category, Motion and Happy models were highly similar. 
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Fig. 3. Partial correlations (permutation test, 
voxel-wise threshold t = 3, cluster-size infer- 
ence, p < .05) for intensity, category, filter 
and motion models (no significant correla- 
tions were found for the OpenFace model). 
EVC = early visual cortex; LO = lateral occipi- 
tal; STS = superior temporal sulcus; IT = infe- 
rior temporal; IFG = inferior frontal gyrus. 

Fig. 4. EEG-model correlations. Straight lines show significant timings for each model (permutation test, cluster-weight inference, p < .05). On left, the lower-bound 
of the noise ceiling is plotted with a grey line. 
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For partial correlations ( Fig. 5 ), the Category model remained signif-
cant between 360 and 620 ms, and the Motion model between 240 and
20 ms, while Filter and OpenFace were no longer significant. The Inten-

ity model again showed no significant correlations. We conducted the
ame robustness check as for the fMRI (see above; not shown). The re-
ults remained practically the same for all model combinations, specif-
cally in terms of the Category and Motion models always correlating
ith the data, Intensity, OpenFace, and Contrast being insignificant in all

ombinations, and the Filter model showing significant correlations in
ll combinations where the motion model was excluded, but not in any
ther combination. 

.4. EEG-fMRI correlations 

We correlated each timepoint in the EEG data with each voxel in the
MRI data to create a four-dimensional spatio-temporal map of facial
xpression processing ( Fig. 6 ). The results show significant correlations
7 
tarting at around 100 ms from the EVC and ending at around 1150
s. Parts of the EVC were significant for the whole duration. The first

orrelations outside the EVC were between 300 and 350 ms in the left
T/LO, and after 400 ms again in the left MT/LO, the right LO, and

mall patches in the IT. The most widespread correlations were found
t 500 ms when the correlations also spread to the right STS and to a
arge part of the left IT, but not the right IT. 

. Discussion 

We studied the spatio-temporal processing of facial expressions in
he brain using representational similarity analysis (RSA) in both fMRI
nd EEG data. We created a stimulus space from short videos of faces
arying both in expression intensity and expression category. There
ere three different expressions (angry, happy, surprised), varying di-
ensionally from a neutral to a full-blown expression, as well as dimen-

ionally from each expression to the others. We calculated representa-
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Fig. 5. EEG-model partial correlations. Lines show significant timings for each 
model (cluster-based permutation analysis). 
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ional dissimilarity matrices (RDMs) from the neural responses between
ach possible stimulus pair, and thus had separate RDMs for each voxel
from the fMRI) and timepoint (from the EEG). This allowed us to com-
are the neural representations of facial expressions in different areas
nd at different times to each other, as well as to different models de-
ived from either behavioural ratings of the videos, or image properties
n the videos. Our results in the fMRI showed that, when accounting
or low-level features, the IFG-FA processes only the intensity of expres-
ions, while the LO, the STS and the IT face areas code both expres-
ion intensity and expression category. The EEG data correlated with
he fMRI starting at 100 ms in the EVC, spreading to the LO, the IT, and
he STS at around 400–500 ms, as well as with the model of expression
ategory and image-based models especially around 400 ms, with no
orrelation with the intensity model. Our results reveal the distinct role
f IFG-FA coding intensity of expression, while other known face areas
ontained information both on the expression category and intensity. 
Fig. 6. EEG-fMRI correlations

8 
Faces provide a platform for the study of changing representations
f information in the brain. As subtle visual changes in a face can signal
he difference between a loved one and a stranger, or an angry and a
appy person, the efficient transformation of those visual features into
hese higher-level qualities must occur somewhere, at some time in our
rain. Solving the spatiotemporal pattern of these transformations might
hus provide important insights into the wider question of how our brain
rocesses sensory information into a behaviourally usable form. By us-
ng facial expressions, we created a stimulus space where, for example,
he perceived angriness and emotional intensity of faces varied dimen-
ionally and, importantly, we could separate the low-level image-based
hanges and motion from changes in perceived intensity. In addition,
he use of multivariate pattern analysis (MVPA) and RSA allowed us to
ook into the more finely knitted structure of information in different
rain regions and at different times. Hence, while several studies have
ooked into the processing of facial expressions in the brain, very few
ave used a stimulus space as a variable, as in our study, which allowed
s to explicitly separate and compare models of expression category, ex-
ression intensity and image-based features (see also our earlier study,
uukkonen et al., 2020 ). 

In the fMRI, our results show that, when controlling for low-level fea-
ures, the IFG codes the intensity of expression. The other known main
ace areas, namely the LO, IT (containing the FFA) and STS, contained
nformation about both the intensity and the category of expressions.
he clusters found for intensity and category in these regions were, how-
ver, quite dissimilar, with partly separate spatial locations in the STS
nd a larger cluster for category than intensity in the left IT. Previous
tudies have shown that the IFG-FA, as well as the STS, are particu-
arly sensitive to dynamic faces (e.g., Fox et al., 2009 ; Furl et al., 2010 ;
itcher, Dilks, et al., 2011 ; Pitcher et al., 2014 ; Yoshikawa & Sato, 2006 ).
his might explain the difference in terms of the current study finding
esponses in these areas, while our previous similar study using static fa-
ial expressions did not ( Muukkonen et al., 2020 ). We found that while
he STS correlated with multiple models, the IFG-FA coded only the
xpression intensity, thus suggesting a change in the neural representa-
ions in the dorsal face path, with the IFG-FA showing more abstract pro-
essing of expression intensity. Previous studies have found higher re-
ponses in the IFG-FA to asynchronous than synchronous movements of
he eyes and mouth ( Skiba & Vuilleumier, 2020 ), and more holistic rep-
esentation of eyes and mouth in the IFG-FA than in the STS ( Flack et al.,
015 ). Nor did Skiba and Vuilleumier (2020) find emotion intensity cod-
ng in the IFG-FA, only in the STS, although their study contained less
ntensity variation, while the current study was specifically designed to
eveal the processing of expression intensity. While our stimuli set was
ifferent compared to those studies and did not allow for testing the in-
 at selected timepoints. 
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egration of face parts, our results support the wider suggestion of more
bstract, higher-level coding of expressive faces in the IFG-FA than in
he STS. 

Furthermore, we found several other areas coding the expression in-
ensity and category, such as the right anterior ventral insular (AVI),
he cingulate cortex, and the ventral premotor cortex (area 6v2). While
ot considered part of the main face processing network ( Duchaine &
ovel, 2015 ), similar areas have been found in functional connectiv-

ty analysis for face processing ( Zhen, Fang, & Liu, 2013 ), particularly
howing that the AVI and cingulate cortex were part of the expression
rocessing network. For the premotor area, at least a single study has
ound this same area when contrasting dynamic and static facial ex-
ressions ( Sato, Kochiyama, Yoshikawa, Naito, & Matsumura, 2004 ).
hus, while the evidence for the role of these areas in facial expression
rocessing is sparse, our study suggests that they have a role in more
bstract expression processing, and stresses the usefulness of using the
patially unbiased searchlight analysis. In addition, when not control-
ing for other models, we found the whole-face processing network (IFG
ithstanding) to correlate with the variation in the mean contrast of the

aces. As the variation in contrast in our stimuli was minimal, this was
 rather surprising result. However, these correlations did not stand af-
er controlling for other models, suggesting that these areas did not code
ontrast per se. As the contrast variation model has rarely been included
n studies of the neural processing of faces, our results encourage future
tudies to test this rather simple model as well. 

The EEG and fMRI correlations for individual expression models
ere quite different. The Happy model correlated with EEG for a long

ime period, the Angry model in a two separate time windows, and the
urprised model did not reveal any significant correlations. The higher
orrelation with the Happy model in comparison to Angry and Surprised

odels is consistent with behavioral ratings that showed also highest
eliability for happy ratings. In fMRI, the Category model revealed much
ore widespread correlations than the individual expression models.

ince the Category model was constructed on the basis of Angry, Happy

nd Surprised models, the more widespread correlations suggest that
any face areas process differences between expressions rather than

xpressions per se. In EEG, the correlation profile of the Happy model
as quite similar with the Motion / Filter models, showing the strong as-

ociation of happy expression and low-level image features. 
On the temporal processing of facial expressions in the brain, our

esults showed that low-level features as well as the expression cate-
ory and happiness already correlated with the EEG data at around
50 ms, and peaked at 400 ms, consistent with previous study apply-
ng multivariate methods on EEG ( Smith & Smith, 2019 ). While show-
ng widespread correlations in the fMRI, there was no indication of
xpression-intensity coding in the EEG, consistent with our previous
tudy ( Muukkonen et al., 2020 ) but in contrast with some previous stud-
es finding intensity coding in the EEG ( Leleu et al., 2018 ; Recio et al.,
014 ; Sprengelmeyer & Jentzsch, 2006 ). When controlling for other
odels, we found motion coding starting at around 240 ms, and cate-

ory processing at around 360 ms, while no other models remained sig-
ificant. It should be noted, however, that our different models showed
ery similar correlation structures, all peaking at the same time, and
hus not revealing any clear processing steps, for example from low-
evel features to more abstract features. The use of video clips instead of
till images makes the timings harder to interpret, as the fast processing
f the later frames might co-occur with the later processing steps of the
arlier frames. This is evident in the filter model correlations, which,
nlike in previous studies ( Dima et al., 2018 ; Muukkonen et al., 2020 ),
id not rapidly show the highest peak at around 100 ms, but only later
t 400 ms. However, stronger, earlier or more widespread activity has
een typically reported when comparing dynamic faces to static faces
r dynamic control stimuli (e.g., Furl et al., 2010 ; Puce et al., 2003 ;
ecio et al., 2011 ; Sato et al., 2015 ; Trautmann-Lengsfeld et al., 2013 ).
hus, another possibility is that the linear contrast fade in that we used,
ight have disrupted the EEG signal so that the processing of face onset,
9 
he initial expression of the face and the later change in expression all
verlap. 

The EEG-fMRI correlations showed the EEG to correlate only with
he EVC until 300 ms, when the EEG correlated with the left MT/LO.
round 400 ms, and especially at 500 ms, more widespread correlations
ere found in the IT, the LO, and the STS. Thus, these peaks matched

he timing of the highest EEG-model correlations, and showed the same
reas as the fMRI-model correlations for the models with the highest
orrelations in the EEG-model analysis (namely, category and motion
odels). Consistently with the null findings for intensity coding in the
EG, we found no EEG-fMRI correlations in the IFG, which was found
o code intensity in the fMRI analysis. The order of the EEG-fMRI cor-
elations from EVC to LO to IT/STS was similar to our previous study
 Muukkonen et al., 2020 ), while the absolute timings were considerably
elayed. We assume that this was due to the use of video clips and/or
he contrast fade in and their effect in the EEG data. Interestingly, as
n the aforementioned previous study, we again found significant EEG-
MRI correlations, mainly in the left IT and not the right, despite the
ight-pronounced lateralization of face processing. 

With regard to the limitations of our study, we first note the differ-
nt results from the cross-validated measures (crossnobis, SVM) and the
eported correlation results, especially in the fMRI (see Supplementary
aterial). While the reason for this remains unclear, some possible ex-

lanations include the small number of trials (2) per stimuli in a single
un, the randomly varying identity of the face, the use of two differ-
nt tasks varying between runs, having measurements from two sepa-
ate sessions, and having a long resting period in the middle of the run
nstead of null trials. Furthermore, the effect of mean-pattern normal-
zation on the results was substantial, unsurprisingly as mean-pattern
ormalization can change the RDM pattern dramatically ( Walther et al.,
016 ). It is possible that this reflects some property of the neural code,
lthough the effect of MPR will vary depending on the used stimulus
pace, which makes it harder to interpret, while the use of stimuli that
ontain more variation than in our study might cause different effects.
ext, while dynamic stimuli elicit higher responses in the dorsal face
ath in the fMRI, for the EEG results, the use of videos instead of still
mages makes our results hard to compare to previous studies, although
 previous study did find a similar EEG structure with short video clips
s with static images ( Recio et al., 2014 ). As the video progresses in
ime, we cannot clearly state whether, for example, the peak at 400 ms
fter video onset is comparable to results in other studies at 400 ms, as it
ight also relate to some faster processing of later frames in the video.

urthermore, our stimuli differ from previous studies in that our videos
tarted with a gradual contrast fade in. In addition, our stimulus set was
pecifically designed to study the effect of expression intensity and to
eparate it from the low-level image-based features and motion. In con-
rast, the models for categorical expressions correlated highly with the
ow-level model, and thus showed less difference from low-level fea-
ures. Finally, we used a model for contrast differences in the stimuli,
ven though the changes in contrast between the stimuli were mini-
al and should probably not have any effect per se. Nevertheless, the

ontrast model had very strong correlations with the face processing
etwork (when other models were not controlled for), and thus might
lso capture some property of the neural code of face processing. 

To sum up, we used a novel, dimensionally varying and dynamic
timulus set to study the temporal and spatial processing of facial ex-
ression intensities and categories. Our fMRI results suggest that the IFG
odes the intensity of facial expression, and the LO, the IT and the STS
ode both of these features. For the timings of these processes, our EEG
esults showed significant coding in particular of low-level features, ex-
ression category and happiness from 150 ms until 1200 ms, especially
round 400 ms. Correspondingly, the EEG-fMRI analysis showed corre-
ations starting after 100 ms in the EVC, spreading to the left MT/LO
t 300 ms, and being most widespread at 400–500 ms, including the
O, especially the left IT, and the right STS. Our results show represen-
ational transformation from lower-level processing of visual features
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n posterior face areas to coding of abstract expression intensity in the
FG-FA. 
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