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Movements can inform us about what people are doing and also about how they feel. This phenomenologically
evident distinction has been suggested to correspond functionally with differential neural correlates denoted as
mirror neuron system (MNS) and mentalizing system (MENT). To separate out the roles of the underlying systems
we presented identical stimuli under different task demands: character animations showing everyday activities
(mopping, sweeping) performed in different moods (angry, happy). Thirty-two participants were undergoing

functional magnetic resonance imaging (fMRI) while asked to identify either the performed movement or the
displayed mood. Univariate GLM analysis revealed the expected activation of either in MNS or MENT depending
on the task. A complementary multivariate pattern-learning analysis based on the “social brain atlas” confirmed
the expected recruitment of both systems. In conclusion, both approaches converge onto clearly distinct functional
roles of both social neural networks in a novel dynamic social perception paradigm.

1. Introduction

Nonverbal communication constitutes an essential part of human
social interactions (Mehrabian and Wiener, 1967). It is characterized by a
high dimensional complexity due to its multichannel nature implying the
simultaneous presentation of a variety of cues, such as smiles, gaze, hand
gestures, postures and body movement (Bente et al., 2008; Kuzmanovic
et al., 2011; Vogeley and Bente, 2010). Among the different nonverbal
cue systems, whole-body movement has proved to be an extremely rich
information source. Not only does it reveal both the function and goal of
an observed action (Dittrich, 1993), it also provides clues to the inner
experience of persons including their moods (Atkinson et al., 2004;
Aviezer et al., 2012; Clarke et al., 2005; Pollick et al., 2001). In this sense,
we use movement information to identify not only what people are
actually doing, but also how they are doing it, respectively in which
mood they are acting. In fact, these are fundamentally different cognitive
tasks to perform, but both are necessary to successfully navigate our

social world and to effectively communicate and collaborate with others.

In social neuroscience, two different brain systems are discussed as
neural correlates of social information processing: the “mirror neuron
system” (MNS) and the “mentalizing system” (MENT; also designated as
“theory of mind system”). The MNS is recruited not only during one’s
own movements, but also during the observation of others’ movements,
corresponding to the original electrophysiological finding of increased
firing rates of mirror neurons during action execution and action obser-
vation (di Pellegrino et al., 1992; Gallese et al., 1996). The much more
ambitious claim that the MNS also contributes to the complex capacity of
“action understanding”, either based on an automatic process of “reso-
nance” induced in the observer during the observation of a movement
(Rizzolatti et al., 2001) or based on “direct matching” (Rizzolatti and
Sinigaglia, 2010) or on “simulation” (Gallese and Goldman, 1998; Gal-
lese et al., 2004) has been a matter of substantial debate (Hickok, 2009,
2014; Caramazza et al., 2014).

In contrast, MENT allows humans to attribute inner mental states to
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other persons, such as thoughts, emotions, moods, or intentions (Amodio
and Frith, 2006; Frith and Frith, 2003). MENT is specifically recruited
when inner mental states including emotions and intentions have to be
inferred from human motion (Blake and Shiffrar, 2007; de Lange et al.,
2008; Spunt et al., 2011, 2010; Spunt and Lieberman, 2012a, 2012b;
Troje, 2013). Until now, only a few studies investigated MNS and MENT
within the same approach. For instance, a moving object in changing
environmental contexts allowed different interpretations either of an
inanimated object (associated with MNS activation) or an animated,
selfpropelled agent (associated with MENT activation) (Wheatley et al.,
2007). The perception of animated stimuli expressing personhood
recruited MENT in contrast to MNS that was associated with being pre-
pared to read out potentially socially salient information (Santos et al.,
2010). Focusing on the neural correlates of the movement kinematics
(“how”) and the motivation to perform the actions (“why”’) key regions of
MENT showed increased neural activation during the identification of
motivational states (“why”), whereas the left occipito-temporal cortex
was associated with the identification of “how” the action was performed
(Spunt et al., 2011, 2010; Spunt and Lieberman, 2012a).

On this empirical basis, the hypothesis has been proposed that MNS
serves comparably early stages of social information processing related to
the “detection” of spatial or bodily signals such as movements, whereas
MENT is recruited during comparably late stages of social information
processing related to the “evaluation” of inner experiences of others
(Vogeley, 2017). Interestingly, the fundamental distinction of MNS and
MENT has also been shown recently by the “social brain atlas” obtained
from about 4,000 empirical studies in social neuroscience in a fully
data-driven, meta-analytic integration (Alcala-Lopez et al., 2017). Based
on connectivity modeling, evaluating both coactivation in task-focused
brain states and physiological fluctuations, and exploring correlations
in task-free brain states 36 key regions responsible for social information
processing were identified. Notably, a hierarchical cluster analysis of the
functional connectivity of all 36 brain regions revealed that the most
basic differentiation of all regions separates between two groups of re-
gions that resemble MNS and MENT (Alcala-Lopez et al., 2017).

In this study we address the question whether the two different
functional roles of detection of movements and evaluation of mood can
be attributed to MNS and MENT. For this purpose, the same stimuli of a
newly developed paradigm were presented with two different in-
structions. Furthermore, classical univariate analysis was complemented
by identifying the contribution of both systems by leveraging multivar-
iate machine-learning algorithms on the basis of the social brain atlas
(Alcala-Lopez et al., 2017). The traditional univariate approach in im-
aging neuroscience is based on the classical null-hypothesis testing
framework, which explores the whole brain and evaluates pairs of con-
trasts or groups of individuals (Friston et al., 1994). In contrast,
out-of-sample pattern generalization can profit from starting with
regions-of-interest (ROIs) to guide extraction of multivariate patterns of
neural activity changes on an interpretable target atlas. Such statistical
learning methodology aims to decode cognitive processes from neural
activity by training pattern-learning algorithms on a larger share of brain
scans after which the predictive performance is evaluated in an inde-
pendent part of functional neuroimaging data (Bzdok, 2017).

To the best of our knowledge, this is the first study that makes use of a
coherent and homogeneous stimulus set that is psychophysically well
characterized and that is used to explore both MNS and MENT by means
of identical stimuli in both conditions. The major objectives of our study
are two-fold. First, we wanted to characterize the functional roles of MNS
and MENT by asking for the identification of movements (hypothesized
to be associated with MNS activation) and for the identification of moods
during the performance of the movement (hypothesized to be associated
with MENT activation). Second, this is the first empirical validation of
the social brain atlas (Alcala-Lopez et al., 2017) that is exploited for the
purpose of a multivariate analysis complementing a classical univariate
approach. The complementary combination of univariate inference of
significant task contrasts and multivariate generalization of recruitment
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combinations predictive of tasks substantially contributes from an
analytical perspective to our research question.

2. Material and methods
2.1. Participants

Participants were included, if they were right-handed according to a
standard handedness inventory (EHI (Oldfield, 1971), had normal or
corrected to normal vision, had no history of psychiatric or neurological
disease and were not taking any neuro- or psychotropic medication. All
participants were naive to the purpose of the study. Prior to the experi-
ment, each participant provided written informed consent to participate
in the study. Procedures were approved by the ethics committee of the
Medical Faculty of the University of Cologne. Three participants had to
be excluded because of low task-performance during the fMRI scanning.
32 volunteers were included in the data analysis (17 males; mean age:
25.75 + 4.91 years standard deviation (SD)).

2.2. Design of the stimulus material

For the generation of the stimuli, an independent group of 31 in-
dividuals, naive for the purpose of the study, none of which a professional
actor, was recruited (14 males; mean age: 25.55 + 6.01 years SD). These
participants were asked to perform a series of 6 different movements
(sweeping the floor, mopping the floor, wiping a table with a rag, sanding
a piece of wood on a table, painting a wall with a brush, painting a wall
with a roller) in 3 different moods (angry happy, sad). For the purpose of
this study we later selected stimuli showing two different movements
(sweeping, mopping) in two different moods (happy, angry). In order to
let persons execute the different movements as natural as possible while
displaying the different moods, a mood induction procedure and specific
instructions were used (Lammers, 2017). Instructions were presented as
audio recordings. Movements of all participants were recorded by a
motion capture system (Optitrack™, NaturalPoint, Inc., Oregon, USA).
Using the commercially available software systems Maya™ and
MotionBuilder™ (Autodesk Inc., California, USA) the motion capture
recordings were translated to video sequences presenting wooden man-
nequins as humanoid avatars (Fig. 1). Video sequences of 5 s were cut out
of the total recorded video sequence of approx. 30 s. Before accepting any
video as suitable stimulus for this study, it was psychophysically studied
in detail. In particular, we checked pixel change and velocity of the
movements and excluded outliers to guarantee comparability of stimuli
with respect to physical characteristics in the kinematic of the displayed
body movements (Lammers, 2017). For the objective analysis of the ki-
nematic trajectories of the movements we used an algorithm

Fig. 1. Avatar standstill.

Standstill of an animated video sequence showing a wooden mannequin as
avatar performing mopping. Animated videos were presented showing one out
of two different movements (sweeping, mopping) combined with one out of two
moods (happy, angry) resulting in four different types of video animations.
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implemented in Matlab (R2017a; The MathWorks, Inc., Natick, USA) by
one of the authors (RT). In particular, videos sequences were analyzed
frame by frame as pixel intensity changes. As all avatar movements take
place in a certain ROI also the frame to frame changes of the horizontal
and vertical extent and the change of the ROI area had been analyzed.
Any repetitive movement is reflected by periodical patterns in the videos
with a certain frequency and amplitude, representing the velocity of a
movement and the magnitude of movement changes, respectively. Fre-
quency and amplitude data were also considered to quantify the char-
acteristics of movements.

On the basis of these analyses we were able to select a homogeneous
set of animated video sequences excluding outliers in any of the above
mentioned variable (with outlier defined as a value outside the range of
mean + 2 x SD in any variable). The remaining videos were then tested in
an online study to measure the recognition rates for movement and
mood. To this end we recruited 112 volunteers (39 males; mean age:
31.66 +11.71 years SD). The majority of videos were rated 60-100%
correctness (Lammers, 2017, Table 1). For the final stimulus set we
selected video sequences that showed similar recognition rates for both,
movement and mood. As a result of these procedures we were able to put
together a collection of animated videos that at the same time contained
information about the performed movement and the presented mood. In
order to probe movement detection and mood evaluation we used 32
video sequences in four different combinations (sweeping-happy,
sweeping-angry, mopping-happy, mopping-angry). Formally, this design
constituted a 2 x 2 two-factorial design with 2 factors (movement, mood)
and 2 different levels each (movement: sweeping, mopping; mood:
happy, angry). As we had no strong hypothesis for the difference between
both movements or both moods and as the differentiation of movements

Table 1
Stimulus material.

Video Movement  Mood Recognition Rate Recognition Rate
Nr. Movement Mood
01 mopping angry 52 68
02 mopping angry 78 36
03 mopping angry 63 84
04 mopping angry 84 73
05 mopping angry 68 94
06 mopping angry 78 42
07 mopping angry 84 57
08 mopping angry 73 84
09 mopping happy 84 78
10 mopping happy 73 78
11 mopping happy 84 94
12 mopping happy 68 42
13 mopping happy 89 94
14 mopping happy 84 73
15 mopping happy 78 78
16 mopping happy 100 84
17 sweeping angry 89 78
18 sweeping angry 89 63
19 sweeping angry 68 52
20 sweeping angry 89 78
21 sweeping angry 73 63
22 sweeping angry 78 42
23 sweeping angry 68 68
24 sweeping angry 100 100
25 sweeping happy 84 73
26 sweeping happy 89 57
27 sweeping happy 84 94
28 sweeping happy 47 63
29 sweeping happy 63 63
30 sweeping happy 73 89
31 sweeping happy 78 57
32 sweeping happy 84 89

This table provides information about the different stimuli employed in this
study. Exactly 50% of all stimuli showed “sweeping” or “mopping” with respect
to the presented movement and “happy” or “angry” mood with respect to the
inscribed mood. Stimuli were presented from different angles. Recognition by all
test persons participating in the fMRI study are provided in percent.
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and moods was used as experimental vehicle to study the differential
neural correlates of processing movement- and mood-related informa-
tion, we focused on this research question only and did not study the
differential effects between the two particular movements and the two
moods on a neural level.

2.3. Procedure

The experiment was analyzed as block design to acquire strong and
robust signals to answer the key question of differential neural correlates
during processing movement- and mood-related information. Both con-
ditions of movement detection and mood evaluation followed exactly the
same procedure during the experiment in order to make both conditions
as comparable as possible. Stimuli were shown in a simple blockwise
fashion with 4 trials per block. In each block we presented a general
instruction first (either the word “TATIGKEIT” (“MOVEMENT”) or
“STIMMUNG” (“MOOD”), after that 4 stimuli of 5s each were shown
followed by a response window of 3 s each, all stimuli of a given block
had to be judged either according to the binary choice of movements or
to the binary choice of moods. The experiment consisted of 16 blocks of 4
trials each, leading to 64 trials for the whole experiment. After a general
instruction before the experiment, specific short instructions were pre-
sented in the beginning of each block for 3s (either “TATIGKEIT, engl.
“MOVEMENT”, or “STIMMUNG”, engl. “MOOD”). If the instruction
“MOVEMENT” was presented, participants had to identify the move-
ment. If the instruction "MOOD" was presented, participants had to
identify the mood of the person depicted by the avatar. Subsequently, a
block of 4 trials commenced. The rules alternated periodically within one
session; 16 participants started with the instruction “MOOD”, whereas 16
started with the instruction “MOVEMENT".

Every trial consisted of a silent animated video sequence with a
duration of 5 s, showing a wooden mannequin (Fig. 1) performing one of
the four different combinations of movement and mood (sweeping-
happy, sweeping-angry, mopping-happy, mopping-angry). After each
video sequence, a simple forced-choice was required with two different
response options that were presented for 3 s consisting of one word on
the left and right side of the screen. If the instruction “TATIGKEIT” (engl.
“MOVEMENT”) was depicted, participants had to choose between
"FEGEN" (engl. "SWEEPING") and "WISCHEN" (engl. "MOPPING"). If the
instruction “STIMMUNG” (engl. “MOOD”) was presented, participants
had to decide between "GLUCKLICH" (engl. "HAPPY") or "WUTEND"
(engl. "ANGRY"). Left or right positions for the responses were system-
atically counterbalanced. Participants were requested to position and
keep their hands on two LumiTouch devices (Photon Control Inc., Bur-
naby, BC, Canada) with their left and right index fingers on the response
button of both response devices. Participants were asked to press the
spatially corresponding button of the word (left or right) that described
the movement or mood of the video sequence best. After the response, a
jitter of 1-2 s was inserted before the next trial began. Every block lasted
about 41s with a subsequent resting period as baseline lasting for
10-11 s (uniformly jittered).

Stimuli were presented using Psychopy (version: 1.84.2; Peirce,
2009) and were displayed on a custom-built, shielded TFT screen at the
rear end of the fMRI scanner, visible via a mirror mounted on the
headcoil. Participants did not receive training prior to performing the
task inside the scanner nor did they get any feedback during the exper-
iment. Motor responses were recorded via LumiTouch devices during the
fMRI session. For all subjects, an accuracy score (number of correct trials
divided by 32 trials) for both conditions (i.e., MOVEMENT and MOOD)
was computed. A one-sample t-test was conducted to compare accuracy
scores for both conditions.

2.4. fMRI data acquisition

Brain images were acquired on a Siemens 3-T Trio MRI scanner
(Erlangen, Germany) using blood oxygen level-dependent (BOLD)
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contrast (Gradient-echo, T2* EPI pulse sequence, TR = 2200 ms, 36 axial
slices, 3 mm thickness, interslice distance of 15%, 64 x 64 image matrix,
FoV 200 mm, voxel size of 3.1 x 3.1 x 3.0 mm?) covering the whole
brain. For the main experiment, 420 volumes were acquired using an
interleaved slice mode. Four dummy images were considered to allow for
magnetic field saturation, which were discarded prior to further
processing.

2.5. Classical mass-univariate analysis of task contrasts

Brain images were analyzed using SPM12 (Statistical Parametric
Mapping; Wellcome Department of Imaging Neuroscience, London,
United Kingdom; www.fil.ion.ucl.ac.uk/spm), implemented in Matlab
9.0 (The MathWorks, Inc., Natick, USA). After the images were corrected
for head movements using realignment, the mean EPI image for each
subject was mapped on the individual anatomical MRI. The mean EPI as
well as the anatomical MRI were coregistered to the Montreal Neuro-
logical Institute (MNI) reference space using the unified segmentation
algorithm in SPM12. Functional images were then spatially smoothed
using a 10mm FWHM Gaussian kernel to meet the statistical re-
quirements of further analyses and to compensate for macroanatomical
interindividual differences across participants. The data were analyzed
using a general linear model (GLM) as implemented in SPM12. Two onset
regressors were defined reflecting the two different experimental con-
ditions MOVEMENT and MOOD. Duration was set to 38 s to cover the
period from the beginning of the first video sequence until the end of the
fourth response window. A third regressor was used to separate blocks
with more than two errors (either wrong answers or misses).

The hemodynamic response was modeled using a canonical hemo-
dynamic response function and its first time derivative. The six head
movement parameters were included as confounding variables (Lund
et al.,, 2005). For first-level analyses, simple main effects for each
experimental condition were computed by applying appropriate baseline
contrasts. To account for inter-subject variability in the group analysis,
the contrast images obtained at the first-level were included in a
second-level t-test to create an SPM map. Since we wanted to study the
different neural activity while processing the two conditions MOVE-
MENT and MOOD, we calculated differential contrasts for the MOVE-
MENT and MOOD conditions (i.e. MOVEMENT > MOOD;
MOOD > MOVEMENT). All fMRI statistics were corrected by using a
statistical threshold of p < 0.05, familywise error-corrected (FWE).
Activated brain regions were defined as clusters consisting of more than
20 continuous voxels. The anatomical localization of the activated brain
regions were defined anatomically using i) the SPM Anatomy Toolbox
(Eickhoff et al., 2005) for those regions that have been cytoarchi-
tectonically mapped, and ii) the Anatomical Labeling atlas (Tzour-
io-Mazoyer et al., 2002).

2.6. Multivariate analysis of task contrasts using social brain atlas

The univariate regression contrast analyses were subsequently com-
plemented by revisiting the task fMRI data using multivariate pattern-
learning algorithms. The whole-brain fMRI data were summarized based
on the recently established social brain atlas (Alcala-Lopez et al., 2017).
For each brain map acquired during task response, we have obtained 36
brain locations of interest that were shown to exhibit consistent recruit-
ment in healthy subjects across a large variety of social-affective experi-
ment classes, read out from nearly 4,000 empirical studies and more than
22,000 participants. We used the scikit-learn package executed in Python
because it provides efficient, unit-tested implementations of
state-of-the-art machine learning algorithms (http://scikit-learn.org).
This general-purpose machine-learning library was interfaced with the
nilearn library for design and efficient execution of neuroimaging data
analysis ~ workflows  (“http://github.com/nilearn/nilearn”). ~ The
whole-brain neural activity information was summarized by averaging
each brain map by spheres (radius = 5 mm) around each of the 36 regions
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in the social brain atlas. We used binary masks in which the neural activity
information from all voxels of the sphere, corresponding to a particular
social brain region, were aggregated and then summarized by computing
the across-voxel average for each sphere of the social brain atlas. This
approach yielded a feature space of the form number of task images x
number of social brain regions. These data were unit-scaled to a variance
of 1 and mean centered to 0 to avoid scale-invariance effects. The ensuing
reexpression of whole-brain neural activity information in a neurobio-
logical meaningful target atlas was fed into a maximum-margin linear
support vector machine (C hyperparameter was kept at default 1). Model
fitting and evaluation was based on the cross-validation gold standard to
obtain an unbiased estimate of the expected out-of-sample prediction
performance (Hastie et al., 2001). In 10 data-split iterations (i.e 10-fold
cross-validation scheme), the data were divided into 90% training set
used to train the learning algorithm on the social brain engagements and
10% testing set where the obtained pattern classifier was benchmarked for
its performance that we would expect in new participants (Bzdok, 2017).
This pattern-learning approach enabled the identification of those nodes
of the predefined social brain atlas regions most relevant to distinguish
MNS and MENT scenarios in the experimental study.

3. Results
3.1. Behavioral data

In contrast to the behavioral pilot data (Lammers, 2017; Lammers
et al., under review), results revealed a significant difference between the
accuracy scores (t(31) =5.218, p < 0.001) with higher accuracy when
the identification of correct movement out of two possible answers was
requested (sweeping, mopping; condition MOVEMENT; (81.15 + 9.31%)
compared to the identification of the correct mood out of two possible
answers (happy, angry; condition MOOD; 68.07 + 11.69%), suggesting
that the identification of the performed movement was easier for the
population of test persons studied under fMRI conditions compared to the
identification of the presented mood.

3.2. Neural data: univariate analysis

For the analysis of neural responses we only included blocks with a
sufficient performance rate of accuracy of 75% or 100% corresponding to
3 or 4 correct responses out of 4 required responses. We studied the main
effects of MOVEMENT (MOVEMENT > MOOD; Fig. 2a; Table 2) and
MOOD (MOOD > MOVEMENT; Fig. 2b; Table 2) that survived the sta-
tistical threshold of p = 0.05, familywise error-corrected (FWE) and the
cluster threshold of more than 20 continuous voxels.

For the main effect of MOVEMENT, we found increased neural ac-
tivity in the superior frontal gyrus (SFG), the left and right dorsal pre-
motor cortex (dAPMC) extending to the superior frontal gyrus (SFG), the
anterior part of the left supramarginal gyrus, the inferior parietal lobule
(aIPL), bilateral superior parietal lobule with the anterior part of the left
and right intraparietal sulcus (aIPS), the left middle temporal gyrus
including the left-sided, posterior part of the superior temporal sulcus
(pSTS). Detailed localisations are depicted in Fig. 2a and provided in
Table 2.

The main effect of MOOD showed increased activation in the dorsal
part of the bilateral medial prefrontal cortex (dmPFC), the SFG bilater-
ally, the right superior medial gyrus, left orbitofrontal cortex including
the anterior part of the inferior frontal gyrus (alFG), the left medial
temporal pole including the anterior part of the superior temporal sulcus
(aSTS) and left angular gyrus, which is also included in the temporo-
parietal junction (TPJ). Detailed localisations are depicted in Fig. 2a
and provided in Table 2.

3.3. Neural data: multivariate analysis based on the social brain atlas

In the multivariate data-analysis setting, the statistical analysis
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Fig. 2a. Univariate Analysis: Movement vs Mood.

Brain regions that were recruited during the detection of the correct movement,
comprising the left and right dorsal premotor cortex (dPMC), the anterior part of
the left supramarginal gyrus (SMG), the inferior parietal lobule (aIPL), bilateral
superior parietal lobule with the anterior part of the left and right intraparietal
sulcus (aIPS), the left middle temporal gyrus (MTG) including the left-sided,
posterior part of the STS (pSTS) (Siemens 3T, SPM12, block design, n =32,
random effect, threshold p = 0.05, FWE corr.).

considered only information locally from the predefined social brain
atlas. The pattern-learning algorithm could reliably distinguish the two
different experimental conditions of our study, namely MOVEMENT and
MOOD, based on neural activity in the 36 target regions of the social
brain atlas with an overall accuracy of 65.22% =+ 3.30% (chance level
50%). Such prediction performance is quite reasonable given that the
here probed cognitive classes are higher cognitive functions that tend to
be more challenging to capture by predictive algorithms (Haynes, 2015;
Horoufchin et al., 2018; Saygin et al., 2011). This is the classification
performance that we would expect in new participants undergoing the
study who were not part of the current data sample. The classification
approach i) demonstrates that the social brain regions are contributing
with different degrees to the networks recruited during processing of the
two different conditions of MOVEMENT and MOOD, and ii) allows for

Table 2
Main effects for MOVEMENT and MOOD.
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Fig. 2b. Univariate Analysis: Mood vs Movement.

Brain regions that were recruited during the evaluation of the correct mood,
comprising the dorsal part of the bilateral medial prefrontal cortex (dPFC), the
superior frontal gyrus (SFG) bilaterally, the right superior medial gyrus, left
orbitofrontal cortex (OFC) including the anterior part of the inferior frontal
gyrus, the left medial temporal pole including the anterior part of the superior
temporal sulcus (aSTS) and left angular gyrus (AG), which is also included in the
temporo-parietal junction (Siemens 3T, SPM12, block design, n = 32, random
effect, threshold p = 0.05, FWE corr.).

insight into which nodes of the social brain are most informative for the
distinction of both conditions. In particular, the rostral anterior cingulate
cortex, left MT+/V5, and posterior cingulate cortex were most infor-
mative for the recognition of the MOVEMENT condition. In contrast, the
recruitment of the dorsomedial prefrontal cortex, left inferior frontal
gyrus, and left temporal pole are most informative for the identification
of the MOOD condition. It is noteworthy that the bilateral amygdala, the
anterior and posterior mid to cingulate cortex as well as the pSTS on the
left side were among the least task-predictive regions. Such findings,
however, do not exclude significant task-contrast effects.

4. Discussion

We aimed to show that the processing of human motor behavior re-
cruits distinct neural systems depending on the instruction. We hypoth-
esized that the detection of movement or functional classification of
motor behavior would recruit key regions of MNS, while the evaluation

Contrast Region Label Cluster Size t-Value MNI Coordinates
X y z

Movement > Mood Superior Frontal Gyrus 303 9,35 -20 0 56
Supramarginal Gyrus 680 8,11 —44 —32 42
alPL left 7,00 —64 —22 30
Superior Parietal Lobule 846 7,71 -18 -60 58
alPs left 7,52 -32 -72 22
Middle Temporal Gyrus 318 7,65 -50 -60 -4
Superior Parietal Lobule 65 6,84 16 —-62 52
alPS right 76 6,61 38 -72 26
Superior Frontal Gyrus 58 6,41 22 6 60

Mood > Movement Superior Frontal Gyrus 1878 10,20 —14 52 34
mPFC left 8,00 -6 32 58
mPFC right 7,66 16 56 38
Frontal Orbital Cortex 215 7,54 —50 30 -10
Medial Temporal Pole 93 6,68 -50 10 -26
Angular Gyrus 101 6,57 —54 -60 34

Peak activations observed in whole-brain analysis for the contrasts MOVEMENT (MOVEMENT > MOOD) and MOOD (MOOD > MOVEMENT). All activations reached a
significance threshold of p < 0.05 (FWE). Coordinates x, y, z refer to Montreal Neurological Institute (MNI) coordinates in the left-right, anterior-posterior, and inferior-
superior dimension respectively, t-value refers to the t-score at those coordinates (local maxima).
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of mood or the inference of moods inscribed to the performed movements
would predominantly recruit MENT (Vogeley, 2017). To this end, we
introduced a novel paradigm, which allows to direcly compare neural
activity under different task affordances with exactly the same stimuli.
Beyond that we used a multivariate analysis based on the social brain
atlas that examines the degree to which the predefined brain regions can
predict activation associated with both tasks. Results of both analytical
strategies, namely standard univariate analysis of the group of partici-
pants and the social brain atlas approach, show a substantial conver-
gence. Our initial hypothesis about the different functional roles of MNS
(physical detection of movement) and MENT (evaluation of moods) was
confirmed. By showing that both types of information are inscribed in
human movements and that they can elicit the recruitment of the
fundamentally distinct neural systems this study goes substantially
beyond the current state of knowledge in social neuroscience.

4.1. Converging evidence for the neural basis of detection and evaluation

To contribute to a more complete understanding of the functional
roles of MNS and MENT in the domain of social neuroscience, we have
made use of a newly developed paradigm in which we use a homoge-
neous and psychophysically well characterized stimulus set that provides
a window into jointly addressing two different cognitive processes. This
is to the best of our knowledge the first study that provides clear evidence
for differential neural activation in both systems depending on the task.
To further substantiate our findings in the social brain, we directly
compared univariate and multivariate approaches. As key results, the
dPMC and the inferior parietal lobe (IPL) were identified as contributing
to the movement task and, hence, the MNS in both analytical approaches.
The ventral part of the mPFC and the posterior part of the cingulate
cortex (PCC) were apparent as combined with the other discriminatory
atlas regions to allow task detection in the multivariate approach probing
relevant combinations of social brain regions, but were not found to be
statistically significant in the univariate region-by-region approach when
studying the movement task (cf. this review (Bzdok, 2017)). In contrast,
the dorsal part of the mPFC, the IFG, the left temporal pole and the
bilateral TPJ were identified by both approaches during the mood
evaluation task, whereas the PCC was only identified when seeking re-
gion combinations to discriminate the experimental conditions in the
multivariate approach, but was not evaluted to be statistically significant
at the employed threshold in the univariate approach during mood
evaluation. It is interesting to note that the amygdala bilaterally, the
middle part of the cingulate gyrus and the left pSTS do not contribute in
any way to the differentiation of both functional systems suggesting a
similar contribution to both tasks (Fig. 2a and b; Fig. 3a). The relative
contribution of social brain key nodes is provided in Fig. 3b.

As key result, we observe a substantial convergence when we
compare task-responsive brain regions in the univariate and multivariate
approaches. The corresponding results of both methods essentially
corroborate the existence of two different functional systems that can be
robustly elicited by the two different tasks of movement detection and
mood evaluation. The traditional imaging neuroscience approach to
generate rigorous conclusions from experimental data is based on clas-
sical statistical inference, which is typically used in neuroimaging to
explore the whole brain and evaluate groups of persons, cognitive con-
trasts are calculated by separate GLM models for each individual voxel in
the brain, finally significant differences between the calculated co-
efficients for each task condition (Friston et al., 1994). In contrast,
out-of-sample pattern generalization can profit from starting with ROIs
that provide direct neurobiological meanginful observation units and
guide extraction of multivariate patterns of neural activity changes. In so
doing, the statistical learning methodology does not only estimate model
coefficients to brain activity of a given sample of participants but aims to
decode cognitive processes from neural activity signals in individuals
that would be observed in the future. This is done by training
pattern-learning algorithms on the large basis of the social brain atlas on

Neurolmage 202 (2019) 116102

Fig. 3a. Multivariate analysis.

Identification of relevant nodes of the social brain atlas and their contribution to
the two different tasks (detection of movement, recruiting MNS, blue; evaluation
of mood, recruiting MENT, red; size of the spheres corresponds to the strength of
their contribution to the network). Results show a substantial overlap with
univariate analyses (Fig. 2a and b) but also marked differences.

the foundation of which the predictive performance is evaluated in an
independent part of functional neuroimaging data of this particular study
(Bzdok, 2017). Our multivariate predictive patterns that held up
out-of-sample based approach learned task-distinctive activation patterns
based on combinations of neural activity changes in the nodes of the social
brain for decoding the cognitive processes from fMRI signals (Bzdok,
2017). As a result, both approaches, univariate statistical inference and
multivariate out-of-sample pattern generation, contribute in a comple-
mentary manner to the goal of our study.

4.2. Detection of movements (“what?”) recruits the mirror neuron system

Converging evidence in both types of analyses is demonstrated for the
dPMC and the IPL during the movement task (Figs. 2a and 3a). These
three regions are involved in motor planning, including both premotor
and primary motor cortex (Grezes, 1998; Hamilton et al., 2006; Raos
et al., 2004; Santi et al., 2003). The recruitment of MNS during the
perceptual processing of actions in movements confirms previous studies
focusing on action observation (Spunt et al., 2010, 2011; Spunt and
Lieberman, 2013). The detected so-called action observation network
shows a high overlap with MNS in general (Georgescu et al., 2014).

The visual input during the observation of actions is presumably
processed in the PMC and compared to one’s own repertoire of motor
programs, subsequently, in case of a match, the actions’ goal is identified
(Desmurget et al., 2009; Iacoboni et al., 2005; Lau et al., 2004; Rizzolatti
et al.,, 2001). Functionally closely linked to PMC and also aIPS is the
superior temporal sulcus (STS) that is responsive to facial motion, hand
actions, and body movements (Allison et al., 2000; Nishitani and Hari,
2002). The pSTS is involved in the identification of biological motion and
intentionality, whereas its more anterior part is responsible for identi-
fying motion in general (Allison et al., 2000). These two regions of the
PMC and pSTS were also recruited when experienced dancers were
watching other dancers (Calvo-Merino et al., 2005) indicating that fa-
miliarity of the observed action plays an important role. Functional
knowledge of a tool, like household aids in our study, provoke action
knowledge which activates the IPS, IPL and dPMC (Canessa et al., 2008;
Kellenbach et al., 2003). Finally, from a clinical perspective, a lesion of
the IPL often leads to apraxia that includes the impairment in the proper
usage of objects (Binder et al., 2017; Rothi and Heilman, 1997).
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social brain atlas

Fig. 3b. Relative contribution of social brain key nodes to the tasks and systems.

All 36 brain regions of the social brain atlas (x-axis) are ordered along their relative weight or contribution to the performance of the two tasks (detection of
movement, recruiting MNS, blue; evaluation of mood, recruiting MENT, red). Analogous to linear regression analysis, the relevance of each social brain region was
assigned a negative (blue) or positive (red) weight. The overall 'decision' of whether a given brain scan belongs to a given experimental condition was derived from the
weighted sum of the 36 social brain nodes. As such, each of these 36 relative region contributions can be interpreted as pulling the decision towards one or the other
condition, holding the remaining 35 region contributions constant. Whereas the dmPFC contributes most substantially to the performance of the mood evaluation task,
the right ACC contributes most to the performance of the movement detection task; some regions including the amygdala bilaterally are uninformative with respect to

the differentiation of both tasks and systems, respectively.
4.3. Evaluation of moods (“how?”) recruits the mentalizing system

In contrast, the dorsal part of the mPFC, the IFG, the temporal pole on
the left side and the TPJ were identified by both approaches during the
mood evaluation task. This subset of regions corresponds to MENT
(Decety and Lamm, 2007; Desmurget and Sirigu, 2009; Frith and Frith,
2003) (Fig. 2b; Fig. 3a). The purpose of MENT is to contribute to the
proper understanding, explanation or prediction of the behavioral
agenda of others on the basis of their goals and inner mental states (de
Lange et al., 2008; Grezes et al., 2004; Spunt et al., 2011, 2010; Spunt and
Lieberman, 2012b). This confirms previous studies providing evidence
for the contributions of the mPFC, the TPJ, the posterior cingulate cor-
tex/precuneus (PC), the IFG, and both the anterior as well as the poste-
rior part of the STS (aSTS, pSTS) (Amodio and Frith, 2006; Frith and
Frith, 2003; Gallagher et al., 2000; Mitchell, 2006; Saxe, 2006; Vogeley
et al., 2001).

Especially the mPFC has been reported to be involved in the detection
of emotions (Etkin et al., 2011) and processing of emotional mentalizing
tasks (Krause et al., 2012). It is also active in the empathic concern of
other person’s affective state (Shamay-Tsoory and Aharon-Peretz, 2007;
Vollm et al., 2006) and in reflective reasoning about actions and judg-
ments including goals and intentions (de Lange et al., 2008; Van der
Cruyssen et al., 2009). Meta-analytical approaches have shown that the
dorsal part of the mPFC (dmPFC) was selectively associated with
perspective-taking and episodic memory retrieval which is intimately
related to the task of our study when a judgment of the presented mood
was required. This can be wunderstood as “top—-down-driven,

probabilistic-scene-informed, and metacognition-related processing in
social cognition” based on functional connections with the inferior
frontal gyrus, the temporo-parietal junction, and the middle temporal
gyrus (Bzdok et al., 2013a,b). Similarly, the middle zone of the mPFC was
found to be associated with cognitive control, pain, and affect processing
(de la Vega et al., 2016). Also the IFG was reported consistently associ-
ated with social cognition including processes that underpin emotional
contagion and emotion recognition (Nummenmaa et al., 2008; Schurz
et al., 2014).

Further corroborated is this interpretation by the involvement of both
mPFC and IFG in emotional contagion and emotion recognition: Jabbi
et al., (2007) have reported that observing facial expressions activated
parts of the IFG. In addition, in the cited study, participants’ empathic
performance scores were predictive of their IFG activation while wit-
nessing facial expressions. As already stated above, discussing the cor-
relates of movement detection, the pSTS is involved in the identification
of biological motion, social cues and the underlying intentionality
(Allison et al., 2000; Frith and Frith, 1999; Morris et al., 2005) and,
hence, the social significance of actions (Iacoboni et al., 2004). Via
functional connections with the amygdala (Adolphs, 1999), one could
assume that STS activation is modulated by the emotional cues of an
action (LaBar et al., 2003). The activation of the aSTS is in line with other
studies investigating mentalizing (Brunet et al., 2000; Castelli et al.,
2000; Gallagher et al., 2000). Especially the pSTS can not be clearly
distinguished from the TPJ that is assumed to play a fundamental role
during processing of goals and intentions (Saxe and Powell, 2006). An
interesting speculation was proposed by Van Overwalle (Van Overwalle,
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2009), namely that the TPJ is mainly responsible for transient mental
inferences about people such as their goals, desires and beliefs, whereas
the mPFC subserves the attribution of more general traits and qualities
about the self and other people. He also suggests that the TPJ could be a
core hub mediating the dynamic link between MNS and MENT due to its
selective involvement in goal inferences and the connection to the aIPS, a
key region in the MNS (Bzdok et al., 2013a; Mars et al., 2012). Our re-
sults, however, go substantially beyond these studies as they show that
both types of informations that are relevant for the interpretation of
movements and the inner experience of the agent inscribed to the
movement are ready for readout.

4.4. Two complementary social networks

Based on our own data we propose the complementarity of both
networks in social information processing according to which the MNS
serves the “detection” of spatial or bodily signals such as movements,
whereas MENT is recruited during the “evaluation” of inner experiences
of others such as moods (Vogeley, 2017). This interpretation is in good
concordance with a series of studies that focused on both systems in a
comparable fashion. In two studies addressing animacy it was shown that
inaminate objects appearing as “physical” were associated with MNS
activity as opposed to animate, self-propelled objects appearing as
“personal” revealed MENT activation (Wheatley et al., 2007; Santos
etal., 2010). Key regions of MENT were also activated if the motivational
states “behind” or inscribed in movements (“why”") were to be evaluated
as opposed to the judgement of movement kinematics (“how”; Spunt
et al,, 2011, 2010; Spunt and Lieberman, 2012a). The fundamental
neurobiological distinction between both systems has also been corrob-
orated meta-analytically on the basis of hierarchical cluster analysis
based on connecitivity patterns of 36 key regions underlying social
cognition (Alcala-Lopez et al., 2017).

This complementary relation of both systems that appear to interact
with each other during the processing of socially relevant information
argues explicitly against the speculation that the MNS is responsible -
besides the undisputable involvement in action execution and action
observation - not only for action understanding (Rizzolatti et al., 2001;
Rizzolatti and Sinigaglia, 2010), but also for the interpretation of emo-
tions and empathy (Gallese and Goldman, 1998; Gallese et al., 2004). A
few authors have claimed that the MNS also contributes to the high-level
process of “action understanding”, an automatic, pre-reflexive, non--
inferential process of the premotor cortex during the observation of
movements, also referred to as “resonance” (Rizzolatti et al., 2001),
“direct matching” (Rizzolatti and Sinigaglia, 2010) or “simulation”
(Gallese and Goldman, 1998; Gallese et al., 2004). However, a number of
critical objections can be raised against this view that the high-level
process of action understanding is constituted by the low-level process
of matching action observation and action execution (Hickok, 2009,
2014; Caramazza et al., 2014).

With respect to the role of MNS in action understanding, the activity
of mirror neurons being sensitive to the visual presentation of different
kinds of actions (e.g. Umilta et al., 2001; Fogassi et al., 2005) is relevant.
Here it has been argued that an alternative explanation is possible ac-
cording to which the necessary action categorizations required for action
understanding are generated in other brain regions and that these
non-motor representations of the different actions are only retrieved by
mirror neurons. We found in our study IPL activation which could also be
interpreted as component of the dorsal visual stream, that is held
responsible for sensorimotor transformations for visually guided actions
towards objects (Goodale and Milner, 1992). In further support of this
view, studies on the human MNS demonstrated that the processing of
action representations is not restricted to early motor areas (Caramazza
et al., 2014). In other words, the nature of the link between sensory and
motor information is unclear. This becomes even more obvious when
mirror neurons respond to comparably poor sensory data, e.g. acoustic
(e.g. cracking a peanut) instead of visual cues (Kohler et al., 2002). Such
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an acoustic cue does not allow a direct error-free association of a
movement in the sense of “direct matching” (Rizzolatti and Sinigaglia,
2010) but appears to require a more complex categorization elsewhere in
the brain before this association can be retrieved by the MNS (Caramazza
et al., 2014).

Another objective is that action execution is not necessary for action
understanding, “the ability to understand actions does not require the
ability to execute them” (Hickok, 2014, p. 48) as in the cases of limb
apraxia or Moebius syndrome. Action understanding and action execu-
tion dissociate in humans, individuals with upper limb dysplasia were
shown to be able to “perceive, anticipate, predict, comprehend and
memorize” actions of the upper limb actions which they were physically
not able not simulate (Vannuscorps and Caramazza, 2016).

The ascription of a role in the processing of emotions and mind-
reading to the MNS (Gallese and Goldman, 1998; Gallese et al., 2004)
appears to be clearly over-emphasized, it was argued that the activity of
mirror neurons represent “a primitive version, or possibly a precursor in
phylogeny, of a simulation heuristic that might underlie mind-reading”
(Gallese and Goldman, 1998, p. 498) or that allow “the experiential
understanding of the emotions of others.” (Gallese et al., 2004, p. 396).
Our data can be read as arguing against this strong position as we can
show that MNS is not recruited during the ascription of internal states to
others, even if they are inscribed to movements and can not be identified
other than by inferring them from the movement of the observed persons.
The presentation of the stimuli did not provide any kind of information
that could have supported any kind of attribution of mental states based
on previous knowledge of the observed person, the context or any other
information not inscribed in the movement. In other words, our data
clearly provide evidence against the strong claim that the MNS provides
“a neurophysiological account of the experiential dimension of both ac-
tion and emotion understanding” (Gallese et al., 2004, p. 396).”

4.5. Limitations

As we present an fMRI experiment, we can only study relative dif-
ferences in activity of the two systems. In particular, it is possible that in
the mood evaluation condition also MNS was recruited in a less pro-
nounced way. In addition, we have to emphasize that moods can never be
ultimately confirmed and need to be inferred by the individual based on
tentative evidence, such as any mental stance of other individuals. Re-
sults of the behavioral data show that the accuracy of the emotion
perception was significantly lower than for the action perception. This
difference could lead to altered neural activation in the brain due to
higher cognitive load. However, it is important to note that the mood
evaluation was more difficult to assign to the stimuli for the population
participating in the fMRI study, so at least we can state that the corre-
sponding neural results are not confounded by resting state-like mind-
wandering or daydreaming (Smallwood and Schooler, 2006).

5. Conclusion

In this fMRI study, we provide an explicit demonstration that move-
ment detection and mood evaluation are statistically distinguishable in
their recruitment of MNS and MENT as two fundamentally distinct sys-
tems of the complex construct of the social brain. This conclusion could
only be drawn on the basis of an experimental setup like this in which
exactly the same stimulus material was used during two different
mindsets: This clearly shows that the mood-related information is already
present in the way how we perform a movement in addition to the in-
formation what movement is performed. Notably, both experimental
tasks and task-responsive cohesive brain systems respectively, could be
complementarily identified by the univariate as well as the multivariate
approaches undertaken. This successful localization for the first time
provides an experimental vehicle to rigorously study the interaction of
both systems in the near future. It is, for instance, of foremost interest to
better understand which kind of stimuli or which parameter stimulate the
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MNS and which elicit activation in MENT. Related to this is the need to
better understand both systems on a much more detailed time scale, e.g.
employing technologies with high temporal resolution like magnetoen-
cephalography (MEG). Furthermore, this study design is also well suited
to explore the differential contributions of both systems to different
psychopathologies. For instance, it is well known that persons with
autistic traits show impairments in the identification of emotions.
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