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A B S T R A C T

Valence is a dimension of emotion and can be either positive, negative, or neutral. Valences can be expressed
through the visual and auditory modalities, and the valences of each modality can be conveyed by different types
of stimuli (face, body, voice or music). This study focused on the modality-general representations of valences,
that is, valence information can be shared across not only visual and auditory modalities but also different types of
stimuli within each modality. Functional magnetic resonance imaging (fMRI) data were collected when subjects
made affective judgment on silent videos (face and body) and audio clips (voice and music). The searchlight
analysis helped to locate four areas that might be sensitive to the representations of modality-general valences,
including the bilateral postcentral gyrus, left middle temporal gyrus (MTG) and right middle frontal gyrus (MFG).
Further cross-modal classification based on multivoxel pattern analysis (MVPA) was performed as a validation
analysis, which suggested that only the left postcentral gyrus could successfully distinguish three valences
(positive versus negative and versus neutral: PvsNvs0) across different types of stimuli (face, body, voice or
music), and the classification was also successful in left MTG across the stimuli types of face and body. The
univariate analysis further found the valence-specific activation differences across stimulus types in MTG. Our
study showed that the left postcentral gyrus was informative to valence representations, and extended the
research about valence representation that the modality-general representation of valences across not only visual
and auditory modalities but also different types of stimuli within each modality.
1. Introduction

Emotional communication with others plays an important role in
social interaction. In particular, emotional expressions can provide key
information about the emotional state of the presenter or the surrounding
environment. Therefore, these signals can help guide our behavior and
even have survival value in some cases. Affective information can be
transmitted through different modalities and channels, such as vocal
intonations, facial expressions or body movements. In addition, music is
also a powerful means of expressing emotions and there were brain re-
gions characterizing the emotions of music (Koelsch et al., 2006).
Although the affective information can be expressed in different mo-
dalities, these signals can similarly lead to the recognition of emotional
states. Therefore, affective information might be coded strictly across
different modalities, which we call the modality-general representations
of emotions.
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In addition to studies on categorical emotions, the dimensional
methods of emotion can provide different interpretations of affective
processing. The categorical method emphasizes different neural circuits
for specific emotions (e.g. disgust, sadness, and happiness), while the
dimensional method advocates the neural representation of potential
dimensions including valence, arousal and other higher-level dimensions
(Barrett and Russell, 2014; Fontaine et al., 2007). Recent studies using
functional magnetic resonance imaging (fMRI) to examine the neural
representation of categorical emotions caused by multiple stimulus types
have provided evidence for modality-general processing (Kim et al.,
2015; Peelen et al., 2010). Peelen et al. (2010) found that five emotions
(disgust, anger, fear, sadness, and happiness) can be represented across
three emotional stimuli (face, body, and voice), which provided evidence
of modality-general representations of emotions. They found that the
common affective processing of the brain is located in the medial pre-
frontal cortex (mPFC) and the left superior sulcus (STS). In addition, the
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modality-general representations were shown to be induced by the
memory of emotional events (Kim et al., 2015). Some studies using
multivoxel pattern analysis (MVPA) also found modality-general repre-
sentations of basic emotions (Kassam et al., 2013; Klasen et al., 2011;
Kragel and LaBar, 2015; Saarimaki et al., 2016). A study also found that
there is a significant cross-modal adaptation of effect between voice and
face stimuli, which supports the representations of modality-general
emotions (Watson et al., 2014). Our latest research has found that
emotions can be represented in left postcentral gyrus independent from
different stimulus types in the visual modality (face, body, and
whole-person) (Cao et al., 2018).

Previous studies mostly focus on the specific emotions, and only
recently few studies began to focus on the valence of affects (positive,
negative and neutral) represented across different modalities. Chikazoe
et al. and Kim et al. (Chikazoe et al., 2014; Kim et al., 2017) have found a
general representation of the valence across modalities. Chikazoe et al.
presented gustatory stimuli and pictures to participants and found
modality-general representations in the lateral and medial frontal cortex.
Kim et al. conducted a neuroimaging study to examine valence encoding
across visual and auditory modalities using music clips and silent videos
and found the common neural representations of valence. Shinkareva
et al. conducted a neuroimaging study that examined valence processing
across modalities using visual images and auditory sounds, both of which
can elicit emotional responses (Shinkareva et al., 2014). However, the
results provided evidence supporting modality-specific valence repre-
sentations but not modality-general representations. Kim et al. conducted
a searchlight analysis of audio-visual emotional stimuli with different
valence and arousal (Kim et al., 2016). This study located five brain re-
gions that represent valence: the right posterior cingulate cortex, the left
mPFC, the left superior/middle temporal gyrus, the MFG, and the thal-
amus. However, it is limited to the use of audiovisual stimuli in the
natural situation. It is not clear whether the abstract representation of
emotional valence is independent of all single modal (visual or auditory)
stimuli.

Above all, the study about the characteristics of modality-general
representations of emotional valence deserves more attention. In addi-
tion, it is still unclear whether the representation of valence could be
shared across not only visual and auditory modalities but also different
types of stimuli within each modality. The current study investigated the
potential role of different stimulus types in the modality-general repre-
sentation of valence by including two different stimulus types in each
modality (visual or auditory modality). The visual stimuli contained
emotional face and body, and the auditory stimuli contained affective
voice and music. The main purpose of our research is to use fMRI to
provide additional evidence for the general encoding of valence
expressed through different types of stimuli within visual and auditory
modalities.

In the present work, we studied the valence representations across
stimulus types (face, body, voice, andmusic), respectively from the visual
and auditory modalities. fMRI data were acquired when thirty-one par-
ticipants made valence judgment on the stimuli. We first used searchlight
analysis (Kriegeskorte et al., 2006) to locate brain regions showing
modality-general valences regardless of different modalities (visual and
auditory) and different stimulus types within each modality. Then, we
performed cross-modal classification and univariate analysis as addi-
tional validations. In the cross-modal classification of valence, the clas-
sifier was trained from data of three modalities (e.g. body or voice or
music) and then was used to predict valence categories of data from the
remaining modality (e.g. face). The classification tested whether the
valences can be successfully distinguished across different modalities and
stimulus types in the clusters located by searchlight analysis. Finally, a
further univariate analysis was performed to explore the differences
between the average activation of different conditions in the regions
where valences can be classified successfully. The results showed the
modality-general representations of valence in the left postcentral gyrus.
2

2. Materials and methods

2.1. Participants

Thirty-one healthy volunteers participated in this study. All subjects
were right-handed without any hearing impairment, and with normal or
corrected-to-normal vision, and all of them had no history of neurological
or psychiatric illness. Five subjects were excluded due to larger head
movements, and the data of twenty-six subjects were eventually included
for further analysis (fourteen females, average age 21.8� 1.8 years,
range from 19 to 26 years old). This study was approved by the Institu-
tional Review Board of BinzhouMedical University and written informed
consent was obtained from all subjects before the experiments. Another
group of adult volunteers (n¼ 18) participated in the preliminary
behavioral experiments to select the most effective stimuli in terms of
valence and arousal.
2.2. Experiment stimuli

Silent video clips of emotional body expressions and face expressions
and the emotional voice stimuli were chosen from the Geneva Multi-
modal Emotion Portrayals (GEMEP) corpus (Banziger et al., 2012). The
videos were cropped by removing and masking irrelevant aspects such
that non-facial body parts or facial features were not visible in video clips
of face or body. The silent video clips and voices expressed three different
valences (negative, neutral, and positive) as the previous studies (Kim
et al., 2016, 2017). In addition, the positive and negative valences
included both high and low arousal degrees in our study. Four actors (2
male) expressed each valence category. We checked the quantitative
difference in the amount of movement in the face and body videos, and
the processing method of the face and body clips was the same as that in
our previous research (Cao et al., 2018). For details of the processing
operations, please refer to our previous paper, it would not be elaborated
in this paper. One-way ANOVA showed that there was no significant
difference in the movement estimation of different valences (F¼ 1.08,
p¼ 0.35). The emotional music stimuli were selected from the music set
which was created and validated by Eerola et al. (Eerola and Vuoskoski,
2010) and used in Kim et al. (2017). All videos, voices as well as music
clips were clipped or combined to exactly 2s by editing longer or shorter
clips separately. The representative stimuli in visual modality were pre-
sented in Fig. 1A.

Prior to the current study, another group of volunteers (9 female,
mean age: 22.3 years; 9 males, mean age: 21.9 years) performed a
separate behavioral norming experiment. These subjects did not have
any known difficulties when performing emotional recognition. They
were asked to classify the emotional stimuli with three labels (positive,
negative, and neutral) and rate the emotional arousal for the positive and
negative stimuli according to a 9-point scale (1 lowest arousal, 9 highest
arousal). In order to ensure there is a significant difference between low–
arousal and high-arousal stimuli. We selected stimuli with scores less
than 4 and scores greater than 6.5 points in the arousal dimension. At
last, the stimuli used in our experiment consisted of a total of 40 video
clips and 40 audio clips (5 emotion conditions� 4 stimulus types� 4
exemplars per condition). The five emotion conditions include low-
arousal positive valence, high-arousal positive valence, neutral valence,
low-arousal negative valence, and high-arousal negative valence. In the
stimulus materials, positive emotion included happiness and the negative
emotion include anger and fear. In the current study, the stimuli were
collapsed across arousal levels and this dimension would not be consid-
ered in the current manuscript. Therefore, both the high and low arousal
blocks were used as a whole according to the valence (positive or
negative). All in all, in the current study there are 12 stimuli conditions (3
valences� 4 stimulus types). All videos, voices, and music clips were
selected to effectively express three valence categories, and all expres-
sions were well-recognized (accuracy> 83%).



Fig. 1. The representative stimuli in the visual modality and paradigm of
the experiment. (A) Two types of stimuli in the visual modality (face and body)
expressing three valence categories (positive, negative and neutral) were used in
the experiment. (B–C) A brief overview of the presentation timing of the valence
recognition task. The subjects performed five runs with a fixed baseline period
of 10 s at the beginning and end of each run. In each run, there are 24 pseudo-
randomly blocks with a fixed interval of 8s between the blocks. Each block
contains 8 trials, which presents visual stimuli (face or body) or auditory stimuli
(voice or music) of the same valence category (positive or negative or neutral).
Each stimulus is presented for 2 s in each trial, then a 0.5s interval. Then at the
end of each block, subjects were asked to make choices among the three va-
lences within 2 s, while ignoring the stimulus types that exhibited the valence.
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2.3. Procedure

The fMRI procedure consists of five runs. Since the positive and
negative valences include both high and low arousal degrees, the blocks
of the neutral stimuli are repeated twice to ensure that the data amounts
3

of the three valence categories are equal in each run. Therefore there are
24 pseudo-randomly blocks (2 valences � 2 arousal degrees � 4 stimuli
categories þ neutral valence � 4 stimuli categories � repeat 2 times)
with a fixed interval of 8s between the blocks. Each block contains 8
trials, which presented stimuli from the same stimulus type (face or body
or voice or music) and the same valence (positive or negative or neutral).
Each stimulus is presented for 2 s with a 0.5s inter-stimulus interval. At
the end of each block, subjects were asked to recognize the emotion
valence shown in the stimuli within 2s. As noted, stimuli might inevitably
involve memory or other emotion-independent cognitive domains
driving the similarities in activation maps, which is a limitation in the
experiments about advanced cognition. Participants were instructed to
focus on the valence of stimuli and the valence judgment task also helped
participants maintain attention which helped us minimize the impact as
much as possible. Fig. 1B is a schematic diagram of the visual block and
Fig. 1C is a schematic diagram of the auditory block.

2.4. Data acquisition

Earplugs and foam pads were used to reduce the scanner noise and
head movement. First we used the echo planar image sequence (EPI) to
obtain the T2 *weighted images (TR ¼ 2000 ms, TE ¼ 30 ms, voxel size
¼ 3.1 � 3.1 � 4.0 mm3, matrix size¼ 64� 64, slices¼ 33, slices thick-
ness¼ 4mm, slices gap¼ 0.6mm, FA¼ 90�) for each subject. We then
acquired the high-resolution anatomical localization images using a
three-dimensional magnetization-prepared rapid-acquisition gradient
echo sequence (TR¼ 1900ms, TI¼ 1100ms, TE¼ 2.52ms, matrix
size¼ 256� 256, voxel size¼ 1� 1� 1mm3, FA¼ 90�) at the end of
each scan. The stimuli were displayed to participants by the VisuaStim
digital (Resonance Technology Company, Inc.), which is equipped with a
corresponding headset and glasses. The sound stimuli were displayed by
electrostatic headphones and the visual stimuli were presented through
high-resolution stereo 3D glasses.

2.5. Data analysis

2.5.1. Behavioral measures
The classification accuracy and response time of three valences in

four stimulus types were recorded for each participant. Then the SPSS 18
software was used to perform the repeated measures ANOVA for the
response time with the factors of valence (positive, negative, and neutral)
and stimulus types (face, body, voice, and music) to test the interactions
and main effects. In addition, we performed the follow-up tests for the
significant interaction effect to test all stimulus types against each other
within a specific valence or the all valences against each other within a
specific modality by separate ANOVA.

2.5.2. Data preprocessing
We used the SPM8 software package (http://www.fil.ion.ucl.ac.uk

/spm/software/spm8/) which integrated into Matlab software (The
Math Works) to preprocess and analyze the functional images. First, we
discarded the volumes collected in the first 10s for each run to allow for
the equilibration effects. Then the remaining data of each run were slice-
timing corrected to the middle slice and realigned to the first image for
head-movement correction. Subsequently, the high-resolution T1-
weighted images were co-registered to the mean functional images and
were segmented into the gray matter, white matter and cerebrospinal
fluid (CSF) for normalization. Then the generated parameters were used
to spatially normalize the functional images into the Montreal Neuro-
logical Institute (MNI) space and were resampled to 3� 3� 3mm3.
Finally, the functional data in the five runs were smoothed with a 4-mm
full-width half-maximum (FWHM) Gaussian kernel (Liang et al., 2018;
Zhang et al., 2016). The fMRI data were further analyzed using the
general linear model (GLM) to construct the regressors for each 12
experimental condition (positive face, negative face, neutral face, posi-
tive body, negative body, neutral body, positive voice, negative voice and
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neutral voice, positive music, negative music, neutral music). In each of
the contrast, one of the 12 stimulus conditions was set as 1 and others
were set as 0, therefore we extracted the neural activity of the current
condition, as shown in Fig. 2A. The regression models were estimated for
different conditions. We applied topographical FDR correction with the
threshold of q¼ 0.05 based on an uncorrected voxel-wise threshold of
p¼ 0.001 in SPM8. All the above data preprocessing was conducted on
each subject.

2.5.3. Searchlight analysis
To localize regions that may respond to valences across stimuli types

(body or face or voice or music), searchlight analysis was performed
(Kriegeskorte et al., 2006). First, the neural activity has been extracted
for each of the 12 stimulus conditions (3 valences� 4 stimulus types) as
shown in the section of data preprocessing. Then, a sphere of 6mm radius
centered on each voxel was defined and the activities of the neighboring
voxels within the radius were considered as a whole, which was used in
the next searchlight processing. As illustrated in Fig. 2B, pair-wise cor-
relations were then computed between any two different activity patterns
in the 12 stimulus conditions using the correlation distance (Pearson
correlation), resulting in a symmetrical 12� 12 correlationmatrix for the
sphere of 6mm radius, which was considered as the result of the voxel at
the center. Therefore, we can get a 12x12 matrix of correlations for the
voxel. Then this procedure was repeated at each voxel across the whole
brain so that we obtained 12x12 matrix of correlations for each voxel.
4

This matrix composed of five parts: within-face, within-body,
within-voice, within-music, and between-modality correlation co-
efficients. Peelen et al. (2010) had used a similar technique successfully
in their searchlight analysis and indicated that the representations of
modality-general emotions can be diagnosed by between-modality cor-
relation coefficients. We focused on the correlation of between-modality,
here we meant six pairs: face-music, face-body, face-voice, music-voice,
music-body, body-voice. First, we calculated the correlation coefficients
of within-valence, which means the pair is from the same valence, for
example, the neural face and neural voice, positive face and positive
voice, negative face and negative voice, the same is in the rest five pairs
(face-music, face-body, music-voice, music-body, body-voice). Then, we
also calculated the correlation coefficients of between-valence, means
the correlation between four stimulus types in different valence, for
example, positive face versus negative body, neutral body versus positive
voice. The related definition referred the work of Kim et al. (2017). As
illustrated in Fig. 2B, for the between-stimulus types, the correlation
coefficients of within-valence and between-valence were averaged
separately, and then the average coefficient of between-valence was
subtracted from the average coefficient of within-valence. Fisher
z-transform has been applied to the average coefficient and then a dif-
ference map (d-map) was generated for each subject. Then we performed
one-sample t-tests at each voxel on the group level to test whether the
coefficient was non-zero. The significant clusters can be located by the
threshold of p< 0.05 (FDR corrected) (Woo et al., 2014).
Fig. 2. The main analytical steps of the study. (A)
For each of the 12 stimulus conditions (3 va-
lences� 4 stimulus types), the neural activity pat-
terns estimated by GLM were extracted after the fMRI
data preprocessing. (B) Pair-wise correlations were
computed between any two different activity pat-
terns in the twelve stimulus conditions using the
correlation distance (Pearson correlation). Here, we
adopted a sphere centered on the voxel and the ac-
tivities of the neighboring voxels within the radius
were considered as a whole. Then pair-wise correla-
tions were computed between any two different ac-
tivity patterns in the twelve stimulus conditions,
resulting in a symmetrical 12� 12 correlation matrix
for the sphere of 6mm radius, which was considered
as the result of the voxel at the center. This matrix
was composed of five parts: within-face, within-body,
within-voice, within-music, and between-modality
correlation coefficients. For the between-modality
conditions, the correlation coefficients of within-
valence and between-valence were averaged sepa-
rately, and then the average coefficient of between-
valence was subtracted from the average coefficient
of within-valence. P¼ positive, 0¼ neutral,
N¼ negative, W¼ correlation coefficient of within-
valence (i.e., positive-face vs positive music,
negative-body vs negative-voice, etc.), B¼ correla-
tion coefficient of between-valence (i.e., positive-face
vs negative-music, positive-body vs neutral-voice,
etc.). The related definition referred the work of
Kim et al. (Kim et al., 2017) (C) The procedure of
calculating correlation coefficients was repeated
across all the voxels in the searchlight analysis,
generating a difference map (d-map) for each subject.
Then cross-modal classification was performed as the
validation technique at significant clusters located by
the searchlight analysis. At last, the univariate anal-
ysis was used to test whether there were
valence-specific activation differences across modal-
ities in clusters classifying valence successfully.



Table 1
| The behavior accuracies and response times.

Valence Modality Accuracy (%) Response time (ms)

Mean SD Mean SD

Positive face 99.23 2.72 757.00 180.11
body 90.73 17.42 744.66 206.50
voice 88.68 19.33 847.96 157.22
music 98.85 4.31 757.73 197.80

Negative face 94.79 11.99 809.49 185.67
body 95.30 7.80 780.31 178.02
voice 87.86 17.51 862.23 180.49
music 86.50 18.95 848.17 185.94

Neutral face 98.46 4.64 680.37 140.03
body 96.92 7.36 739.92 153.88
voice 98.08 6.34 805.10 138.86
music 90.64 16.17 756.19 135.06
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2.5.4. Cross-modal classification
The valence classification at the cluster-level was performed as the

additional validation analysis to examine whether these clusters truly
provide information of modality-general valence. The verification is
necessary because the significant searchlight clusters were not guaran-
teed to provide valence information (Etzel et al., 2013). Based on the
cross-modal classification, the validation analysis can test whether these
clusters carry enough information to represent the modality-general
valence across the stimulus types. The analysis can furtherly clarify the
specific properties of emotional modality-general valence representation
from a different perspective.

The cross-modal classification used in the current study was similar to
the classification used in our previous study (Cao et al., 2018) and other
exploration of emotional space (Baucom et al., 2012; Kim et al., 2017;
Shinkareva et al., 2014). The SVM classifier based on multi-voxel pattern
analysis (MVPA) was used for cross-modal classification to examine the
modality-general representations of valence at the group level. We con-
ducted a three-way classification of the valences (PvsNvs0). In each
cluster identified in searchlight analysis, we extracted the activation
pattern under the 12 stimulus conditions by MVPA as the feature data,
the three-way classifier was trained by the data from three stimulus types
(i.e., body, voice, and music) and then the data from the remaining one
(i.e., face) were used as a test set. We used the LibSVM toolkit by Chang
et al. (http://www.csie.ntu.edu.tw/~cjlin/libsvm/) which was inte-
grated into Matlab to preprocess the classification (Chang et al., 2011). In
order to obtain stable estimates for individual-level accuracy, we have
run 1000 repetitions classification and adopted the average results. The
classification process was performed in the four types and then the ac-
curacies were averaged among the four cross-validations. For the clas-
sification analysis of the three valences, a one-sample t-test was
performed to assess whether the group average accuracy was signifi-
cantly higher than the chance level (0.33).

2.5.5. Analysis of the differences between mean activation
We used univariate analysis to explore the activation of the clusters

identified from the cross-modal classification under the different condi-
tions (3 valences� 4 stimulus types). As a validation analysis, there is a
limitation of double-dipping in the validation due to the using of the
same data for selection and selective analysis) (Etzel et al., 2013). To
ensure statistical independence of the results, the univariate analysis
used the average beta values as the dataset (Kriegeskorte et al., 2009).
The beta values for each condition were extracted and averaged across
voxels in the cluster (Kim et al., 2015; Peelen et al., 2010). The average
beta values for each cluster were then entered into a 3� 4 repeated
measures ANOVA. To test whether there was a significant difference
between valence-specific activations across stimulus types, we examined
the significance of the interaction and the main effect. Then we per-
formed the follow-up tests for the significant interaction effect to test all
stimulus types against each other within a specific valence by 3 separate
ANOVAs, and also to test all valences against each other within a specific
modality by 4 separate ANOVAs.

3. Results

3.1. Behavior analysis

Participants can recognize the valence successfully with high accuracy
(mean accuracy¼ 93.8%, SD¼ 13.3%), indicating the valences can be
recognized well regardless of different stimulus types. The accuracy and
response time (RT) under the 12 conditions (3 valences� 4 stimulus
types) were shown in Table 1. Considering participants can recognize the
valence of almost all stimuli, we only conducted repeated measures
ANOVA for the response timewith the factors valences (positive, negative,
and neutral) and stimulus types (face, body, voice, and music). The
repeated measures ANOVA showed a significant interaction between va-
lences and stimulus types (F¼ 2.25, p¼ 0.04, ηp2¼ 0.06), indicating that
5

the RT varies with modalities at the different valences. The main effect of
valence is not significant (F¼ 1.75, p¼ 0.18, ηp2¼ 0.05), while the effect
of stimulus type is significant different (F¼ 17.69, p< 0.001, ηp2¼ 0.20).
In addition, the one-way ANOVAs with emotional valences as factor
suggested that the RTs were significantly different across different va-
lences when themodality is the face expression (F¼ 3.80, p¼ 0.03), while
there is no significant difference in the stimuli type of body (F¼ 0.39,
p¼ 0.68), voice (F¼ 0.90, p¼ 0.41), and music (F¼ 2.35, p¼ 0.10).
3.2. Searchlight analysis

In the searchlight analysis, we computed the correlation matrix for
each voxel in the whole brain across all subjects. For the between-
modality conditions, the correlation coefficients of within-valence and
between-valence were averaged separately, and then the average coef-
ficient of between-valence was subtracted from the average coefficient of
within-valence. This procedure was repeated on each voxel, generating a
difference map (d-map) for each subject. Then the group analysis was
performed by one-sample t-test on all participants’ d-maps to test
whether the coefficient was non-zero. At last, four clusters were revealed:
bilateral postcentral (�45, �12, 5 and 45, -21, 39), left middle temporal
gyrus (MTG) (�57, �54, 15) and right middle frontal gyrus (MFG) (27,
�6, 63), as shown in Fig. 3. Table 2 describes the details of these clusters
in the group-level analysis.
3.3. Validation analyses

3.3.1. Cross-modal classification
The four clusters identified by the searchlight analysis were analyzed

using cross-modal classification to examine whether these clusters truly
provide information of modality-general valence, as suggested by Etzel
et al.’s “Confirmation Test” (Etzel et al., 2013). The accuracies of the
successful cross-modal classification of the three valences were signifi-
cantly higher than the chance level (0.33) in the left postcentral gyrus (t
(25)¼ 5.11, p< 0.001) and MTG (t (25)¼ 4.39, p< 0.001) but not for
the right postcentral gyrus (t (25)¼ 0.26, p¼ 0.80) and MFG (t
(25)¼ 0.48, p¼ 0.80) after performing FDR correction for multiple
comparisons. The results of the classification can be found in Table 3. In
addition, the details classification results in each stimulus type can be
found in Table 4. The classification results showed that all the classifi-
cation accuracies were significant in the four stimuli types in the left
postcentral gyrus. However, the classification was only successful in the
face and body condition in the left MTG.

3.3.2. Univariate analysis
The most obvious evidence of the representation of modality-general

valence is that the cross-modal classification and searchlight analysis
converge to the same result. So the clusters that cannot classify PvsNvs0
were excluded for further consideration. Univariate analysis was

http://www.csie.ntu.edu.tw/%7ecjlin/libsvm/


Table 2
| Significant clusters from searchlight analysis.

Anatomical region Hemisphere Cluster size MNI coordinates t-value

x y z

Postcentral L 348 �45 �12 51 7.56
Postcentral R 27 45 �21 39 4.63
MTG L 33 �57 �54 15 4.73
MFG R 21 27 �6 63 5.05

MTG: middle temporal gyrus; MFG: middle frontal gyrus; R, right; L, left.

Table 3
| Cross-modal classification accuracies for each searchlight cluster.

Clusters Cross-modal classification

PvsNvs0

Accuracy (%) SEM t(25) P(FDR-corrected)

Postcentral_L 38.46* 1.00 5.11 <0.001*
Postcentral_R 33.48 0.58 0.26 0.80
MTG_L 35.59* 0.51 4.39 <0.001*
MFG_R 33.56 0.51 0.45 0.80

One-sample t-tests of classification accuracies for PvsNvs0 in each cluster. *Sig-
nificant P values. PvsNvs0, positive versus negative versus neutral.

Table 4
| Cross-modal classification accuracies in each stimuli type.

Stimuli type Cross-modal classification

Postcentral_L

Accuracy (%) SEM t(25) P

face 40.08* 1.24 5.43 <0.00
body 41.71* 1.19 7.05 <0.00
voice 36.90* 1.15 3.11 0.005
music 35.17* 0.82 2.24 0.035

One-sample t-tests of classification accuracies for the left postcentral gyrus and MTG

Fig. 3. Results of searchlight analysis showing the significant clusters
which could represent valence across modalities. The searchlight analysis
revealed modality-general representations of valence in four clusters: bilateral
postcentral (�45, �12, 5 and 45, -21, 39), left middle temporal gyrus (MTG)
(�57, �54, 15) and right middle frontal gyrus (MFG) (27, �6, 63), which are
shown on sagittal and axial slices.
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performed to explore the differences in the activation under the 12 con-
ditions. The beta values of different conditions were extracted from the left
postcentral gyrus and MTG, and the detail results can be found in Fig. 4.

The repeated measures ANOVA was performed for the beta values
with the factors valences and stimulus types. In the left postcentral gyrus,
there are no significant interaction between these factors (F¼ 0.83,
p¼ 0.55, ηp 2¼ 0.02). In addition, the main effect of stimulus types is not
significant (F¼ 0.65, p¼ 0.59, ηp 2¼ 0.01), while the main effect of va-
lences is significant (F¼ 14.69, p< 0.001, ηp 2¼ 0.28). In addition, we
performed pair comparisions between the valence categories averaged
across stimulus types and the results suggested that the activation at
different valence is significantly different [negative-positive (t¼ 5.11,
p< 0.001), neutral-positive (t¼ 6.62, p< 0.001), neutal-negative
(t¼ 2.23, p¼ 0.035)], showing a gradient that goes from positive to
neutral passing through negative.

Nevertheless, the repeated measures ANOVA showed a significant
interaction between valences and stimulus types (F¼ 8.93, p< 0.001, ηp
2¼ 0.19) in left MTG, which indicated that the activation of three valences
MTG_L

Accuracy (%) SEM t(25) P

1* 37.02* 0.76 4.86 <0.001*
1* 39.20* 0.81 7.29 <0.001*
* 33.50 0.79 0.21 0.84
* 32.85 0.69 �0.70 0.49

in each stimuli type. *Significant P values.

Fig. 4. Mean activation in left postcentral gyrus and left MTG. The mean
beta values were used to showing the activation intensity of 12 conditions in the
univariate analysis. Error bars show SEM.
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differed for four stimulus types. The main effect of stimulus types is sig-
nificant (F¼ 53.35, p< 0.001, ηp 2¼ 0.41). Then we performed the one-
way ANOVA with stimulus types as factor within each specific valence,
which suggested that the activation at different stimulus types is signifi-
cant different when the valence is negative (F¼ 24.33, p< 0.001) and
neutral (F¼ 48.33, p< 0.001). However, the difference is not significant
in the positive valence (F¼ 1.34, p¼ 0.27). There is also significant dif-
ference between valences (F¼ 21.30, p< 0.001, ηp 2¼ 0.36). Then one-
way ANOVAs with valence categories as factor were conducted and the
results suggested that the activation at different valence is significant
different when the modality is the face expression (F¼ 15.32, p< 0.001)
or body emotion (F¼ 48.11, p< 0.001). However, the difference is not
significant in the voice (F¼ 0.02, p¼ 0.98) andmusic (F¼ 0.66, p¼ 0.52).

4. Discussion

The current study tried to identify brain regions representing emotion
valence regardless of different stimulus types using three converging
analysis techniques. First, applying the between-modality valence differ-
ence measure to the searchlight analysis at the whole-brain level, the
bilateral postcentral gyrus, right MFG and left MTG were located. We
subtracted the correlations of voxel activation patterns when modality
and valence are different from the correlations when the modalities are
different but the valence is the same. Therefore, this approach isolates the
similarity of voxel activation patterns attributable to valence similarities.
These regions may represent modality-general valence regardless of
stimulus types in visual and auditory modalities Second, the cross-modal
classification was utilized as the additional validation technique to the
searchlight analysis. The results showed that the valence of PvsNvs0 could
be categorized successfully across all the stimuli types in the left post-
central gyrus. While the valence of PvsNvs0 could be categorized only in
face and body conditions in the left MTG. The classification results are
unlikely to be driven by lower-level features since the lower-level features
(e.g., brightness, motion, etc.) cannot be shared between different mo-
dalities. So the effects of lower-level features from one modality might not
play a role in the testing of the other modality. At last, we adopted the
univariate analysis to study the activation in the cluster derived from the
cross-modal classification analysis. The activation of different stimulus
types from the same valence is not significantly different in the left
postcentral gyrus, but it is significantly different in the left MTG when the
valence is negative and neutral. In addition, the activation of the same
stimulus type showed a gradient that goes from positive to neutral passing
through negative in the left postcentral gyrus (when the stimuli type is
face, body, or voice) and MTG (when the stimuli type is face or body).

4.1. Representations of modality-general valence

The left postcentral gyrus was shown to be involved in emotional
processing (Banziger et al., 2012; Flaisch et al., 2015; Kassam et al.,
2013) and the perception of emotional face, body and vocal expressions
(van de Riet et al., 2009). A recent study showed that the emotional
categories were successfully decoded from different perceptual modal-
ities (face and vocal expression) in the left postcentral gyrus (Kragel and
LaBar, 2016). The area was also involved in the cross-modal represen-
tation when classifying four basic emotions caused by imagery through
affective words and video clips (Saarimaki et al., 2016). These studies
showed that the emotions across different modalities or types may share
similar neurological characteristics, and the postcentral gyrus can
represent emotions across different stimuli categories. Our previous work
also suggested that the basic emotions can be represented regardless of
different types of stimuli in the visual modality (face, body, and
whole-person) in the left postcentral gyrus (Cao et al., 2018). Recent
studies found that the postcentral gyrus was crucial for valence decoding.
The activation pattern about valence caused by observing photos with
different emotional categories was represented in the postcentral gyrus
(Baucom et al., 2012). The work of Kim et al. also provided evidence of
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modality-general representations of the valences (negative, neutral and
positive) in the left postcentral gyrus (Kim et al., 2017), which was
consistent with our research. Video and music stimuli were used in this
research, while our study used different stimulus types in visual and
auditory modalities. The use of a broader range of stimuli categories is
more in line with the channels through which we perceive emotions in
our daily lives, which can contribute to generalizing the research about
modality-general valence representations. Consistent with these previous
studies, our current study provided further evidence for the role of the
left postcentral gyrus in representing the modality-general valence by
coding emotional information regardless of different stimulus types. And
there is no significant difference in the activation of different stimulus
types from the same valence in the left postcentral gyrus. In summary, the
current study provided support for the representations of
modality-general valence in the left postcentral gyrus and it suggested
that the cluster could code valence information regardless of different
types of stimuli in visual and auditory modalities.

4.2. Regions where valence could not be represented across different
modalities

The MTG has been shown to accurately classify the basic emotions
induced by movies and mental imagery, and it can also classify emotions
across both modalities (Saarimaki et al., 2016). Kim et al. conducted a
searchlight analysis of audio-visual emotional stimuli with different
valence and found the MTGwas located for representing valence, and the
MTG was also shown to be critical for valence decoding (Kim et al.,
2016). In the current study, however, the cross-modal classification was
successful only in the stimuli types of face and body and the univariate
results also showedMTG is only sensitive to valence in the visual domain.
Therefore, the validation results suggested that the activation pattern
from the left MTG may not be able to represent the modality-general
valence but it can be involved in the valence representing across stim-
uli types in the visual modality.

The searchlight analysis also revealed that the right postcentral gyrus
and MFG could be involved in representing modality-general valence
regardless of stimulus types (face, body, voice or music). However, the
classification of the emotional valences (PvsNvs0) failed based on the
activation pattern in the two clusters when the cross-modal classification
was utilized as the additional validation technique to the searchlight
analysis. The results possibly arose from the overpowered nature of the
searchlight technique, which might erroneously infer the existence of
modality-general voxels that are not existent (Kim et al., 2017). And it
may lead us to conclude that the hypothetical effect exists, but in fact, it
does not exist. Based on the validation by the cross-modal classification,
therefore, our findings suggested that the two brain regions may not
carry enough information to represent the modality-general valence
across the stimulus types.

The right postcentral gyrus and the MFG have been shown to be
involved in the emotional processing of visual or auditory modalities
(Sarkheil et al., 2013). The right postcentral gyrus was involved in the
processing of emotional faces and the interaction effect between the type
and intensity of emotions while decoding dynamic affective faces (Sar-
kheil et al., 2013). The right postcentral gyrus which corresponds to the
primary somatosensory cortex has been shown to be critical for emotion
recognition when decoding the emotional categories from facial and
vocal cues (Adolphs, 2002). In the right postcentral gyrus, the emotional
prediction pattern has been suggested to exhibit somatotopic organiza-
tion, indicating that information related to the body state could help
decode emotional expression (Kragel and LaBar, 2016). And this study
further showed that facial mimicry or motoric participation may
contribute to emotion recognition in the right postcentral gyrus, but are
unlikely responsible for converging the perceived and subjective expe-
riences, because of the observations that emotion prediction patterns in
the primary motor cortex were unrelated to the behavioral self-report.
However, most of the studies focused on the representations elicited
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from single face, body or voice or the representations of basic emotions.
In addition, it also needs to be further studied whether the right post-
central gyrus is sensitive to the valence. Our research focused on the
valence representation across different stimulus types, and the validation
results suggested that the activation pattern from the right postcentral
gyrus may not be able to represent the modality-general valence even
though it can be involved in the emotional processing.

Similarly, the right MFG didn’t show significant PvsNvs0 classifica-
tion. The MFG has not been reported much in affective processing in
previous studies. Specifically, positive and negativewords cause increased
activation in the MFG compared to neutral words (Cato et al., 2004;
Herbert et al., 2009; Hoffmann et al., 2015; Kensinger and Schacter,
2009). Subramaniam et al. compared negative and neutral metaphors and
found the increased signal on the rightMFG (Subramaniam et al., 2013). A
searchlight analysis was performed and revealed that the MFG was sen-
sitive to valence (Kim et al., 2016). And Kim et al. have found a
modality-general representation of valence in the MFG (Kim et al., 2017).
Similar to our results, the MFG didn’t show a significant PvsN classifica-
tion in their study, but there are significant information from multidi-
mensional scaling (MDS) results for PNvs0 and PvsN representations. We
speculated that the broader range of stimuli categories in our experiment
may be a factor causing the difference with the previous study. MDS
method can be considered for the right postcentral gyrus and MFG to
reveal the underlying mechanisms while the facial, bodily, vocal and
musical expressions are perceived. Taken together, the searchlight anal-
ysis and validation analyses showed that although these brain regionsmay
be involved in emotional processing, the right postcentral gyrus and the
MFGmight not represent the valence information across modalities where
each modality contained different types of stimuli.

5. Conclusion

In our study, the searchlight analysis located four regions (the bilat-
eral postcentral gyrus, left MTG and right MFG) that may be involved in
the valence representation regardless of different stimulus types in the
visual modality (face and body) and auditorymodality (voice andmusic).
By further validation, it revealed that only the left postcentral gyrus
distinguish three valences across different stimulus types in different
modalities, while left MTG is sensitive to the valence across stimulus
types of the visual modality. In the future work, it can be considered for
the right postcentral gyrus andMFG to reveal the underlying mechanisms
while the facial, bodily, vocal and musical expressions are perceived.
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