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Compared with the well documented neurophysiological findings on negative emotions, much less is known about positive emotions. In the present study, we explored the EEG correlates of ten different positive emotions (joy, gratitude, serenity, interest, hope, pride, amusement, inspiration, awe, and love). A group of 20 participants were invited to watch 30 short film clips with their EEGs simultaneously recorded. Distinct topographical patterns for different positive emotions were found for the correlation coefficients between the subjective ratings on the ten positive emotions per film clip and the corresponding EEG spectral powers in different frequency bands. Based on the similarities of the participants’ ratings on the ten positive emotions, these emotions were further clustered into three representative clusters, as ‘encouragement’ for awe, gratitude, hope, inspiration, pride, ‘playfulness’ for amusement, joy, interest, and ‘harmony’ for love, serenity. Using the EEG spectral powers as features, both the binary classification on the higher and lower ratings on these positive emotions and the binary classification between the three positive emotion clusters, achieved accuracies of approximately 80% and above. To our knowledge, our study provides the first piece of evidence on the EEG correlates of different positive emotions.
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INTRODUCTION

Emotion is one of the most active and attractive fields in psychology. Compared to the extensive and detailed studies of negative emotions such as depression, fear, anger etc., positive emotions, however, are far less investigated. In recent years, the rise of positive psychology has inspired researchers toward the exploration of positive emotions (Fredrickson, 2013), aiming at a more balanced understanding of human emotions (Seligman, 2002; Seligman and Csikszentmihalyi, 2014).

Positive emotions have been suggested to be more than the counterpart of negative emotions in people’s daily life. In the seminal work by Fredrickson and Levenson (1998) and Fredrickson (2001), positive emotions are proposed to broaden people’s momentary thought-action repertoires, which over time serves to build their enduring personal skills and resources. Indeed, studies have shown that people’s momentary cognitive ability, such as the attentional scope, was broadened when primed with stimuli of positive emotions (Fredrickson and Branigan, 2005). People with a higher level of self-reported positive emotions are associated with enhanced ability to understand others’ emotions, which is a critical skill in building cooperation (Eisenberg and Miller, 1987; Zaki et al., 2008). Consequently, it has been reported that positive emotions are critical for adaptive social functioning, such as relationship fostering, commitment keeping, etc. (Berry and Hansen, 1996; Gonzaga et al., 2001; Gruber et al., 2011; Rand et al., 2015).

Despite the behavioral importance of positive emotions, their physiological mechanisms remain to be elucidated. Compared to negative emotions, positive emotions are generally believed to elicit less reactivity, if at all (Ekman et al., 1983; Cacioppo et al., 2000). For instance, it has been demonstrated that positive emotions did not elicit significant cardiovascular responses compared to a resting baseline, but they were capable of ‘undoing’ the physiological effects of negative emotions, allowing a faster recovery from negative emotions (Fredrickson and Levenson, 1998). In the meanwhile, there are some other studies reporting significant physiological responses to positive emotion stimuli, in both laboratory settings (Giuliani et al., 2008; Kreibig, 2010) and daily environments (Picard et al., 2001; Picard, 2010). Moreover, the findings on the brain regions responsible for processing positive emotions are much less consistent than those in negative emotions (Vytal and Hamann, 2010; Hamann, 2012). Only one type of positive emotion, i.e., happiness, has been reported in recent meta-analyses, with only reliable activations over rostral anterior cingulate cortex across studies (Vytal and Hamann, 2010). The absence of other positive emotions was partially explained by the limited number of studies on these subjects (Lench et al., 2011).

The lack of consistency in previous studies may be attributed to the oversimplified categorization of positive emotions, considering all positive emotions to have similar physiological responses. To date, physiological researches have either included one single positive emotion as the representative subject (‘happiness’ most frequently used but with varied definitions and manipulations), or treated ‘positive emotions’ as a homogeneous group. The possible differences within positive emotions, however, were largely neglected. In contrast, there are ample evidences indicating different positive emotions have different behavioral characteristics, from their triggers, processes to outcomes. For instance, one recent study reported that eight positive emotions (amusement, awe, contentment, gratitude, interest, joy, love, and pride) had distinct core relational themes and expressive displays (Campos et al., 2013). Hereby, it is necessary to have a more detailed categorization of positive emotions, and it is plausible to hypothesize that different positive emotions are operationalized by different underlying physiological mechanisms.

Recent efforts are beginning to provide evidence for distinct physiological responses in different positive emotional states. Shiota et al. (2011) investigated the autonomic nervous system (ANS) responses to five positive emotions (anticipatory enthusiasm, attachment love, nurturant love, amusement, and awe) elicited by pictures, and found distinguishable response patterns on multiple ANS measures associated with each individual emotion. This issue has also been addressed indirectly at the neurophysiological level using the EEG technique: emotion states with similar high valence levels but different (i.e., high vs. low) arousal levels elicited by video clips, can be recognized at well above chance level, using EEG signals (Koelstra et al., 2012; Soleymani et al., 2012; Wang et al., 2014; Chen et al., 2015). However, as the arousal-valence emotion model is not capable of adequately describing the variety of positive emotions (Fredrickson, 1998), a direct investigation of the neurophysiological responses for different positive emotions is necessary to further our understanding of human emotions.

In the present study, we conducted an exploratory investigation of the EEG correlates of different positive emotions. The participants watched a series of film clips with different positive emotions while their EEGs were recorded simultaneously. We followed the categorization of positive emotions from Fredrickson (2013), in which joy, gratitude, serenity, interest, hope, pride, amusement, inspiration, awe, and love were selected as the ten most representative positive emotions for their relatively high frequency of experience in people’s daily life. Audiovisual video clips were used for emotion elicitation, to maximize the emotional responses compared to auditory (e.g., music) or visual (e.g., pictures) stimuli alone. As suggested in previous EEG studies on emotion (Lin et al., 2010; Koelstra et al., 2012; Soleymani et al., 2012), we mainly focused on the spatial patterns of the EEG spectral power in different frequency bands during video watching. A univariate correlation analysis and a multivariate classification based method were adopted to establish the link between the subjective emotion ratings and the EEG activities.

MATERIALS AND METHODS

Participants

Twenty college students (nine females, mean age 23 years, ranging 21 – 29 years) participated in the experiment as paid volunteers. All of them had normal hearing, normal or corrected-to-normal vision. Informed consent was obtained from all participants. The study was conducted in accordance with the Declaration of Helsinki and approved by the local Ethics Committee of Tsinghua University.

Materials

Thirty film clips were used as the positive emotion stimuli in the present study. These film clips were selected in three steps. First, 103 initial stimuli were selected mainly from commercial films (at least 10 representative clips for each positive emotion, at least 30 s per clip) by a group of five frequent film viewers. Second, these stimuli were rated by five students independently, using 7-point Likert scales on the ten positive emotions. The stimuli with the top-three highest ratings for each positive emotion were selected as the first-round candidates, resulting in 30 stimuli. Third, five additional film clips were included based on the recommendations from the five independent raters. Another group of ten students was invited to rate these 35 stimuli and select the most representative 30 film clips. For each positive emotion, three clips with the highest ratings of the corresponding emotion were selected for the EEG experiment. In addition, one neutral stimulus and six negative emotion stimuli (three with high arousal and the other three with low arousal) were included as control. All the student raters are students from Department of Psychology, Tsinghua University, with good background knowledge on the ten positive emotions.

The film clips were edited to include a complete scene so that the participants could have a good understanding of the scenes and hereby be better engaged in the target emotions. The duration of the selected stimuli varied between 30 s to 129 s, with a mean value of 69 s and standard deviation of 24 s. The variability of the durations is comparable to existing film clip databases used in neurophysiological studies (e.g., Douglas-Cowie et al., 2007; Schaefer et al., 2010; Soleymani et al., 2012). For those film clips containing non-Chinese dialogs, Chinese subtitles were added to guarantee a full understanding of the contents. A complete list about the basic information of the selected film clips is provided in Supplementary Material.

Procedure

The experiments were carried out in the laboratory environment with controlled illumination (at a normal office illumination level). The stimuli were displayed on an LCD monitor (22-inch, DELL, USA) with a 60 Hz refreshing rate. Stereo speakers (DELL, USA) were used and the sound volume was set at a fixed and comfortable level.

The participants watched all the 37 film clips (30 positive, 6 negative, and 1 neutral) with their EEG recorded. During the clip presentation, the participants were asked to immerse themselves in the film clips. After the completion of each clip presentation, the participants rated their emotional experiences on 7-point Likert scales on 14 items, including the ten positive emotions, as well as arousal, valence, familiarity and liking. The participants then took a rest for at least 45 s, and press the space button when he/she feels ready to watch the next video clip. They were asked to clear up their mind as best as they can during the rest period. Subjective ratings on all the emotional experience items were obtained for all stimuli, resulting in a multivariate description of each film clip. The negative and positive clips were presented separately rather than intermixedly, in order to avoid possible interactive influences between negative and positive clips.

Prior to the experiment, an introduction of the 14 emotional items and the experiment procedure were explained to the participants. Then, the participants performed two practice trials to get familiarized with the procedure, in which two positive emotion clips (not used in the formal experiment) were shown, each followed by the same emotional experience scale as that in the formal experiment. In the formal experiment, the participants were first presented with the neutral clip, following with the six negative emotion clips, and then with the 30 positive emotion clips. The orders of the clip presentations were randomized within the negative and positive emotion clips, respectively. The experiment lasted for approximately 2.5 h, including 0.5 h for EEG setup.

The experiment procedure is shown in Figure 1. Presentation of the stimuli and the rating procedure were programmed in MATLAB (The Mathworks, USA) using the Psychophysics Toolbox 3.0 extensions (Brainard, 1997).
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FIGURE 1. Experiment procedure.



EEG Recordings

EEGs were recorded from 32 electrodes (Fp1/2, Fz, F3/4, F7/8, FC1/2, FC5/6, Cz, C3/4, T3/4, CP1/2, CP5/6, Pz, P3/4, P7/8, PO3/4, PO7/8, Oz, O1/2), referenced to linked mastoids, with a forehead ground at Fz. A portable wireless EEG amplifier (NeuSen.W32, Neuracle, China) was used for data recording at a sampling rate of 250 Hz. Electrode impedances were kept below 10 kOhm for all electrodes.

Data Analysis

Behavioral Data Analysis

To confirm whether the selected film clips elicited the expected positive emotions among the participants, the ratings on the ten positive emotion items were compared for each three film clips designated to elicit one specific positive emotion. Statistical analyses (repeated measures analysis of variance, rmANOVA) and post hoc paired t-tests were employed.

To obtain a general overview of the relationship between the ten positive emotions, pairwise correlation analyses were conducted on all pairs of cross-participant average ratings. As significant correlations were found among many pairs of positive emotions (see Results), we then applied unsupervised multidimensional scaling (MDS) method on the cross-participant average ratings per film clip, to further explore the similarity relationships across all the ten positive emotion experiences. These ten positive emotions were manually categorized into three clusters, on the basis of their geometric similarity in the MDS space. Subsequently, we also calculated the cluster scores for each film clip, by averaging the z-transformed ratings of all the emotions within each cluster, resulting in three cluster scores per film clip.

In addition, intra-class correlation coefficients (ICCs) were calculated for all the 14 emotional experience items, to explore the reliability of the ratings across participants.

EEG Preprocessing

The recorded EEG data were first notch filtered to remove the 50 Hz powerline noise, bandpass filtered to 0.05 – 50 Hz and then subjected to an artifact rejection procedure using independent component analysis (ICA). The independent components (ICs) with large weights over frontal or temporal areas, together with corresponding temporal course showing eye movement or muscle movement activities, were removed. The remaining ICs were then back-projected onto the scalp EEG channels, reconstructing the artifact-free EEG signals. About 1–2 ICs were rejected per participant.

Correlation Analysis

The EEG signals corresponding to the last 30 s of each film clip were extracted for further analysis, in order to obtain maximal emotional responses (following the procedure in Koelstra et al., 2012). The EEG signals from the 5-s time window before the presentation of the film clips were extracted as baseline. The spectral powers of each EEG channel were calculated using Fourier Transform and were then averaged separately over the frequency bands of theta (3 – 7 Hz), low alpha (8-10 Hz), alpha (8 – 13 Hz), beta (14 – 29 Hz) and gamma (30 – 47 Hz). The spectral powers in these five frequency bands during film clip watching were then baseline corrected by subtracting the corresponding spectral power during the baseline period. As all the film clips had ratings on all the emotional experience items, the response patterns to different positive emotion stimuli were characterized by computing the Pearson correlation between the spectral powers of each individual EEG channel and the subjective emotional ratings, for all the ten positive emotions as well as arousal, valence, familiarity and liking. The correlations were computed for each individual participant. For correlation calculations, EEG data from all film clips, including the negative and neutral clips, were used. The topographies of the across-participant average Pearson correlation coefficients between the rating of each emotional experience item and the EEG spectral power of each frequency band were expected to illustrate the neural responses to these positive emotions.

Classification Based Analysis

A classification based approach was then adopted to evaluate the overall contribution of all the EEG spectral powers to the representation of the ten positive emotions. A support vector machine (SVM) classification method was employed to perform a series of binary classifications for high and low rating values of each emotional experience. The features for classifications were the spectral powers over all the frequency bands from all the EEG channels, leading to 5 (frequency band) × 32 (channels) = 160 feature dimensions. These features were calculated on a basis of 1-s epochs from the 30-s clip-watching period, resulting in 900 samples from the positive emotion clips per participant. The segmentation into 1-s epochs was implemented to provide sufficient samples for more faithful classification accuracy estimation.

The 900 samples from the positive emotion clips were assigned into two classes based on the subjective ratings of their corresponding film clips with the median rating score as the threshold, leading to one class with the 450 samples with higher rating values on one emotional experience item and the other class including the 450 samples with lower rating values. Similar assignments were performed for the three MDS cluster scores as well; splitting the 900 samples into two classes of 450 samples each, with either larger cluster scores or smaller cluster scores. Taken together, 17 binary classifications (14 emotional experience ratings and 3 cluster scores) were carried out, to reveal the effectiveness of the EEG representation of the positive emotions.

The pairwise discriminability between different positive emotions were analyzed on the three extracted clusters, which gave a refined representation of the ten positive emotions. The pairwise analyses were not conducted on the original emotional experience items, as some of the original positive emotions showed high similarities in their ratings (as expressed by high pairwise correlations, see Table 1 in Results). The same 1-s epoch based spectral power features were used. The labels for the 1-s epoch samples, were defined on the basis of the differences in cluster scores of their corresponding film clips. For example, film clips with higher score on cluster-1 than cluster-2 were considered to better represent cluster-1, while those with higher score on cluster-2 were better representations of the emotional content expressed by cluster-2. In this way, the numbers of film clips labeled as high and low score differences were 17/13, 14/16, and 15/15 for cluster-1 vs. cluster-2, cluster-1 vs. cluster-3, cluster-2 vs. cluster-3, respectively. Here cluster-1, cluster-2, and cluster-3 were the three defined MDS clusters (see Results for the emotions included in each cluster). By utilizing this labeling strategy, the pairwise binary classification based on the three representative clusters were expected to indicate the separability of different positive emotions on the EEG level.

TABLE 1. Pairwise correlation coefficients between the 14 emotional experience items.

[image: image]

While the above mentioned classification procedures were performed for each individual participant, we also investigated the representation and separability of different positive emotions at the grand average level. To this end, similar labeling strategies were applied on the basis of grand average ratings and cluster scores. Accordingly, the EEG features were averaged across participants prior to classification.

All data analyses were conducted in MATLAB using the FieldTrip toolbox (Oostenveld et al., 2011). The SVM classifiers were implemented using LIBSVM (Chang and Lin, 2011) and all the reported results were based on 10-fold cross-validations.

RESULTS

The intra-class correlation coefficients (ICCs) of all the ratings on the 14 emotional experience items varied from 0.56 (serenity) to 0.95 (amusement), with a mean ICC of 0.87 (SD = 0.10), indicating good reliabilities across the participants.

The film clips that expected to elicit one certain positive emotion indeed showed the highest ratings on the target emotion (rmANOVA p < 0.001 for all positive emotion items and post hoc paired t-tests showed significantly higher ratings for the target emotion in most cases, p < 0.05) (Figure 2). In most cases, the ratings on the target emotions were significantly higher than those on the remaining nine emotions, with only a few exceptions (e.g., ratings on ‘hope’ and ‘love’ did not differ from the ratings on ‘gratitude’, see the gray bars in Figure 2).
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FIGURE 2. Basic information of emotion ratings Participants’ ratings on the ten positive emotional experience items. For each type of film clips, the ten bars indicate the mean ratings of these clips on amusement, awe, gratitude, hope, inspiration, interest, joy, love, pride, and serenity (from left to right). The bars in yellow show the ratings on the corresponding target emotion; The bars in blue suggest their ratings significantly lower than those of the target emotion (post hoc paired t-tests p < 0.05); The bars in gray indicate ratings NOT significantly lower than those of the target emotion (p > 0.05).



The pairwise correlation coefficients between the ratings on different positive emotions as well as arousal, valence, liking, and familiarity, are summarized in Table 1. Significant correlations were observed in many cases. For example, the participants’ ratings on ‘inspiration’ and ‘hope’ achieved a correlation coefficient of 0.95 (p < 0.05), indicating a considerable overlap between the feelings of inspiration and pride. The follow-up MDS analysis revealed a clear separation of these positive emotions in three clusters (Figure 3). A three dimensional MDS space was chosen, with the Kruskal’s Stress I value of 0.071. Cluster-1 is composed of awe, gratitude, hope, inspiration and pride, which is interpreted as ‘encouragement’; Cluster-2 is constituted by amusement, interest and joy, which is interpreted as ‘playfulness’; and Cluster-3 consists of love and serenity, which is interpreted as ‘harmony.’
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FIGURE 3. Multidimensional scaling (MDS) space of ten positive emotions. The MDS space showing the similarity of the ten positive emotions, based on the participants’ subjective ratings.



Figure 4A shows the topographies of the average correlation coefficients between the spectral powers in the five frequency bands and participants’ ratings on the ten positive emotions. For the five ‘encouragement’ emotions (awe, gratitude, hope, inspiration, and pride), strong positive correlations were observed over the central area in both the alpha and the beta band. The three ‘playfulness’ emotions (amusement, interest, and joy) showed prominent positive correlations in the theta band power globally over most brain areas. The two ‘harmony’ emotions (love and serenity) showed strong correlations in the alpha band power over the parieto-occipital area. Different topographies were also observed in the gamma band for different emotions: a higher rating of the ‘playfulness’ emotions corresponded to an increase of gamma powers, while the other two clusters of emotions exhibited negative correlations. The topographies showing the correlations on arousal, valence, familiarity and liking are depicted in Figure 4B. The most notably patterns are the overall negative correlation between alpha power and arousal, and the frontal alpha asymmetry for valence.
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FIGURE 4. (A) Correlations between spectral power and ten positive emotion ratings Topographies of the correlation coefficients between the spectral powers in different frequency bands and the emotional experience ratings. (B) Correlations between spectral power and four emotion dimensions Topographies of the correlation coefficients between the spectral powers in different frequency bands and the emotional experience ratings on arousal, valence, familiarity, and liking.



The binary classification accuracies on the 14 emotional experience items (for high vs. low ratings) are shown in Table 2. The mean accuracies on the ten positive emotions varied from 79.1 ± 5.1% (Inspiration) to 82.1 ± 4.9% (Amusement). The accuracies using the grand-average features were in general higher than the mean individual-based accuracies. On average, the grand-average based accuracies exceeded the individual-based accuracies by 3.9 ± 2.9%. Notably, amusement, joy, interest, serenity and awe showed a substantial increase over 5% (see Table 2; Figure 5).

TABLE 2. The binary classification accuracies on the 14 emotional experience items.
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FIGURE 5. Binary classification accuracies on the ten positive emotion experience. The binary classification accuracies on the 14 emotional experience items. The blue bars show the individual-based accuracies and their standard deviations (the error bars); The yellow bars are the accuracies using the grand-average based features.



The binary classification accuracies on the three positive emotion clusters are shown in Table 3. The mean accuracies achieved 79.6 ± 4.9, 83.7 ± 4.6%, and 79.6 ± 5.3% for the emotion clusters of ‘encouragement,’ ‘playfulness’ and ‘harmony,’ respectively. The grand-average based accuracies were also higher, with an average increase of 4.9% (see Table 3; Figure 6). The pairwise classification accuracies between the three positive emotion clusters (higher vs. lower MDS cluster score differences) were listed in Table 4. The accuracies were 86.9% for ‘playfulness’ vs. ‘encouragement’, 85.2% for ‘encouragement’ vs. ‘harmony,’ and 84.3% for ‘playfulness’ vs. ‘harmony.’

TABLE 3. The binary classification accuracies on the three positive emotion clusters.

[image: image]


[image: image]

FIGURE 6. Binary classification accuracies on the three positive emotion clusters. The binary classification accuracies on the three positive emotion clusters. The blue bars show the individual-based accuracies and their standard deviations (the error bars); The yellow bars are the accuracies using the grand-average based features.



TABLE 4. The pairwise binary classification accuracies between the three positive emotion clusters.
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DISCUSSION

In this study, we explored the EEG correlates of ten different positive emotions (joy, gratitude, serenity, interest, hope, pride, amusement, inspiration, awe, and love), using a video-watching paradigm. As shown by behavioral results, the selected film clips successfully elicited the target positive emotions. In addition, different positive emotions elicited different brain activation patterns, both spatially and spectrally. The positive emotions also showed a certain degree of similarity, resulting in three positive emotion clusters. Both the binary classification on the higher and lower ratings on these positive emotions and the binary classification between the three positive emotion clusters, achieved accuracies of approximately 80% and above.

First of all, the classical findings on emotions were replicated in the present study. For example, film clips with high arousal ratings showed a decreased parietal-occipital alpha power, compared to those with low arousal ratings, supporting the notion of alpha power as an effective index of the cortical arousal level (Coull, 1998; Barry et al., 2007). Film clips with high valence ratings, on the other hand, exhibited a right-lateralized frontal alpha activation, which is in line with the frontal alpha asymmetry theory (Davidson, 1984). As most previous studies have adopted the event-related paradigms, our film-watching design provides additional evidences from a more naturalistic perspective.

The effectiveness of the EEG correlates of these positive emotions was further explored by assessing their predictive power. The individual-based binary classification of higher or lower ratings on these positive emotions revealed well above chance-level accuracies, and these accuracies were comparable with those binary accuracies on arousal and valence in the present study. Moreover, our results on positive emotions are also comparable with, if not better than, the classification results on arousal and valence in previous studies: Classification accuracies between 52 and 78% have been reported in EEG-based studies using similar film watching paradigms (Koelstra et al., 2012; Soleymani et al., 2012; Wang et al., 2014; Chen et al., 2015).

Based on the similarity of the subjective ratings, those ten positive emotions were clustered into three main representative clusters, referred to as ‘encouragement,’ ‘playfulness’ and ‘harmony.’ The binary classification of higher or lower ratings on each of the emotion clusters, as well as their pairwise classification, suggested good discriminability as well. Especially, the pairwise classification results, together with the correlation topographies (Figure 4), suggest that the three positive emotion clusters might be associated with distinct underlying neural mechanisms at the EEG level.

Whereas the available literatures on the neural mechanisms of different positive emotions are limited, the topographies of the correlation coefficients between the spectral powers in different EEG frequency bands and the participants’ subjective emotional experience ratings may give us a clue on the EEG correlates of these positive emotions. The positive correlation between the alpha band powers over the frontal and central brain area and the ratings on the ‘encouragement’ emotions (awe, gratitude, hope, inspiration, pride) may be explained by the enhanced fronto-parietal alpha oscillation associated with cognitive processing (Palva and Palva, 2007), as these emotions requires more comprehension and cognitive process than the other positive emotions. Alternatively, the alpha activation can also be attributed to the mirror neuron system (MNS) (Oberman et al., 2007), as these emotions are more social-related than the other positive emotions. Indeed, alpha or mu rhythm has been reported previously to be connected with MNS (Muthukumaraswamy et al., 2004; Oberman et al., 2005; Pineda, 2005), although an opposite effect was observed in the present study possibly due to paradigm differences (event-related designs in most previous studies and a naturalistic film-watching design here). The global theta power changes that were shown to be correlated to the ‘playfulness’ emotions (amusement, interest, joy), are likely to reflect the participants’ fun-seeking, or approach motivation in general (Wacker and Gatt, 2010; Walden et al., 2015). While there are many other spatially or spectrally distinct patterns associated with different positive emotions (e.g., the beta and gamma correlation topographies, as well as detailed comparison of the theta and alpha results), more studies are necessary before providing further explanations on these findings.

One interesting finding in the present study is the consistently higher classification accuracies when using the grand-average EEG features, compared to the condition using the individual-based features. The result may seem surprising at a first glance, as human emotional experience is usually considered as very individualized. However, our results are in line with some recent studies proposing the inter-subject correlations of neural responses while perceiving the same emotional stimuli may be a good index of human emotion experiences, especially during conditions with complex and naturalistic stimuli (Dmochowski et al., 2012; Nummenmaa et al., 2012; Trost et al., 2015). Notably, all of the ‘playfulness’ emotions showed substantial increases of the accuracies, whereas the increases were less prominent for the other emotion clusters. The difference in the accuracy increase might be another indicator of the difference of the underlying neural mechanisms among the positive emotions in separate clusters: The film clips with high ‘playfulness’ emotional experiences may elicit more consistent neural responses among the participants. Further studies are necessary to fully address this issue.

Last but not least, there are several limitations of the present study that merit discussion. First, the selection of the ten positive emotions does not provide a complete coverage of all possible positive emotions, but rather expected to include the most representative ones. Second, the MDS-based clusters were based on the participants’ subjective ratings, and the ratings are constrained by the film clips in use. Hereby, the effectiveness of these clusters should be interpreted with cautious. Third, the film-watching paradigm has its own limitation in eliciting emotions. Emotion elicitation by other types of stimuli such as music, texts, or even self-generation, needs to be explored. In addition, the film clips in use are also limited, considering the degree of variation in clip features such as the duration, language, subtitles etc. Fourth, whereas the data analysis procedure in the present study mainly followed the most conventional approach using the classical spectral features, more advanced feature extraction and pattern recognition methods could be employed in future studies, with better classification performances expected (e.g., Chanel et al., 2009; Jin et al., 2014). Nevertheless, to our knowledge, our results provides the first piece of evidence on the EEG correlates of different positive emotions, and the binary classification accuracies based on 1-s epochs suggest that it is promising to implement brain-computer interfaces for real-time recognition of different positive emotions.
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