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Abstract
The goal of this study is to elucidate differences in speak-
ers’ emotional expressions in behavioral and autonomic re-
sponses. Verbal and non-verbal emotional behaviors of inter-
locutors were recorded during two types of dialogs (competi-
tive and cooperative). Autonomic nervous system (ANS) activ-
ity (heart rate and skin conductance level) was also recorded as
an internal measure of emotional reactions toward an interlocu-
tor. To annotate the emotional states of speakers, the speakers
who participated in the recording evaluated their own emotional
states (arousal, valence and positivity) and their interlocutor’s
states along with the time course of the dialogs. The behavioral
and autonomic emotional reactions were used as independent
variables for speaker-independent and speaker-specific models
to predict a speaker’s emotion. The results demonstrate that
speaker-independent models could explain each emotional state
in a certain degree; in contrast, some speaker-specific models
could explain each emotional state with moderate or high accu-
racy. Moreover, a comparison of the absolute standard partial
regression coefficients of each variable of the models revealed
that there are two types of emotional expression styles, one in
which emotional behavioral expression is dominant and another
in which emotional autonomic reaction is dominant.
Index Terms: Emotional speech, facial expressions, autonomic
nervous system activity, spontaneous dialog

1. Introduction
Individual emotional reactions differ among speakers even if
they feel the same emotion. Some react via their voice or facial
expressions, whereas others react only through their autonomic
nervous system (ANS) activity. When a speaker’s emotion is
expressed through their behavioral reactions, listeners can be-
have according with the speaker’s emotional changes. How-
ever, listeners cannot take any action in response to a speaker’s
emotional changes when the speaker’s experienced emotion is
reflected only in autonomic responses; in this case, listeners
cannot obtain any information regarding the speaker’s emotion
because the information is not be conveyed through any com-
munication pathway. These individual differences in emotional
expression among speakers have been previously noted and ex-
amined with traditional experimental techniques [1]. Emotional
discharge theory claims that there is a negative correlation be-
tween external emotional responses in behavior and internal
emotional responses in ANS activity. This negative correlation
between behavior and ANS activity was explained by the sym-
pathetic nervous system being activated by the suppression of
behavioral emotional expression. It was suggested that there
are two types of emotional expression styles. There are two dis-
tinctions based on emotional expression styles, an externalizer
and an internalizer, according to [2]. An externalizer is a per-

son whose emotional behavioral expression was encouraged but
whose emotional autonomic nervous activity was suppressed.
In contrast, an internalizer is a person whose emotional behav-
ioral expression was suppressed but whose autonomic nervous
activity was encouraged. This claim was based on the results of
traditional psychological experiments that tested subjects’ re-
sponses to various types and intensities of stimuli in standard
laboratory settings. However, emotional expression styles in be-
havioral and autonomic responses in naturalistic settings have
never been demonstrated. This work investigated the individ-
ual differences of emotional expression in speakers’ behavioral
and autonomic responses to determine whether there are several
emotional expression styles, such as externalizer or internalizer,
even in naturalistic communication settings.

2. Material
Fifty-two speakers (mean age = 21, SD = 2.34) participated
in two types of dyadic dialogs with a friend of the same sex.
Half of the 26 pairs of speakers were female pairs, and the re-
mainder were male pairs. Each pair committed two types of
tasks: one was a competitive task, and the other was a coop-
erative task. The competitive task was a Japanese word-chain
game, cap verses (Shiritori). The cooperative task was a simple
game in which each pair worked together to raise a score to 100.
Because the pairs were not informed regarding how the scores
could be increased, they had to discuss and cooperate with each
other to determine how to raise their score.

The speakers’ behavior (speech and facial expression) were
recorded as a measure of external reaction during the di-
alogs. Simultaneously, ANS activity (using electrocardiogra-
phy (ECG) and electrodermal activity (EDA)) was recorded as
a measure of internal reaction. Each speaker in a pair sat in
a soundproofed room connected with soundproofed glass. She
faced her interlocutor over the glass, and they talked with each
other using microphones and headphones. Their speech was
recorded in individual channels of an audio stream with a sam-
ple rate for 48 kHz and 16-bit precision. To record a speaker’s
behavior, 4 CCD cameras took images of the speaker. One
of the cameras focused on the speaker’s face. Each speaker’s
behavior was recorded at 30 frames per second on images of
640 × 480 resolutions. For synchronous audio and visual
recording, the audio-visual recording system Potato (Library
Co. Ltd., Tokyo, Japan) was used. Electrocardiography (ECG)
and electrodermal activity (EDA) were recorded using a Biopac
MP150 system (Biopac Systems, CA, USA). Both signals were
recorded at a sampling rate of 1 kHz. To record a speaker’s
ECG, three electrodes was placed 10 cm below the speaker’s
right collarbone and on the lower right and left sections of the
speaker’s ribcage. To record a speaker’s EDA, two Ag-AgCl
electrodes were attached to the volar surfaces of the index and
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Figure 1: Result of dynamic emotional state annotation. Each
panel shows the chronic flow of the emotional state of each
speaker of one pair (for a competitive task).
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Figure 2: Result of Bonferroni’s multiple comparison test.

middle toes of the left foot. For synchronous recording, the
Biopac MP150 system started to record signals after it received
a sync signal sent by Potato at the time of the first camera shut-
ter activity.

3. Dynamic emotional state annotation
Speakers also conducted subjective evaluations for dynamic
emotional state annotation using GTrace [3]. Speakers dy-
namically rated their own emotional state and their interlocu-
tor’s emotional state during the recorded audio-visual video
sequences of 10-minute competitive- and cooperative-task di-
alogs. The target emotional states were arousal (aroused–
sleepy), valence (pleasant–unpleasant) and positivity (positive–
negative). The mean evaluated value of each emotional state
was calculated at 10-second intervals as a measure of the dy-
namic emotional state of the speakers. Figure 1 shows a chronic
flow of the emotional state of each speaker in one pair during
a competitive-task dialog. It indicates that emotional states of
each speaker were consistent in arousal but inconsistent in va-
lence. It suggests that one of the pair felt pleasant, but the other
felt unpleasant because each speaker competed with each other
during a dialog.

A 2 × 3 × 2 repeated measures analysis of variance
(ANOVA) on each pair’s mean absolute difference of each emo-
tional state in each dialog was performed with the factors of
task (competitive and cooperative), emotional states (arousal,
valence and positivity) and gender (female and male). The re-
sult revealed a significant interaction between task and gender
(F (1, 24) = 6.04, p < 0.05). Bonferroni’s multiple compari-
son test revealed that a significant simple main effect of task on
male speakers (F (1, 24) = 4.99, p < 0.05, see Fig. 2).

4. Feature calculations
Following [4–12], features of external and internal emotional
responses were calculated. Facial and vocal features were cal-
culated as features of external emotional responses, and fea-

tures of heart rate and skin conductance were calculated as in-
ternal emotional responses. Mean values of heart rate and skin
conductance were calculated at 10-second intervals. After cal-
culating frame-based facial features and utterance-based vocal
features, the mean values of each feature were calculated at 10-
second intervals to adjust analysis units among modalities.

4.1. Vocal features (SPEECH)

Seven vocal features were extracted from segmented speech sig-
nals according to [4–6]. Each speech signal was segmented
based on 200-ms inter-pausal units (IPUs). The features were
the maximum and standard deviation of the fundamental fre-
quency (F0), the short-term power, the first cepstral coefficient,
and the speaking rate. To avoid the influence of outliers, the
maximum and standard deviation were calculated after remov-
ing the upper and lower 10% of the data. For pitch features, the
fundamental frequency was extracted from speech signals using
STRAIGHT [13]. For voice quality features, the first cepstral
coefficients were extracted from the voiced speech signal. For
speaking rate features, the number of morae was divided by the
duration of each utterance after counting the number of morae
in one utterance.

4.2. Facial features (FACE)

Facial feature detection software, FaceSDK 4.0 (Luxand, Inc.,
VA, USA), was used for extraction of facial points. Twenty-
six facial points (4 points in the eyebrows, 10 in the eyes, 3
in the nose, 8 in the mouth and 1 on the chin) were adopted
following [7–9]. Figure 3 shows the facial points used for a
facial feature calculation. An affine transform based on two ref-
erential points of face positions extracted using FaceSDK was
performed. First, a standard facial expression for each speaker
that was selected by the experimenter was transformed to adjust
for the different facial sizes among the speakers. Then, each
facial point in each frame was transformed based on the ad-
justed standard facial expression to eliminate head motions in a
sequence. To adjust in-plane rotation, each set of facial points
was transformed based on an angle extracted using FaceSDK.
Cubic interpolation was performed for frames from which fa-
cial points could not be extracted. For temporal smoothing, a
5-frame central moving average was calculated for each point
after the cubic interpolation was performed.

Each angle θ between a line connecting two of the 26 facial
points and a horizontal line was calculated according to

θi,j = arctan

(
pi,y − pj,y

pi,x − pj,x

)
, (1)

where pi and pj are two different facial points in the same frame
(i = 1, 2, 3, ...n, j = 1, 2, 3, ...n, i ̸= j, n = 26) and pi,x

and pi,y are the coordinate points on the x axis and y axis of
the i-th point, respectively. To describe how much the feature
values changed relative to their values for the neutral face, delta
features were calculated according to

∆θt = θt − θb, (2)
where θt is the vector of θi,j for the t-th frame (t = 1, 2, 3, ...T ,
T = 18000) and θb is the vector of θi,j for the frame of the
neutral face. The frames of the neutral face were selected by
one of the authors from the frames that were recorded before or
after the dialog. The number of facial features was 325.

To reduce the number of facial features, principal compo-
nent analysis was performed on all facial features. Then, 37
principal components of facial features were obtained explain-
ing 92% of the original facial features. The 37 components
(PC1–37) were adopted as facial features for the following anal-
ysis.
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Figure 3: Facial points and facial feature calculations. An an-
gle θ between two different facial points in the tth frame .
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Figure 4: ECG signal for a calculation of heart rate (a) and
EDA signal for a calculation of skin conductance level (b).

4.3. Heart rate (HR)

Five heart rate features were calculated from the ECG signal of
each speaker following [10–12]. For the calculation of heart
rate features, the heart rate (beat per minute) and RR inter-
vals were extracted from the speaker’s ECG signal using the
Biopac MP150 system and were downsampled to 200 Hz. To
normalize individual difference of absolute heart rate and RR
intervals among speakers, the mean resting heart rate and RR
interval were subtracted from the heart rate and RR intervals,
respectively. As heart rate variability features, the followings
were calculated: the average and standard deviation of the heart
rate, the standard deviation of RR intervals (SDNN), the square
root of the mean squared differences of successive RR intervals
(RMSSD), and the proportion of the number of interval differ-
ences of successive RR intervals greater than 50 ms (pNN50);
the last was calculated by dividing the number of such intervals
by the total number of RR intervals during each 10-second pe-
riod. Figure 4(a) shows an example of an ECG signal for heart
rate feature calculations.

4.4. Skin conductance level (SCL)

Six skin conductance level features were calculated from the
EDA signal downsampled to 200 Hz following [11, 12]. To nor-
malize individual difference of absolute skin conductance lev-
els among speakers, the mean resting skin conductance level
were subtracted from the skin conductance level. These fea-
tures were the average and standard deviation of the skin con-
ductance level, the average and standard deviation of the deriva-
tive, the average of the derivative for negative value only, and
the proportion of negative samples in the derivative compared
with all samples. These six features were derived from both the
raw SCL signals and the low-pass-filtered signals using a cut-
off frequency of 0.2 Hz. Total number of features comes to 12.
Figure 4(b) shows an example of an SCL signal.
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Figure 5: Barplots of R2 for the speaker-independent model
(SI) and the mean R2 and its SD for the speaker-specific models
(SS).

4.5. Correlations among features

No feature exhibited a strong correlation (|r| ≥ 0.75) with
features from a different modality. The SPEECH features and
FACE features exhibited no strong correlations (|r| ≥ 0.75)
among their own modalities. Three SCL features, the average
and standard deviation of non-filtered SCL and the average of its
derivative, exhibited strong correlations (|r| = 1) with the cor-
responding feature calculated from the low-pass-filtered SCL.
Those three features were not used in the following analysis.

5. Correlations between emotional states
and each feature

To investigate the relationship between three emotional states
and each feature, the correlation coefficients among them were
calculated. Each emotional state exhibited a weak correlation
with each feature. The features that exhibited the strongest cor-
relation with two emotional states are all the SPEECH features,
i.e., the maximum of the short-term power feature with valence
(r = 0.19), the maximum of the first cepstral coefficient with
arousal (r = −0.16). The FACE feature, PC1, showed the
strongest correlation with positivity (r = 0.15). The ANS fea-
tures did not have any correlation coefficients greater than 0.10
with any emotional state. Among the FACE features, 6 features
(PC16, 17, 21, 26, 31, and 34), 4 features (PC1, 3, 17, and 35)
and 5 features (PC1, 11, 14, 17, and 19) exhibited correlation
coefficients greater than 0.10 with arousal, valence and positiv-
ity, respectively.

6. Multiple regression analysis on
individual emotional expressions

6.1. Procedure

To elucidate speakers’ differences of emotional expression in
behavioral and autonomic responses, multiple regression anal-
ysis was conducted to model speaker-independent and speaker-
specific emotional expression to predict speakers’ emotions.
The self-evaluated emotional states (arousal, valence and posi-
tivity) were used as the dependent variables, and the vocal, fa-
cial and ANS features were used as independent variables for
the multiple regression analysis. A step-wise regression based
on the Akaike information criterion (AIC) was performed. The
bidirectional elimination approach was adopted for model se-
lection.

To compare the results of multiple regression analysis be-
tween the speaker-specific models and the speaker-independent
model, bar plots of R2 of the speaker-independent model and
the mean R2 and its SD for the speaker-specific models are
shown in Fig. 5.
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Figure 6: Examples of the contribution rates of standard partial
regression coefficients selected in some speaker-specific models.
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rates of autonomic features selected in each speaker-specific
model.

6.2. Results

The R2 values of the speaker-independent models for each emo-
tional state were 0.22 (arousal), 0.18 (valence) and 0.20 (posi-
tivity), respectively (Fig 5). The models predicted each emo-
tional state with moderate accuracy, with significance indicated
by the F-test (p < 0.001).

The R2 values of speaker-specific model for predicting
each emotional state were greater than 0.45. The highest R2

values were 0.84, 0.80 and 0.80 for arousal, valence and pos-
itivity, respectively. These results suggest that integrated use
of behavioral and autonomic features strongly correlates each
emotional state. In contrast, the lowest R2 values were 0.21
(arousal), 0.19 (valence) and 0.19 (positivity). These models
explained each emotional state well, with significance indicated
by the F-test (p < 0.001). However, their prediction accuracies
were moderate.

7. Discussion
There are two types of emotional expression styles, externalizer
and internalizer, according to [1, 2]. An externalizer is a per-
son whose emotional behavioral expression is encouraged but
whose emotional autonomic nervous activity is suppressed. In
contrast, an internalizer is a person whose emotional behavioral
expression is suppressed but whose autonomic nervous activ-
ity is encouraged. To demonstrate whether there are several
emotional expression styles, such as externalizer and internal-
izer, even in naturalistic communication settings, the rate of
the absolute standard partial regression coefficient of each se-
lected feature was calculated as the contribution rate for each
speaker-specific model and compared with each selected fea-
ture within each of the 52 speakers. The rate of an absolute
standard partial regression coefficient was calculated by divid-
ing the absolute standard partial regression coefficient of each
feature by the summation of them for all selected features.
As a result, the models for which the contribution rate of the
SPEECH and FACE features accounted greater than 50% be-
came 44 (arousal), 45 (valence), and 44 (positivity). In contrast,
the models for which the contribution rate of the SCL and HR
features accounted for greater than 50% became 8 (arousal), 7

(valence), and 8 (positivity). This result indicated that whereas
there were many speakers for which their emotions were re-
flected in their external reactions (vocal and facial expressions),
there were speakers for which their emotions were also reflected
in their internal reactions (autonomic nervous system activity).

Figure 6 shows the contribution rates of features in two
of the speaker-specific models for each emotional state. The
contribution rates were calculated for four groups (SPEECH,
FACE, HR and SCL). Among the two models for each emo-
tional state, one is such that the contribution rate of the SPEECH
and FACE features accounts for more than that of the SCL and
HR features (greater than 80%), and the other is such that the
contribution rate of the SCL and HR features accounts more
than that of the SPEECH and FACE features (greater than 60%).
It was suggested that there would be two types of emotional ex-
pression styles, one in which emotions are strongly reflected
in the speaker’s external reactions (externalizer) and another in
which emotions are reflected in the speaker’s internal reactions
(internalizer).

To demonstrate whether there are clear distinctions be-
tween externalizers and internalizers among the 52 speakers,
histograms of speakers based on the contribution rate of au-
tonomic features selected in each speaker-specific model are
shown in Fig 7. The x-axis indicates the contribution rate of
autonomic features. When the x-axis is 0.0, the speaker’s emo-
tion is only reflected in the speaker’s external reactions. When
the x-axis is 1.0, the speaker’s emotion is only reflected in
the speaker’s internal reactions. According to the left panel of
Fig. 7, the histogram of arousal exhibits two peaks in the distri-
bution; one is near 0.0, and the other is near 0.6. This distribu-
tion suggests that there are two types of emotional expression
styles (externalizer and internalizer) among speakers when they
feel arousal. The right panel of Fig. 7 also indicates that the his-
togram of positivity exhibits two peaks in the distribution; one is
near 0.0, and the other is near 0.5. The distribution suggests that
there are also two types of emotional expression styles among
speakers when they feel positive. One of emotional expression
styles could be an externalizer; however, the other could not
be an internalizer because its peak is near 0.5. This result im-
plies that positivity was reflected in both external and internal
reactions equally. This type of emotional expression style was
previously described as a generalizer, whose emotions are re-
flected both in behavioral expressions and autonomic nervous
activity, by [1]. The second peak at approximately 0.5 in pos-
itivity could correspond to groups of generalizers. In contrast,
the histogram of valence exhibits a monomodal distribution for
which the peak is approximately 0.0. This distribution suggests
that valence was strongly reflected in external reactions and that
there is only one emotional expression style (externalizer) with
respect to valence.

8. Conclusions
This paper investigated individual differences in speakers’ emo-
tional expressions through behavioral and autonomic responses
to demonstrate whether there are several emotional expression
styles, such as externalizer and internalizer, even in naturalistic
communication settings. As a result, it was found that there are
two types of emotional expression styles for arousal and posi-
tivity (externalizer and either internalizer or generalizer)
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