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Abstract

Technology that detects user personality based on user speech signals must be researched to enhance the
function of interaction between a user and virtual agent that takes place through a speech interface. In this
study, personality patterns were automatically classified as either extroverted or introverted. Personality
patterns were recognized based on non-verbal cues such as the rate, energy, pitch, and silent intervals
of speech with patterns of their change. Through experimentation, a maximum pattern classification
accuracy of 86.3% was achieved. Using the same data, another pattern classification test was manually
carried out by people to see how well the automatic pattern classification of personal traits performed. The
results in the second manual test showed an accuracy of 86.6%. This proves that the automatic pattern
classification of personal traits can achieve results comparable to the level of performance accomplished
by humans. The Silent Intervals feature of the automatic pattern classification performed admirably while
in the second test done by people, pitch was a key factor in producing better accuracy. This information
will be useful and applicable in future studies.

Keywords: Voice User Interface, User Personality Trait, Speech Processing, Human-Computer Interac-
tion.

1. Introduction

The functional content market, fueled by the
robotics, gaming, and education industries, is expe-
riencing rapid growth with each passing year. This
market not only has industrial merit but also is a sub-

ject well worth researching. Currently, there are still
not enough sources and application technologies re-
lated to interfaces used in functional contents. To
address this issue and advance the functional con-
tent market along with related industries, focused re-
search on innovative interfaces and their application
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to content production must be undertaken.1,2,3,4

To provide the user with user-oriented intelligent
services, a technology that identifies and processes
human thoughts, personality traits, and emotions for
efficient and accurate recognition of user features
is required. User speech signals contain not only
linguistic meanings but also elements of the emo-
tions which are the features of the speaker. Re-
search in emotion recognition from speech has been
taking place for decades and is expected to break
new ground in the future. However, it must be fur-
ther honed as the expression of emotions tends to
be more subjective than objective. In contrast to the
volatility of emotions, user personalities tend to be
consistent, and the inherent features they present can
be analyzed to identify user features.

The aim of this research is to propose an ap-
proach for automatic personality trait classification
based on non-verbal behavioral cues characterizing
the way someone speaks, as well as to gain a bet-
ter understanding of user personality traits by an-
alyzing user speech information. In the middle of
preliminary studies, we took much interest in both
extroversion and introversion, though there are vari-
ous kind of personality traits, since this pair of traits
is usually perceived more quickly and accurately by
people5 and computational devices. In addition, it is
supposed to be useful for the purpose of developing
a core technology to be applied to foreign language
learning contents (provision of contents to suit dif-
ferent users) that will be a final target application in
our ongoing work.6,7

To achieve automatic personality trait classifica-
tion, a variety of non-verbal cues in speech signals,
such as the changes in the speed, energy, and pitch
of speech, were identified and analyzed based on ex-
isting analytical and cognitive psychology research.
In this paper, silent intervals, such as the length,
proportion, and distribution of silent intervals, were
mainly taken into consideration for the roles and va-
lidity of user personality patterns.

Source technology developed based on this re-
search can be effectively applied to various types
of e-learning contents as well as systems that re-
quire user feature information such as robot dialog
systems and automated responses to consumer in-

quiries. It can also be applied to functional contents
designed for the psychological treatment and reha-
bilitation of individuals.

The paper is organized as follows: section 2 out-
lines and analyzes existing research related to this
research; section 3 outlines the feature vectors in
voice information used to estimate user personality
traits and how they are extracted; section 4 outlines
a pattern classification method based on the feature
vectors extracted in section 3 used to determine user
personalities; section 5 outlines experimental pro-
cesses and outcomes; section 6 describes a supple-
mentary experiment and discusses its result support-
ing our approach; and, section 7 provides the con-
clusion of this research.

2. Related Work

Analytical psychologist Carl Gustav Jung classified
personalities as extroverted and introverted based on
the type of conscious attitude exhibited by an in-
dividual’s personality. Conscious attitude is deter-
mined by an individual’s mental energy. If an in-
dividual’s mental energy is externally oriented, the
individual is classified as having an extroverted at-
titude; if an individual’s mental energy is internally
oriented, the individual is classified as having an in-
troverted attitude. In other words, personalities are
classified as extroverted or introverted depending on
whether their mental energies are externally oriented
or internally oriented.8

J. Dewaele and A. Furnham researched the in-
fluence of an individual’s personality on the use of
mother tongue (L1) and a second language (L2),
and discovered that extroverted individuals had a
better command of L2 while introverted individ-
uals were hesitant and not fluent in the use of
L2.6 Although this study was related to the flu-
ency of L2, it also showed the promise of extrover-
sion/introversion classification based on voice data
extracted from conversations.

A. Furnham et al. researched the correlation
of personality and intelligence in the field of aca-
demics. Extroverted individuals were found to be
fluent, but their speech was marked by many mis-
takes. The conclusion was reached that tools rather
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than language would be better used in intelligence
assessments of extroverted individuals. On the other
hand, introverted individuals were more thoughtful
in their speech, used a more refined vocabulary, and
made fewer mistakes, leading to the conclusion that
language could be effectively used in intelligence
assessments of introverted individuals.9 From this
study, we confirmed that silent intervals and slow
speech, which is a sign of thoughtfulness, are likely
pronounced among introverted types. These fac-
tors are necessary data for extroversion/introversion
classification.

A. J. Gill and J. Oberlander researched how an
individual’s personality influences an individual’s
public speaking performance by analyzing a bi-gram
of writing prepared using corpus linguistics and cat-
egorizing it into eight features. They found that ex-
troverted individuals used economical language and
did not talk about themselves. They also found that
extroverted individuals used a far greater number
of words (with a tendency to use positive words)
than introverted individuals and maintained an open
attitude. In contrast, introverted individuals did
not address the future, did not use the word “we,”
and tended to use negative words frequently.10 This
study mainly focused on linguistic analysis and in-
terpretation while lacked an in-depth look into non-
verbal cues. We realized the need for further inves-
tigation.

K. R. Scherer and U. Scherer studied the gen-
eral public, jurors, and government employees to de-
fine the features of extroverted and introverted per-
sonalities. During interviews, extroverted subjects
were more at ease than introverted subjects and also
spoke more frequently and more loudly.11 An ex-
periment conducted by K. R. Scherer also proved
that the voices of extroverted individuals had higher
pitches and wider sound change ranges.12 This study
showed that the decibel range and energy expelled
by test subjects play an integral role in extrover-
sion/introversion classification. There was a real-
ization among us that the change in pitch is more
important than the absolute pitch numbers.

W. Apple et al. experimentally proved that lis-
teners use acoustic properties in making personal at-
tributions to speakers. Speakers with high-pitched

voices were judged less truthful, less emphatic, less
potent (smaller, thinner, faster) and more nervous.
Slow-talking speakers were judged less truthful, less
fluent, and less persuasive, and were seen as more
passive (slower, colder, passive, weaker) but more
potent.13 This study provided raw data proving that
the pitch and speed of a person’s voice plays a criti-
cal role in classifying personality traits.

Although there is a variety of existing studies, re-
search on the sound elements of speech is quantita-
tively and qualitatively insufficient. Speech features
that have been researched so far mainly include the
speed, energy, and pitch of speech. Moreover, no in-
depth studies exist on how well such speech features
would be recognized when applied to an automated
(computerized) personality classification system.

In contrast to the significant amount of previous
research, we describe an automated system for per-
sonality prediction in the context of spoken conver-
sations. In our research, only non-verbal cues ex-
hibited in a user’s speech have been used to classify
the user personality traits: extroversion/introversion.
Those cues are supposed to be manifested in non-
verbal cues extracted from speech signals. In ad-
dition, they could be technologically measured and
assessed for pattern recognition.

3. Personality Trait Classification and
Non-Verbal Cues

The personality trait of a user is expressed through
the user’s various behaviors. In light of existing re-
search conducted by a number of researchers, extro-
verted and introverted individuals exhibit a differ-
ence in vocabulary selection and sentence structur-
ing. However, to analyze linguistic information, a
speech recognition engine in company with a natu-
ral language processing unit is required which could
be a burden of computation and memory to small
and mobile devices. In this study, without a speech
recognition and natural language processing unit,
non-verbal cues of exhibited in user speech were an-
alyzed to determine the personality trait of a com-
puter user through a voice interface. In other words,
we made an algorithm to classify a user personality
trait based on the speech uttered by the user includ-
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ing the manner of speaking.

Speech Rate


Decision


Personality


Energy Variation
 Pitch Variation


Speech Input


Silence Statistics


Fig. 1. Block diagram of user personality
classification.9,11,12,13

Previous studies have shown that the extroverted
tend to talk more frequently, more quickly, and more
loudly than the introverted.8,9,11 From those studies,
we assumed that the common reason of the above
phenomenon is originated from the relationship be-
tween speaking and thinking. The introverted tend
to think what they are going to say beforehand as
well as in the middle of speaking compared with
the extroverted. From this hypothesis, we applied a
new feature, a silent interval, to user personality trait
classification. Figure 1 shows the utilization for user
personality classification. We mainly extracted four
kinds of information from the speech: speech rate,
the energy of speech, the fundamental frequency re-
lated with pitch, and silence statistics such as abso-
lute length of silence, the proportion of silence in to-
tal speech, the frequency of long silence, the length
of intervals between the end of a question, and the
beginning of an answer.

Speech rate (speed of talking) is a measurement
of how many words or syllables are spoken within a
time unit. While it is difficult to quantify how much
an individual talks, talking speed can be measured
by counting how many syllables and words are spo-
ken in a set talk duration.14 In this study, only the
non-linguistic cues in speech signals were measured
to determine speech rate without assessing linguis-
tic information. Hence, speech rates are measured
as follows based on the enrate system presented by
Nelson Morgan15:

1. Half-wave rectified input signals are passed
through a low-pass filter and down-sampled in
100Hz.

2. 1- to 2-second windows overlapped by more
than 75% are applied to the signals.

3. A short-term spectrum is obtained through the
discrete Fourier transform (DFT).

4. Spectral moment is calculated.

It has also been found that the voices of the extro-
verted are generally louder and higher-pitched11,12;
this can be determined by observing the change in
the average energy and pitch of speech signals for
a set duration. Energy can be easily calculated
through spectrum analysis. However, the absolute
value of energy of individuals with loud voices is
likely to be high and cannot be reliably used to
determine extroverted and introverted personalities.
Therefore, the relative rate of change in energy,
rather than an absolute value of energy, is mainly
observed and compared with speaker personality.
Pitch-change can be observed by calculating the au-
tocorrelation between the length of W and the delay
intervals in the length of d using the formula shown
below. From the calculated values, repeated peak
intervals can be determined as the pitch.16

Cx(d) =
n0+W

∑
n=n0

x(n)x(n−d) (1)

However, the pitch of an individual’s voice is
unique, and using an absolute value can lead to a
misjudgment. Thus the level of pitch-change during
speech may be more useful than an absolute value
of pitch to analyze the correlation between pitch-
change and user personality.

Since the introverted are generally more metic-
ulous in their selection of communicated thoughts
and vocabulary, it is advisable to calculate statistics
on the frequencies and lengths of their silent inter-
vals (silent periods in speech) for a more accurate
analysis.8 The speech information of subjects is di-
vided into silent intervals and vocal intervals, and
the lengths of the intervals are calculated and con-
verted as follows:
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Suser = {v1,s1,v2,s2, ...,sn−1,vn}, (2)

v: length of vocal intervals , s: length of silent
intervals.

Three types of information are extracted from the
data converted as shown above. The first type is how
long the silent intervals are. The mean value and
standard deviation of silent interval lengths of each
subject are calculated:

savg =
∑n−1

i=1 si

n−1
,ssd =

√
∑n−1

i=1 (si − savg)2

n−1
(3)

The second type is a calculation of the ratio of silent
intervals in a single total speech interval as follows:

SR =
∑n−1

i=1 si

∑n
i=1 vi +∑n−1

i=1 si
(4)

The third type is the total number of silent intervals
in a set duration. Silent intervals of more than an
empirically pre-determined length are counted.

To analyze the relationship between silent inter-
vals and user personality, we executed preliminary
experiments with 20 extrovert students and 20 intro-
vert students who were randomly selected in Sejong
University, Seoul, Korea. The experiment discov-
ered that user personality particularly influences the
proportions of silent intervals and the frequency of
long silences. The result was shown by boxplots.†

Figure 2 shows a comparison of the proportions
of silent intervals in speech. The test showed a no-
ticeable difference between the proportions of silent
intervals produced by introverted and extroverted
subjects. From this finding, it was deduced that the
high degree of freedom in the test resulted in the
extroverted talking more and the introverted talk-
ing less. This is consistent with the findings of De-
waele 8 which dictate that the extroverted are gener-
ally more fluent while the introverted are generally
hesitant, and the findings of Furnham 9 which dic-
tate that while the extroverted are generally fluent in
speech, the introverted generally think more in terms

of conversations. Thus, this experiment confirmed
that such features are important variables that can
be used to identify introverted and extroverted indi-
viduals.
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Fig. 2. Proportion of silent intervals in speech.(Source:
findings from the preliminary experiments for this study)

Figure 3 shows a comparison of the numbers of
silent intervals over a set length. In this experiment,
the numbers of silent intervals longer than 2 seconds
were added up for each subject. The numbers of
silent intervals produced by extroverted/introverted
subjects are shown. The average number of silent
intervals produced by the extroverted was 1.1 and
the number of silent intervals was usually between
0 and 3. However, the average number of silent in-
tervals produced by the introverted was 3.2. This
means that the introverted did not speak for a pro-
longed period more often than the extroverted and
that the number of long silent intervals can also be
used as an important variable to identify personali-
ties due to reflecting hesitation.

†A boxplot shows a box and whisker plot with one box. The boxes have lines at the lower quartile, median, and upper quartile values.
The whiskers are lines extending from each end of the boxes to show the extent of the rest of the data. Outliers(red +) are data with
values beyond the ends of the whiskers.
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Fig. 3. Number of silent intervals in an extended dura-
tion(long silence).(Source: findings from the preliminary
experiments for this study)

In addition, we took much interest in a specific
silent interval, the length between the end of a ques-
tion and the beginning of an answer, which we called
“Reaction Time”. It was supposed to be useful for
classifying extroversion/introversion since the intro-
verted are generally expected to take more time to
collect and build their thoughts before speaking than
the extroverted.[Figure 4]
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Fig. 4. Reaction time (Source: findings from the prelimi-
nary experiments for this study)

The various statistics regarding silent intervals
were generally expected to differ by personality and
were critically examined in this study. On the hy-
pothesis that the initial section of a silent inter-
val contains only background noise without voice
and that background noise does not change sud-
denly while speaking takes place, a threshold was set
based on the energy value in this section to examine
silent intervals. Subsequently, sections with energy
lower than the threshold can be classified as silent
intervals.17 Although this method was not optimal,
it was simple and effective enough for determining
user personality trait.

4. Pattern Classification Method

The Support Vector Machine (SVM), which recently
has been widely utilized in the field of machine
learning, was used for user personality classifica-
tion in this study. As the SVM provides a powerful
kernel function that can identify the structural fea-
tures of data, it is known to provide a more reliable
estimation than the Multiple Discriminant Analysis
(MDA), Logit, and Artificial Neural Network.18,19

In this study, C-Support Vector Classification (C-
SVC) was used, and the Radial Basis Function
(RBF), designed to identify a non-linear relationship
between a target value and input feature, was used
as a kernel function. C-SVC solves the primal opti-
mization problem shown below. While ϕ(x) projects
x in the higher dimensional space, C performs the
role of a regulation parameter.20

minω,b,ξ
1
2

ωT ω +C
l

∑
i=1

ξi

sub ject to yi(ωT ϕ(xi)+b)> (1−ξi), ξi > 0,

i = 1, ...l (5)

To improve the estimation accuracy of C-SVC,
input vector values must be normalized between -1
and 1 or 0 and 1, and a process of searching for val-
ues of C and γ that produce the highest estimation
accuracy is required. In this study, the grid-search
method was used to find the optimum values of C
and γ , and 5-fold cross-validation was used to find
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values that produced the highest estimation accu-
racy. A LIBSVM package was used for grid search
analysis and C-SVC estimation.21

5. Experiment and results

To analyze user personalities and speech behaviors,
a personality test was carried out on subjects as a
preliminary test to determine their personalities. The
personality test consisted of a survey consisting of
10 questions.22 Subjects who took part in the sur-
vey were male and female university students be-
tween 20 and 29 years of age. From a total of
138 subjects, 20 introverted subjects (1 to 5 points)
and 20 extroverted subjects (8 to 10 points) were
selected for a main test. To exclude subjects who
were neither extroverted nor introverted (based on
the survey results), only students who were either
clearly extroverted or introverted were included in
the second round of selection since subjects that
even trained professionals would face difficulty in
classifying were not compatible with the objective
of this study. However, we also made sure there
were an equal number of extroverted and introverted
test subjects for the study. The reasoning behind
having an equally number of extroverts and intro-
verts was based on the goal of building an automated
personality pattern classification system. The voice
data from the subjects was needed to train the sys-
tem and test its performance.

The main test carried out on the 40 subjects in-
volved a question and answer session for the purpose
of recording their voices in Korean. The questioner
asked each subject two sets of 5 questions [Table 1]
regarding their families and everyday life. The total
of 80 sets of voice data (280 minutes) were used in
the experiment. All voice data were set in sampling
frequencies of 16khz, mono channels, and 16bits.
Data recording took place in a quiet laboratory envi-
ronment.

A total of seven features sets were extracted from
the acquired voice data. Table 2 describes the seven
feature sets used in this experiment and their mean-
ings. Speech rate (Speech speed), fundamental fre-
quency for pitch, and energy were first extracted
from voice data as a baseline. In addition, we ex-

tracted the features related to silence (the critical
subject of analysis in this research) such as silent
interval lengths/ratios, long silent intervals, and the
lengths of reaction time. Each feature set was nor-
malized to a value between 0 and 1. The purpose
of data scaling is to avoid attributes in greater nu-
meric ranges dominating those in smaller numeric
ranges. The regulation allowed each variable to have
an equal influence on the target variables.

Table 1. List of questions.(Source: findings from the prelimi-
nary study)

set Question
What is the most important thing in your
life?
Would you explain your life since your
childhood?

1 Would you introduce your family?
What do you like to do now and why?
What kind of role do you play in a group
of colleagues?
What is your merit/weakness?
What is your future plan?

2 What kind of difficulty have you
experienced?
What do you think about your reputation?
What is your hobby?

Table 2. Description of input variables.(Source: findings from
the preliminary experiments for this study)

Feature Set Description
F1 Speech speed
F2 Pitch (Fundamental frequency)
F3 Energy
F4 Lengths of silent intervals
F5 Proportion of silent intervals

in total speech
F6 Number of silent intervals

longer than a set length
F7 Lengths of intervals between

the end of a question and
the beginning of an answer
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To conduct an experiment that uses C-SVC, a
kernel function and parameter must first be set.
When using a linear kernel, only C (penalty param-
eter) must be set; however, because the RBF nonlin-
ear kernel is used in this experiment, the value of γ
was also required to be set. The optimum values of
C and γ for each feature set were searched using the
grid search method, which involves increasing the
value of C and γ by 1 from -10 to 10.

Figure 5 shows a comparison of the classifica-
tion accuracy of the seven feature sets through 5-
fold cross validation. The average classification ac-
curacy of energy was found to be 73.8%. This find-
ing can be attributed to the fact that the voices of
the extroverted were generally louder. However,
while the voices may have been physically louder,
the fact that the extroverted are likely to be psy-
chologically more active in their speech behavior
may also have played a role. In this experiment,
speaker personality was most accurately exhibited
in the proportion of silent intervals in speech (F5)
at an accuracy level of 76.3%. The silence-related
features of F4, F5, F6, and F7 also showed high
levels of accuracy. Hence, speaker personality was
best exhibited in various statistics on silence in nat-
ural speech. The test not only produced different re-
sponses from subjects but also enabled the subjects
to exhibit personality-based tendencies in their re-
sponses to questions.

Fig. 5. Classification accuracy of each feature set.(Source:
findings from the experiments of this study)

It seems that each feature of Table 2 plays a con-
siderable role in personality trait classification. To
increase the accuracy of classification we tried to an-
alyze the relationship among those features (F1-F7)
and classify personality traits with combined fea-
tures. Since previous studies have shown that the
speed, pitch, and energy of speech are points of ref-
erence for classifying the extroverted and the intro-
vert, we regarded the combination of F1, F2, and
F3 as a baseline. The experiment on the baseline
showed that the accuracy went up to 82.5% [Figure
6]. Next we added the other features, F4, F5, F6, and
F7, to the baseline in order. F5 and F6 improved the
accuracy up to 85% and 83.8%, respectively. How-
ever, F4 and F7 deteriorated the accuracy of classi-
fication. In the last step, we combined the baseline
with F5 and F6. It resulted in the highest accuracy,
86.3%.[Figure 6] It means that F5 and F6 supported
the baseline for boosting up the classification accu-
racy (complementary relationship).

Fig. 6. Classification accuracy of each feature set.(Source:
findings from the experiments of this study)

6. Discussion

The experimental results showed that our approach
could be valid for user personality trait classifica-
tion. However, it is doubtful whether the questions,
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which were used for speech data collection, properly
reflected user personality or not. Therefore, a sup-
plementary experiment was executed to assess the
questions for their suitability. The test was to predict
the personality traits attributed by human listeners to
speakers who they listened to for the first time and
who they were not acquainted with. It was carried
out on 25 randomly selected subjects (13 males and
12 females). The personality test consisted of a sur-
vey of 20 listening questions. Subjects had to listen
to the conversations which were user’s answers to 10
questions, then made a decision, whether the user is
extrovert or introvert. Also they chose their reason-
ing among five factors: speech speed, energy, pitch,
silent intervals, and reaction time taken to reply a
question.

The result showed that the average of classifica-
tion accuracy was 86.6%. It is similar to the ac-
curacy achieved by our previous research, 86.3%.
Most of subjects (over 50%) referred personality
trait classification to speech energy and pitch [Fig-
ure 7] while silent intervals were the most power-
ful feature in the result of automatic personality trait
classification by computer. The reason was analog-
ically inferred that silent intervals are related with a
quantitative analysis while the energy and pitch of
speech is related with qualitative analysis. Humans
may be unfamiliar with calculating silent intervals in
the middle of listening user’s speech.

Fig. 7. Classification accuracy of each feature set by hu-
man.(Source: findings from the experiments of this study)

There was concern of bias creeping into the an-
swers due in part to the type of question that was
asked. We carried out another simple test to con-
firm if subjects had given biased answers. In this
subsequent test, a transcript of the voice data that
was devoid of any non-verbal cues was shown to 20
students who were not members of the final group.
They were asked to analyze the transcripts and de-
duce whether the test subject was extroverted or in-
troverted. Their accuracy was 32.5%. This percent-
age is lower than a probability of 50% when using
random selection. Therefore, this shows that classi-
fying personality traits based on transcripts of voice
data is a very difficult task. Conversely, it also shows
that this results from this study are not biased from
the standpoint of the type of questions. Further-
more, the accuracy rate of manual pattern classifi-
cation reached 86.6% when non-verbal cues were
presented along with the voice data taken from the
discussion section. Overall, the content of the voice
data as well as the linguistic information did not
show any strong bias.

The objective of this study is to build a computer
system that can analyze a person’s personality as ac-
curately as people are able to analyze personality
traits of other people through one-on-one conversa-
tions. In the process used by us, only non-verbal
cues were used to analyze personality traits in or-
der to exclude the voice recognition processes. The
exclusion of voice recognition makes it impossible
to transcript the voice signals. Hence, natural lan-
guage processing is excluded as well. The reason
for excluding voice recognition is due to its com-
putational resource demands, which will consume
battery power rapidly. This would make it incom-
patible with smart devices and other next-generation
computational devices. Focusing on non-verbal cues
affords high automated performance when applied
to extroversion/introversion classification and while
this may be simplistic, it can be broadly used in
many applications. However, this automated system
has inherent limitations in analyzing a wide range of
personalities.

The results from this study could be used to
recognize a wide range of emotions. The factors
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that limit Emotion Recognition through voice data
are individual and cultural characteristics, socio-
economic background, and differences in the way
people express fleeting emotions. Thus, building an
automated system for this type of task is too difficult.
However, one’s personality emerges subconsciously
and while certain traits may be acquired tempera-
ment is usually determined at birth. We believe
that if a common emotional response pattern shared
among extrovert/introvert people is identifiable then
the current system can be vastly improved through
using extroversion/introversion classification in ad-
dition to the new process. This improved system
could not only be deployed in smart devices but also
in next-generation computing systems.

7. Conclusions

In this study, as well as the baseline such as the
speed, pitch, and loudness of speech, various statis-
tics on silent intervals were analyzed to determine
the level of their contribution to personality trait
classification by using actual data and an automatic
decision-making algorithm. Consequently, it was
discovered that user personality is strongly exhib-
ited in the non-verbal cues of speech interface. It
was also discovered that the proportion of silent in-
tervals in speech produced when the subjects were
answering questions is the most efficient non-verbal
cue that can be used to identify speaker personal-
ity. In addition, speed, pitch, and energy in com-
bination with some silent interval features achieved
the accuracy of 86.3% for extroversion/introversion
classification. In the future, new features, the type
of questions, and any other non-verbal cue will re-
quire further study. Furthermore, it can be helpful
for the extension of multi-modal approaches to study
the effect of different modalities. The ability to rec-
ognize personality traits of users will be a necessary
step towards natural-like man machine interaction,
as promised by the vision of affective computing.
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