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Abstract

as the SSPNet Speaker Personality Corpus (SPC) and the Electronically Activated Recorded (EAR) corpus have been labeled
by external raters employing questionnaires to gather Big-Five
attributions, such as the Big-Five inventory of 10 items (BFI10) [5].

A great number of investigations on person characterization rely
on the assessment of the Big-Five personality traits, a prevalent
and widely accepted model with strong psychological foundation. However, in the context on characterizing unfamiliar individuals from their voices only, it may be hard for assessors to
determine the Big-Five traits based on their ﬁrst impression. In
this study, a 28-item semantic differential rating scale has been
completed by a total of 33 listeners who were presented with
15 male voice stimuli. A factor analysis on their responses enabled us to identify ﬁve perceptual factors of person attribution:
(social and physical) attractiveness, conﬁdence, apathy, serenity, and incompetence. A discussion on the relations of these
dimensions of speaker attribution to the Big-Five factors is provided and speech features relevant to the automatic prediction
of our dimensions are analyzed, together with SVM regression
performance. Although more data are needed to validate our
ﬁndings, we believe that our approach can lead to establish a
space of person attributions with dimensions that can easily be
detected from utterances in zero-acquaintance scenarios.
Index Terms: speaker characterization, semantic differential,
automatic prediction

While the Big-Five traits are well-established to describe
personality, human labelers might have difﬁculties to rate the
different items of Big-Five questionnaires when confronted
with unknown voice stimuli. It has already been observed that,
in contrast to Extraversion and Neuroticism, less stereotyped
personality traits such as Openness to Experience are harder to
perceive (and to later automatically predict) from speech [6].
The personality classiﬁcation and regression techniques examined in [7] performed best for the Extraversion trait reported
by observers (unfamiliar with the speakers) while the models
for Openness to Experience did not outperform the baseline.
Hence, self-reports, personality assessments based on audiovisual material, or personality assessed by the target’ close
friends or family [8, 9] can provide more reliable scores when
using the Big-Five model.
Another widely used model for representing interpersonal dispositions is the interpersonal circumplex, with the
two orthogonal dimensions of competence/dominance and
warmth/benevolence. These major personality factors can be
derived by e.g. the use of adjective scales [10]. The investigations in [11, 12] examine personality factors that were obtained from listeners’ judgments on semantic differential rating
scales. The two factors derived these works match competence
and benevolence of the interpersonal circumplex. Our work follows a similar approach, yet incorporating an extended set of adjectives to detect persons’ attributions from their voices. As will
be described in Section 2, our adjective scales attempt to cover
additional voice personality aspects than those represented by
the interpersonal circumplex. Accordingly, more than two factors have been detected in our analysis (Section 3).

1. Introduction
The characterization of individuals from their voice has attracted the attention of researchers in the last few decades.
Whereas other voice technologies are concerned with the conveyed message (speech recognition and speech synthesis), it is
also possible to detect talkers’ attributes such as age, gender,
weight, height, and social characteristics such as personality
and likability. The automatic classiﬁcation of speakers is of
interest for adaptive human-machine dialogs [1], whereas this
research can also beneﬁt speech synthesis based on acoustics
revealing human traits, e.g. for conversational agents [2]. Moreover, understanding and predicting human development, behavior, and group interactions may also have their foundation on
speaker characterization techniques.
The Brunswikian Lens model is commonly applied to the
processes of expression and perception of speaker traits such
as extroversion [3]. According to this model, research may focus on the inference of self-assessments or on the inference of
assessments made by listeners. In this paper, we address the
second approach. Numerous previous works have also concentrated on ﬁnding acoustic cues that inﬂuence listeners’ attribution of speaker characteristics to unfamiliar persons. The ultimate goal of these investigations is to be able to predict those
traits automatically, bridging the gap between low-level information (e.g. speech features) and high-level information of individuals’ perceived characteristics.
The Big-Five personality paradigm is very frequently
adopted to characterize speakers [4]. Well-known corpora such
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Different to personality attributions, other studies have examined speaker social characteristics such as charisma [13],
persuasion [14], speakers’ expertise [15], and voice likability [16]. A common motivation across these works was to detect
factors or speech features inﬂuencing listeners’ impressions.
In this paper, we attempt to ﬁnd dimensions of speaker attributions based on a 28-item semantic differential questionnaire and subsequent factor analysis, considering the voices of
15 male German speakers. The perceptual dimensions found
are then related to externally attributed Big-Five personality.
Besides, speech features contributing to the prediction of the
identiﬁed perceptual dimensions are analyzed. The ﬁnal goal of
this research is to be able to measure and represent subjective
person attributions measured from observers’ ﬁrst impressions
based on speech only, as an alternative to the more general BigFive traits.
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Table 1: Retained items (German adjectives on the right of
the antonym pairs and corresponding English translations) and
standardized factor loadings.

2. Questionnaire and listening test
We employed a questionnaire involving a 28-item semantic differential rating scale. The attribute opposition pairs were presented in German at the ends of continuous sliders, which enables simple judgments from voice samples.
This questionnaire aims at assessing major interpersonal
attributions, such as benevolence and dominance of the interpersonal circumplex; the three dimensional evaluations valence, activity, potence [17]; social and physiological attributions that were empirically obtained from free text voice descriptions [18]; previous work [19]; and aspects of longer-term
interpersonal attraction [20]: attractiveness, age, gender, interest, affect, and naturalness.
The speech material employed consisted of 15 male German speakers with no marked accent or dialect, recorded in
clean conditions as speciﬁed in [21]. Turns of a dialog of spontaneous speech (ordering a pizza), where individual speaker
characteristics can be manifested, were selected for this study.
The average speech duration across all speakers’ samples was
19.6 s, with standard deviation 5.2 s.
In all, 33 normal-hearing participants (17 males, 16 females) completed the 28-item questionnaire for each voice.
They ranged in age from 20 to 39 years (mean = 26.9, SD = 3.7)
and their mother tongue was German. They used AKG K-601
headphones (diotic listening) to listen to the voice stimuli in an
acoustically damped room. The participants conﬁrmed that they
did not recognize any of the speakers. Each individual session
took 20 minutes approximately and the listeners were compensated for their participation. It has to be noted that the duration
of completing our 28-item questionnaire for 15 voices is close
to that of collecting ratings using the BFI-10 to measure the
Big-Five traits in [22].
For comparison, the author of [11] employed speech material from 25 male German speakers, which was rated by 32 listeners on 15 adjective pairs. The study in [12] involved 64 Scottish speakers (32 male) and 10 adjective scales. Each listener
(of a total of 320, performing the test in an uncontrolled listener
environment) rated one scale only for each of the voices.

Scale (right adjectives)
German
English
attraktiv attractive
angenehm
pleasant
unsympathisch dislikable
hässlich
ugly
sicher conﬁdent
unentschieden indecisive
dominant dominant
gelangweilt
bored
emotional emotional
gleichgültig indifferent
ruhig
calm
entspannt
relaxed
inkompetent incompetent
intelligent intelligent

1

Factor Loadings
2
3 4

5

0.77
0.75
-0.70
-0.60
0.82
-0.71
0.67
0.76
-0.74
0.49
1.00
0.53
0.74
-0.69

“dislikable” item.
And secondly, a two sample t-test has revealed statistically
signiﬁcant differences (p < .05) in ratings from different listeners’ genders for the items “affektiert”–“unaffektiert”, “jung”–
“alt”, and “dumm”–“intelligent” (the right adjectives in English
are “unaffected”, “old”, and “intelligent”, respectively). Hence,
male listeners perceived the male speakers signiﬁcantly more
intelligent, more affected, and older than the female listeners
did.
A factor analysis was performed using all listeners’ answers. The number of factors was determined by Horn’s parallel analysis. The subsequent exploratory factor analysis was
conducted with oblimin rotation and minimum residual factoring method. Items were retained in case of loadings > .5 and
no cross-loading < .3 (14 out of 28 remained). An additional
factor analysis of the remaining items explains 61% of variance
(see Table 1 for the ﬁnal items and main loadings from the 2nd
factor analysis). As factor scores, means of retained items are
calculated. The ﬁve factors are named:

3. Test results and factor analysis

1.
2.
3.
4.
5.

The intraclass correlation coefﬁcient ICC(2,k) was calculated
as an index of inter-rater reliability for each questionnaire
item, using the ‘psych’ package in R. Inter-rater agreements
ranged from .61 (“unaffektiert”, in English: “unaffected”) to
.92 (“sicher”, in English: “conﬁdent”). The average agreement
was .83 (standard deviation = .07).
From the questionnaire results, two main ﬁndings can
be emphasized. Firstly, the continuous ratings given to
the questionnaire item with the antonyms “sympathisch”–
“unsympathisch” (in English: “likable”–“dislikable” correlated
strongly with the likability scores collected in [22] with Pearson r = .74, p < .09. In that previous study, scripted sentences
uttered by the same male speakers as in this study were employed as speech stimuli (wideband-quality speech). The likability scores were directly given as an answer to the question
(translated from German): “How likable do you ﬁnd this voice
over the telefon?”). Listeners indicated their ratings on a continuous scale with the antonyms “likable” and “dislikable” at its
ends. The strong correlation found indicates high agreement between different listeners that rate different utterances from the
same speakers and that, for the test of this paper, the other questionnaire items did not inﬂuence the ratings on the “likable”–

(social and physical) attractiveness (α = .85)
conﬁdence (α = .79)
apathy(α = .75)
serenity (α = .79)
incompetence (α = .74)

4. Perceptual dimensions and attributed
personality
The attributions found in Table 1 deliberately excluded the BigFive personality taxonomy, since validated questionnaires already exist to assess the Big-Five traits. However, for the ﬁrst
impression (zero-acquaintance scenarios), validity and reliability are not sufﬁciently conﬁrmed for all constructs, except for
e.g. Extraversion [23]. Indeed, for reliable personality ratings,
close friends provide the best participants [8, 9]. In addition,
these Big-Five do not seem to be of utmost importance for social relationships of (in-person) ﬁrst encounters [18], for which
the two-factor model of competence and benevolence provide a
meaningful start. Our factors attractiveness/benevolence, conﬁdence, apathy/interest, serenity/calmness, and competence can
be seen as a more detailed interpersonal description still in line
with the two-factor model. The Big-Five traits, of course, pro-
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Table 2: Pair-wise Pearson correlations among attributed BigFive personality traits [22] and the factors identiﬁed in this
work.
attract. conﬁd.
Extrav.
Agreea.
Consci.
Neurot.
Open.

-0.02
0.37
0.53* -0.55*
0.52* 0.18
-0.32 -0.70**
0.53* -0.13

apathy

seren.

-0.42
-0.29
-0.87***
-0.03
-0.94***

-0.21
-0.26
-0.29
-0.62*
-0.53*

5. Prediction of perceptual dimensions
from speech features
In this section, we assess different speech features contributing
to the automatic prediction of the ﬁve perceptual dimensions
identiﬁed in this work. Besides, regression analyses are conducted with SVM (Support Vector Machines) with polynomial
kernel, aiming at predicting each of the factors separately.
As speech features, the extended Geneva Minimalistic
Acoustic Parameter Set (eGeMAPS), a set of 88 features [26],
has been extracted using the openSMILE toolkit [27]. The
eGeMAPS features have been proposed as a common baseline
for evaluation of research in voice analysis (e.g. paralinguistics)
and have been shown to offer performance comparable to that
obtained with other large (6373 features) brute-force parameter
sets for classiﬁcation of affective categories [26].
The ‘caret’ package in R [28] was employed for our analyses. We computed the average feature importance for regression
on each of the ﬁve perceptual dimensions of speaker attribution.
For that, the 88 eGeMAPS features were assigned into different
feature groups based on their perceptual similarity instead of the
signal-based categorization given in [26]. For instance, average
F0 is relevant for pitch level perception, whereas jitter (originally in the same signal-based category as F0 ) is correlated
with the perception of noise and unsteady voice quality [29].
The perceptual categories used are:

incomp.
0.05
-0.35
-0.74**
0.31
-0.60*

*p < .05; **p < .01; ***p < .001

vide a solid basis for interpersonal attributions contingent upon
more relevant experience, not available in a passive listening
test, such as evidence for task-related competence or for social
relationships.
For the 15 male recordings in question, Big-Five ratings
were collected in [22] using the BFI-10 in German [5]. The
same spontaneous dialogs as in this work were presented to the
listeners.
Due to the analogous listening-only situation, the person
attributions of Section 3 are likely to be correlated with the BigFive personality ratings at hand. Pair-wise correlations between
the Big-Five perceived personality traits and the factor loadings
prove this assumption (Table 2). Fortunately, all correlations
are meaningful, in principle giving support to our questionnaire
results. The highest correlations are found for the apathy dimension, indicating that persons perceived as apathetic, disinterested, or uninvolved are also thought of not being conscientious nor open-to-experience. Notably, attractiveness is positively correlated with agreeable, conscientious, and open-toexperience personalities. Although all these three personality
dimensions refer to positive traits in social interaction, the correlation attractiveness–extraversion is not signiﬁcant as in other
studies [22, 24]. Of course, more data, especially for female
speakers, are needed.

•
•
•
•
•
•

pitch level (1 feature)
loudness level (2 features)
speech rate (2 features)
noise (3 features)
timbre (spectral energy distributions, 14 features)
special parameters dedicated to phonetic settings (9 features), e.g. Hammarberg index (differences between
maximum amplitudes (in dB) in the LTAS spectral bins
of 0–2 and 5–8 kHz)
• intonation contour (mean and sd of rising and falling F0
slopes, 4 features)
• measures for the unvoiced segments (4 features)
• dynamics (spreads and deviations of other feature values,
49 features)

As usual, an oblique rotation was used for the factor analysis. The resulting cross-correlations are providing an additional hint that social attractiveness/likability is not identical to
benevolence as often argued [25], but also comprised of competence (attractiveness correlates negatively with incompetence:
r = − .88, p < .001). This can be in-line with [12],
that detected a strong correlation between male vocal attractiveness and dominance. Further cross-correlations indicate a
negative effect of attractiveness–apathy (r = − .51), and relations between conﬁdence–serenity (r = .54), apathy–serenity
(r = .51), and apathy–incompetence (r = .59). The latter
result might be a unique situation-dependent effect, as displaying apathy in an interaction might also be interpreted as status
difference instead of incompetence.

The importance of different speech features for regression
was calculated by evaluating the relationship between each predictor and the outcome. This evaluation is done by ﬁtting a
loess smoother between the outcome and the predictor. The importance measure is an R2 statistic calculated for this model
against the intercept only null model [28]. The average importance measure was computed for each feature group and for
each perceptual dimension and displayed in Figure 1.
It can be observed that intonation features are distinct for
the attractiveness and incompetence dimensions. This outcome
corroborates the ﬁnding in [30] that speakers with high variability in F0 tend to be perceived as more competent and benevolent, and vice-versa. The averaged importance measures of different feature groups follow a similar trend for attractiveness
and incompetence, which can be explained by the large crosscorrelation of r = − .88 previously mentioned.
A large importance of pitch level (the mean logarithmic F0
on a semitone scale averaged over the whole utterance) is manifested for conﬁdence, apathy, and serenity. Related effects were
also found in previous works [11, 12], where it was asserted
that males with low mean F0 are perceived as more dominant.
Also the features (Alpha Ratio, Hammarberg Index, and spectral slopes from 0–500 Hz abd 500–1500 Hz) calculated over

As mentioned before, likability scores to the same 15 males
of this study were also collected in [22]. The Pearson correlation between these likability ratings (to wideband-quality
speech with different content) and the factor scores of the
ﬁrst dimension of the present study results to be strong (r =
.76, p < .09). Hence, it seems that the attractiveness dimension closely reﬂects continuous voice likability scores directly
given on a single scale with the antonyms “likable” and “dislikable” at its ends.
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Table 3: SVM polykernel performance along with selected parameters.
attract.

Factor
attractiveness
conﬁdence
apathy
serenity
incompetence

confid.

C

scale

degree

R2

RMSE

10−4

10−4

1
1
1
6
2

0.68
0.65
0.58
0.69
0.63

0.42
0.58
0.53
0.42
0.49

10−4
10−4
0.1
0.1

10−4
10−4
10−4
10−3

apathy

decrease with respect to R2 = 0.69 were also found maintaining scale = 10−4 and C = 0.1. For incompetence, performances around R2 = 0.60 were obtained for scale = 10−3 or
lower and C between 10−4 and 10−1 . The performance tended
to decrease for degrees higher than degree = 2.

seren.

We are aware that more data would be needed to experiment with different machine learning algorithms with train/test
data partitions and hence obtain more meaningful models for
the perceptual dimensions. We leave such a study for future
work.

6. Conclusions
incomp.

0.0

0.1

0.2

0.3

0.4

0.5

Feature importance scores

Unvoiced Intonation Tempo
Setting
Pitch Level Timbre

0.6

In work we have identiﬁed, by means of a 28-item questionnaire
of antonyms completed by 33 listeners for 15 male voices, ﬁve
perceptual dimensions describing speaker attributions: 1. (social and physical) attractiveness; 2. conﬁdence; 3. apathy; 4.
serenity; and 5. incompetence. The relations between these
traits and the Big-Five personality dimensions have been analyzed, and it has been discussed that the perceptual factors of
this work can be valid for listening-only and zero-acquaintance
scenarios.

0.7

Loudness level Noise
Dynamics

Figure 1: Average importance of speech feature groups for regression of each perceptual dimension. The error bars represent
percentile 5 and 95.

Our ﬁndings reveal important feature sets for the prediction
of our ﬁve perceptual dimensions. In concordance with previous literature, the relevance of intonation features is apparent
in relation to speaker attractiveness and competence. Markedly,
the mean F0 has been found to be a primary feature for the
detection of conﬁdence, apathy, and serenity. Other features
computed over unvoiced segments are relevant for the detection
of the speakers traits of this work, except for apathy.

unvoiced segments are outstanding in relation to the different
speakers traits, except for apathy. Currently we do not have an
explanation for this result.
The regression of each perceptual dimension was also
conducted using the whole 88 feature set. Since only data
from 15 voice samples are available, we opted for a leaveone-speaker-out cross-validation (LOSO-CV) scheme and performed SVM-based regression with polynomial kernel. As preprocessing, the extracted speech features were centered and
scaled. The average performance is reported in Table 3 in
terms of R2 and root mean square error (RMSE), separately
for each of the factors. The R2 is calculated as the square of the
Pearson’s correlation between the observations and the model
predictions. The RMSE results from squaring the residuals,
averaging the squares, and taking the square root. The bestperforming parameters (C, scale, and degree) leading to the
highest R2 have been selected [31].
It was noticed that, for attractiveness, conﬁdence, and apathy, performances close to the best performance reached have
also been obtained for higher degrees, with the regularization
parameter C = 10−3 or lower and with scale = 10−3 or
lower. The performance tended to decrease slightly with higher
degrees. A polynomial kernel of degree = 6 offered the best
performance for serenity. When experimenting with lower and
higher degrees (from 1 to 9), performances with only a minor

Using a baseline setup (LOSO-CV) based on the
88 eGeMAPS features and SVM regression with polynomial
kernel, our regression analyses have shown performances varying from R2 = 0.58 to R2 = 0.69 for the different factors of
person attribution. While this can be considered as an acceptable baseline performance, further analyses are required with
additional substantial speakers’ data in order to validate our results and to build useful models for the detection of perceptual dimensions. Speciﬁcally, we will conduct an analogous
experiment using female speech, as we believe that the factors
to describe female speakers’ attributions may differ from those
found for male speakers in this work. Our long-term goal is to
derive an efﬁcient listening test which should provide reliable
descriptions of different speaker attributes, which can later be
accurately detected from speech features.
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