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Abstract

likeability, friendliness, and skilfulness respectively [18]. Following [18], in our current work, we utilise these 3 dimensions
(likeability, friendliness and skilfulness) to interpret warmth and
competence in synthetic voices. Similar to BIG FIVE [13, 14]
and [18, 19], we conducted a subjective evaluation with two
commercial TTS systems (Google TTS engine, Amazon Polly)
in [20]. The evaluation was carried out with 15 different adjectives describing various speaker attributes of TTS voices. As an
extension, in the current work, we are interested in identifying
the acoustic correlates of the speaker attributes that contribute to
the social characteristics, warmth and competence in synthetic
speech. Inspired by [18] we utilise a subset of the subjective
ratings (likeability, friendliness, skilfulness) collected in [20].
The acoustic correlates of various emotions, moods, attitudes, personality traits have been researched previously in both
natural and synthetic voices [21, 22, 22, 23, 24, 25]. Speech
rate, intensity, speech pauses, pitch, duration and their combinations were commonly identified as the vocal cues responsible
for various emotions, personality traits and speaker characteristics [21, 24, 25, 26, 27, 28]. Literature suggests that the acoustic
correlates of various emotions and expressions can be divided
into 3 categories: voice quality, timing and pitch parameters
[21, 22, 28].
To the best of our knowledge, this is the first attempt to
analyse the vocal cues of speaker attributes, friendliness, likeability and skilfulness in order to understand the social speaker
characteristics, warmth and competence from synthetic speech.
Inspired by [25], we perform an acoustic feature prediction over
the OpenSMILE features [29] extracted for the synthetic voices.
Through our work, we present that the spectral flux, formants
(F1, F2, F3), slope of the voiced segment are responsible for
warmth in female voices. While, first and second formants
(F1, F2), slope of Unvoiced segment, and loudness contribute
to warmth in male voices. Competence in female voices is perceived through slope of voiced segment, spectral flux and mfcc.
While, the competence in male voices is due to fundamental
frequency (F0) and voiced segment length. Later, we perform
an automatic prediction of warmth and competence using linear
regressor and Support Vector Regressor (SVR).
This paper is organised as follows: In Section 2, we describe the evaluation setup followed by the system performance
in Section 3. In Section 4 we present the acoustic feature prediction. Automatic prediction of warmth and competence is presented in Section 5 followed by a discussion in Section 6.
Throughout this work, we will be using the terms
voices/speakers/systems to refer the TTS voices and participants/raters/listeners for the subjects who participated in the
evaluation. The terms items/attributes/adjectives/questionnaire
refer to the questions we used in the subjective evaluation. We

The advent of neural Text-to-Speech (TTS) synthesizers has
enhanced the expressivity of synthetic speech in the recent past.
However, there is very little work on understanding the acoustic
correlates of paralinguistic traits, emotions, speaker attributes
and characteristics from synthetic speech. This paper investigates the acoustic correlates of the speaker attributes: likeability, friendliness, and skillfulness. Our study was carried out on
the voices derived from the two commercial TTS systems, Amazon Polly (9 voices) and Google TTS engine (10 voices). In
our previous study, we performed a crowd-sourcing-based evaluation to collect the subjective ratings for the desired speaker
attributes. In this work, we perform the acoustic feature prediction using the backward elimination algorithm. We show
that the level of loudness, spectral flux, fundamental frequency,
its formant frequencies, and their combinations contribute to
the desired speaker attributes. We further combine the ratings
of friendliness and likeability to investigate the characteristic,
warmth in synthetic speech and correspondingly, skilfullness
represents the characteristic, competence.
Index Terms: Synthetic speech, acoustic correlates, linear regression, likeable, friendly, skillful

1. Introduction
Artificial speech generation is predominant through its applications such as navigation [1], language learning systems [2],
customer service [3], personal assistants [4] and many more.
The neural speech synthesizers have facilitated the expressivity
in the generated speech in the recent past [5, 6, 7, 8, 9, 10]. The
fidelity of these TTS systems can be further enhanced through
the generation of paralinguistic traits, various emotions, and social speaker characteristics. In order to achieve this, there is a
need for the investigation of the acoustic correlates of various
speaker attributes in synthetic speech. In this paper, we identify
the vocal cues responsible for the social speaker characteristics,
warmth and competence in synthetic voices.
Perception of a person from their behavior has been researched extensively in 1940s and 50s [11, 12]. Various studies
were carried out similar to the BIG FIVE personality traits to
categorise and understand the human behavior [13, 14, 15, 16].
In [12], the sociology researchers stated that the perception of
a person is done based on two criteria: social norms (warmth)
and task accomplishment (competence). In [17] psychology researchers state that the characteristics, warmth and competence
can be termed as the universal dimensions of social perception.
This is because they include both interpersonal relationships
and the social behavior of a person. The attributes that describe
the characteristics, warmth and competence in humans were:
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retained after the pre-processing were 43 female and 44 male
(87 participants). Their ages ranged between 19 and 77 (mean
= 40.31 and std = 12.57). On the retained subjective data, we
have calculated the intraclass correlation coefficient ICC(1,k)
for inter-rater reliability. The average raters absolute value was
0.974 with a 95% confidence interval in the range of 0.95 to
0.99. For our current study, we have utilised the subjective ratings of the scales, friendliness, likeability and skilfulness.

use the terms dimensions/speaker attributes to refer likeability/friendliness/skilfulness.

2. Evaluation setup
2.1. Speech data preparation
The commercial TTS systems, Amazon Polly 1 (Neural) and
Google TTS engine 2 (Wavenet) have been explored for the
study of speaker attributes. There were 4 male and 5 female
voices from Amazon Polly and 5 male, 5 female from Google
TTS engine. In total, we had 19 different US native speakers’
voices. The speech samples generated for each of these voices
were from the Harvard database 3 . The number of sentences
generated were 32. We have combined the individual speech
samples and created speech segments each of length 20 seconds
(approx.). Finally, there were 4 speech segments for each of the
TTS voices (4 speech segments * 19 voices).

3. TTS performance
Figures 1, 2, 3, 4 display the perceived speaker attributes:
friendliness, likeability and skilfulness in both the TTS systems.
We have calculated the mean of the subjective ratings for each
of these speaker attributes.
3.0.1. Google’s female voices
Figure 1 displays the mean subjective ratings calculated over
the three desired attributes for Google’s female voices along
with the 95% confidence intervals. Among the Google’s female voices, H displays lowest mean ratings on friendliness
(37), likeability (37.6) and skilfulness (32.13). Speaker E displays highest rating on friendliness (59.9) and likeability (54.3).
Speaker C displays the highest rating on skilfulness (41.64).

2.2. Subjective evaluation
The social perceptions of synthetic voices were studied in [20].
In [20], we performed a 15-item semantic differential scaling
test in a crowd-sourcing subjective test setup. The 15 items
were: relaxed, confident, enthusiastic, energetic, friendly, arrogant, pleasant, likeable, responsible, reliable, accessible, sympathetic, skilful, kind, extrovert. For our test, we have included the speaker attribution task in the P.808 toolkit [30]. We
have utilised the continuous 100-point scale with the adjectiveantonym pairs at its extreme ends. We used The Fragebogen [31] implementation for presenting the questionnaire during the subjective tests. The test was conducted on Amazon
Mechanical Turk (AMT). We have included the eligibility and
the environment suitability tests in out evaluation setup. We
have recruited only US native speakers for the task. The participants were instructed to use headphones throughout the test
without fail. The following are the instructions provided to the
participants during the test.
For each question, please listen to the audio sample and
give your opinion about the voice you hear on the following
scales. You will find the positive adjective at the extreme left
and a negative adjective at the extreme right of the scale. You
can listen to each audio sample multiple times during the test.
There is no right or wrong answer as long as you listen to the
audio files and give your opinion.
In each session, participants were provided with 4 speech
clips and 15 attributes. Additionally, we have repeated one attribute randomly for every question in a session. We have used
this repeated attribute as the hidden quality control mechanism
[32, 33]. Each speech clip played in a loop until the participant
rated all the adjectives.

3.0.2. Google’s male voices
Figure 2 displays the mean subjective ratings calculated over
the three desired attributes for Google’s male voices along with
the 95% confidence intervals. Among the Google’s male voices,
J displays lowest mean ratings on friendliness (31), likeability
(29.25) and skilfulness (25.53). Speaker B displays highest rating on friendliness (47) and likeability (46.89). Speaker A displays the highest rating on skilfulness (35.66).
3.0.3. Amazon Polly’s female voices
Figure 3 displays the mean subjective ratings calculated over the
three desired attributes for Amazon Polly’s female voices along
with the 95% confidence intervals. Among the Amazon Polly’s
female voices, Ivy displays lowest mean ratings on friendliness
(36.9). Joanna display lowest ratings on likeability (35.93) and
skilfulness (31.17). Speaker Kendra displays highest rating on
friendliness (54.28) and likeability (51.39). Speaker Ivy displays the highest rating on skilfulness (45.6).
3.0.4. Amazon Polly’s male voices
Figure 4 displays the mean subjective ratings calculated over the
three desired attributes for Amazon Polly’s male voices along
with the 95% confidence intervals. Among the Amazon Polly’s
male voices, Justin displays lowest mean ratings on friendliness
(30.6), likeability (32.53). Matthew displays the lowest mean
ratings on skilfulness (31.6). Speaker Joey displays highest rating on friendliness (46.2) and likeability (48.03). Speaker Kevin
displays the highest rating on skilfulness (45.03).

2.3. Data processing
We performed a pre-processing of the subjective data to remove
the participants whose ratings were not reliable. Based on the
environment suitability tests, we have rejected 41 responses.
Later on, we calculated the Pearson correlation coefficient for
the repeated attributes in the test and the original attribute. The
ratings were rejected if the correlation coefficient was below 0.5
(5 participants were removed). In total, we have accepted 90%
of the subjective data. The number of participants that were

4. Prediction of acoustic correlates
In order to predict the acoustic correlates of the desired characteristics, we initially downsample the speech segments to
16 kHz and derive the OpenSMILE [29] features. We have
employed the Geneva Minimalistic Acoustic Parameter Set
(eGeMAPS) configuration [34], since this was built to capture
affective speaker characteristics. We have therefore derived

1 https://aws.amazon.com/polly/

2 https://cloud.google.com/text-to-speech/
3 https://www.cs.columbia.edu/

hgs/audio/harvard.html
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88 acoustic features corresponding to each speech segment of
the TTS voices. Later, we have employed a linear regression
based backward elimination algorithm for each of the speaker
attributes, friendliness, likeability and skilfulness. Tables, 1,
2, 3 display the derived acoustic features (for each of friendliness/likeability/skilfulness respectively), their corresponding
coefficients along with their variances for female voices. We
derived these vocal cues using the linear regression on 4 speech
segments per each female voice (4 speech segments * 5 Google
female voices + 4 speech segments * 5 Amazon Polly female
voices). Tables, 4, 5, 6 display the derived acoustic features (for
each of friendliness/likeability/skilfulness respectively), their
corresponding coefficients along with their variances for male
voices. We derived these vocal cues using the linear regression
on 4 speech segments per each male voice (4 speech segments
* 5 Google male voices + 4 speech segments * 4 Amazon Polly
male voices).
Here, the derived acoustic features are the independent variables, the speaker attributes: friendliness, likeability and skilfulness are the dependent variables. A positive coefficient indicates that for a 1-unit change in the acoustic feature (independent variable), there will be an increase in the perception of the
speaker attribute (friendliness/likeability/skilfulness) from that
voice (increase in the mean of the dependent variable by that
coefficient value) and vice versa.

Figure 1: Mean subjective ratings calculated over friendliness,
likeability and skilfulness for Google’s female voices.

4.1. Friendliness in female voices
Table 1 displays the acoustic correlates of friendliness in female voices (Google and Amazon Polly female voices). We
observed that the attribute, friendliness was dependent on the
acoustic features, spectral flux, and formants F1, F2 and F3 in
female voices. We have also presented the explained variance
(R squared = 0.829) obtained during the acoustic feature prediction. We observed that with the change in the spectral flux
and the second formant (F2), the friendliness in female voices
decreases by the value of 8.7546 and 0.0052 respectively. Accordingly, with the change in the first (F1) and third formants
(F3) the friendliness in female voices increase by 0.0174 and
0.0037 respectively.

Figure 2: Mean subjective ratings calculated over friendliness,
likeability and skilfulness for Google’s male voices.

Table 1: Acoustic correlates of friendliness in Amazon and
Google female voices. The explained variance for female
friendliness is 82.9%.
Acoustic features

Figure 3: Mean subjective ratings calculated over friendliness,
likeability and skilfulness for Amazon Polly’s female voices.

Spectral Flux
F1 mean
F2 mean
F3 mean

Coefficients
-8.7546
0.0174
-0.0052
0.0037

4.2. Likeability in female voices
Table 2 displays the acoustic correlates of likeability of female
voices (Google and Amazon Polly female voices). We observed
that the attribute, likeability was dependent on the acoustic features, spectral flux, formants F1, F2 and Voiced segment Slope
(500-1500) in female voices. We have also presented the explained variance (R squared = 0.812) obtained during the acoustic feature prediction. We observed that with the change in the
spectral flux, the second formant (F2), and the slope the likeability in female voices decreases by the value of 9.0631, 0.0086
and 57.3852 respectively. Accordingly, with the change in the

Figure 4: Mean subjective ratings calculated over friendliness,
likeability and skilfulness for Amazon Polly’s male voices.
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that the attribute, likeability was dependent on the acoustic features, loudness, loudness rising slope, formant F1, and unvoiced
segment Slope (500-1500) in male voices. We have also presented the explained variance (R squared = 0.731) obtained during the acoustic feature prediction. We observed that with the
change in the loudness rising slope, first formant (F1), second
formant (F2), and unvoiced slope the likeability of male voices
decreases by the value of 0.6164, 0.0101 and 169.6958 respectively. Accordingly, with the change in the loudness, the likeability of male voices increase by a factor of 6.7662.

first (F1), the likeability of female voices increase by a factor of
0.0241.
Table 2: Acoustic correlates of likeability in Amazon and
Google female voices. The explained variance for female likeability is 81.2%.
Acoustic features
Spectral Flux
F1 mean
F2 mean
SlopeV500-1500

Coefficients
-9.0631
0.0241
-0.0086
-57.3852

Table 5: Acoustic correlates of likeability in Amazon and
Google male voices. The explained variance for male likeability
is 73.1%.

4.3. Skilfulness in female voices

Acoustic features

Table 3 displays the acoustic correlates of skilfulness in female
voices (Google and Amazon Polly female voices). We observed
that the attribute, skilful was dependent on the acoustic features,
Voiced segment Slope (0-500),spectral flux, voiced segment
mfcc3 in female voices. We have also presented the explained
variance (R squared = 0.581) obtained during the acoustic feature prediction. We observed that with the change in the spectral
flux, slope and Mel Frequency Cepstral Coefficients (mfcc3),
the perception of skilfulness in female voices decreases by the
value of 6.4559, 0.1868 and 0.2858 respectively.

loudness
loudness rising slope
F1 mean
SlopeUV500-1500

SlopeV0-500
SpectralFlux
mfcc3V

Table 6 displays the acoustic correlates of skilfulness in male
voices (Google and Amazon Polly male voices). We observed
that the attribute, skilful was dependent on the acoustic features, fundamental frequency (F0) and voiced segment length
in male voices. We have also presented the explained variance
(R squared = 0.698) obtained during the acoustic feature prediction. We observed that with the change in the fundamental
frequency (F0), the perception of skilfulness in male voices decreases by the value of 8.7332. Accordingly, with the change in
the voiced segment length, the perception of skilfulness in male
voices increase by a factor of 6.1338.

Coefficients
-0.1868
-6.4559
-0.2858

Table 6: Acoustic correlates of skilfulness in Amazon and
Google male voices. The explained variance for male skilfulness is 69.8%.

4.4. Friendliness in male voices
Table 4 displays the acoustic correlates of friendliness in male
voices (Google and Amazon Polly male voices). We observed
that the attribute, friendliness was dependent on the acoustic features, first formant (F1), Unvoiced segment Slope (5001500) and loudness in male voices. We have also presented
the explained variance (R squared = 0.685) obtained during the
acoustic feature prediction. We observed that with the change
in the first formant (F1), Voiced segment Slope (500-1500) and
loudness the friendliness in male voices decreases by the value
of 0.0117, 176.8888 and 1.1870 respectively.

Acoustic features
F0 semitone
Voiced Segment Length

Coefficients

F1 mean
SlopeUV500-1500
loudness

-0.0117
-176.8888
-1.1870

Coefficients
-8.7332
6.1338

5. Automatic prediction of warmth and
competence
In this section, we present the automatic prediction of warmth
and competence using the regression algorithms, linear regressor, and Support Vector Machine (SVM). For prediction of
warmth, we have combined the subjective ratings of the scales,
friendliness and likeability. For competence, we use the subjective ratings of skilfulness. The number of training examples we
had were 40 for female and 36 for male voices. Hence, we perform a Leave-one-speaker-out cross validation. Table 7 shows
the results of automatic prediction of warmth and competence.
The first block consists of the prediction of warmth in male and
female TTS voices. In the second block, we present the prediction performance for the characteristic, competence. The number of input features fed to the model in case of male and female voices and the characteristic predicted is presented. The
performance of the models is evaluated with the metric, mean

Table 4: Acoustic correlates of friendliness in Amazon and
Google male voices. The explained variance for male friendliness is 68.5%.
Acoustic features

6.7662
-0.6164
-0.0101
-169.6958

4.6. Skilfulness in male voices

Table 3: Acoustic correlates of skilfulness in Amazon and
Google female voices. The explained variance for female skilfulness is 58.1%.
Acoustic features

Coefficients

4.5. Likeability in male voices
Table 5 displays the acoustic correlates of likeability of male
voices (Google and Amazon Polly male voices). We observed

4

Table 7: Results of automatic prediction of warmth and competence from synthetic speech. AFs= number of acoustic features
fed to the model, Ch. = characteristic, warmth (W) or competence (C) (2 attributes (likeability, friendliness) representing
warmth and 1 attribute, skilfulness representing Competence) ,
LR = Linear Regression, SVR = Support Vector Regressor, MSE
= mean squared error

Model
LR
SVR
LR
SVR

AFs
5
5
3
3

Female
Ch MSE
W
W
C
C

0.21
0.20
0.47
0.45

AFs

voiced segment length. The acoustic correlates of competence
in female voices were voiced slope, spectral flux and mfcc.
Table 10: Competence in female and male voices

Male
Ch MSE

5
5
2
2

W
W
C
C

0.32
0.33
0.35
0.34

6. Discussion
Table 8 presents the acoustic correlates of warmth in female
voices. The vocal cues responsible for both the speaker attributes, friendliness and likeability are spectral Flux, first and
the second formant (F1, F2). Additionally, third formant (F3)
contributes to friendliness and Voiced slope contributes to likeability in female voices.
Table 8: Warmth in female
Likeability

Spectral Flux
F1 mean
F2 mean
F3 mean

Spectral Flux
F1 mean
F2 mean
SlopeV500-1500

F1 mean
SlopeUV500-1500
loudness
-

loudness
F1 mean
loudness rising slope
SlopeUV500-1500

F0
Voiced length
-
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Table 9: Warmth in male
Likeability

Voiced Slope
Spectral Flux
mfcc
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Table 9 presents the acoustic correlates of warmth in male
voices. The vocal cues responsible for both the speaker attributes, friendliness and likeability are loudness, first formant
(F1) and unvoiced slope. Additionally, loudness rising slope
contributes to likeability in male voices.

Friendliness

Male

From our analysis, we observed that the acoustic features
intensity/loudness, spectral flux, fundamental frequency and its
formants are the common acoustic features in both natural and
synthetic voices contributing to various emotions and speaker
characteristics [22, 25, 27]. We observe that the acoustic correlates of social speaker characteristics in synthetic speech can
also be categorised into vocal quality (spectral parameters), timing (voiced segment length) and pitch (frequency parameters) as
in natural speech [21, 22, 28].
The TTS voices, E (Google female voice) and Kendra
(Amazon Polly female) display highest warmth among other
TTS voices. The voices, Ivy (Amazon Female) and Kevin
(Amazon male) display highest competence over the considered
TTS voices.
The acoustic correlates predicted for each of the 3 attributes
were obtained from the subjective evaluation conducted on a 15item semantic differential scaling test. The subjective responses
when requested for 3 scales (likeability, friendliness and skilfulness) alone might be different. Additionally, the models were
trained on the 20 second long speech segments. Thus, we might
have averaged the acoustic information present in the speech
samples. Analysing the subjective ratings of individual speech
samples could be interesting. Also, collection of the subjective
ratings for a larger database and also different speech corpora
(conversations, news reading, Semantically Unpredictable Sentences) is another future work. In the current work, the input
dimensions (88) were higher than that of the number of training
examples (40 for female, 36 for male) during automatic feature
prediction. We have thus followed a recursive feature elimination approach for acoustic feature prediction. Therefore, as an
extension to this work, we would perform an analysis with a
larger dataset and unaveraged acoustic information.

squared error (MSE). We observe that the MSE score for female
warmth is lower compared to that of MSE of male warmth with
the same number of input features. In case of competence, eventhough the female input features are more than that of the male
input features, the MSE scores of female are much higher than
that of the male voices. The MSE scores of male warmth and
competence display similar MSE scores with different number
of input features.

Friendliness

Female
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