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BACKGROUND 

Finding ways to produce intuitively communicative non-speech sounds 

is a major challenge in the sound design for user interfaces.  One way to 

exploit our familiarity and facility in experiencing the everyday world is 

to mimic the ways in which we naturally use sound with social interac-

tions. In addition to linguistic means of expression, the human vocal 

communication contains an important nonverbal channel. This affective 

content (emotions and intentions) of speech is conveyed by various pro-

sodic cues, which refer certain characteristics in intonation, stress, tim-

ing and voice quality. The overall goal the study is to explore how we 

could exploit the nonverbal, everyday vocal interaction in the user inter-

face sound design. While the utilising of prosodic cues (e.g. intonation) 

in sound design would sound almost self-evident idea, there is a defini-

tive lack of explicit knowledge of how certain prosodic characteristics 

are related with the human meaning-creation.  

In the context of interaction, either intended or perceived purpose of 

communicational act represents a certain class of meanings itself. Com-

municative functions thus provide a useful way to categorise such con-

text-situated meanings. In order to utilise prosodic cues in sound de-

sign, one must identify such stereotyped cues in certain function-related 

vocalisations. The goal of this study is to address this issue in the con-

text of collaborated sound design case with Suunto Ltd., a Finnish com-

pany designing and manufacturing sports instruments. The aim of the 

case was to design user interface sounds for training application in a 

wrist computer. One of the main functions of the sounds within that type 

of interaction is to persuade the user to control her running speed. 

Therefore the chosen communicative functions for this study were de-

fined as Slow down (decrease speed), Urge (increase speed), OK 

(current speed is fine) and finally Reward (positive cheer).   

RESEARCH QUESTIONS 

In context-situated setting of trainer-runner interaction, will participants 

produce function-specific patterns in their vocal utterances? And can we 

identify such discriminating prosodic cues by analysing the patterns of 

fundamental frequency (F0) and intensity? 

EXPERIMENT 

In a context-situated experiment, 20 university students from Jyväskylä 

produced utterances for each four communicative functions. There were 

two separate tasks for different methods of vocalisation (Word and 

Vowel conditions). However, subsequent analysis focuses solely on the 

Word condition, where predefined words were used to produce sound. 

For each function there were two trials resulting in a total of 8 gathered 

utterances per participant (4 functions x 2 repetitions) within the Word  

condition. 

ACOUSTIC PREDICTORS AND DIFFERENCES ACROSS FUNCTIONS 

From the recorded utterances, time series of fundamental frequency (F0) 

and intensity were extracted. After that, utterances were normalised and 

summarised by 15 acoustic predictors related to frequency, intensity 

and length. These predictors are listed in Table 1, which also contains an 

index (the ANOVA column) of the predictors' ability to discriminate the 

four communicative functions using an analysis of variance and the sub-

sequent post-hoc test (Scheffé). More advanced descriptors such as the 

attack slope, spectral centroid or formant variables could have been 

used as well, although we wanted to focus on frequency and intensity 

rather than on spectral measures, as these are easily manipulated in ap-

plications with limited audio generating capacities. 

CLASSIFICATION 

As shown by ANOVA column in the Table 1, most predictors demon-

strate differences across the functions and few can be observed to show 

differences between most of the group comparison. In order to better 

understand which combination of the acoustic features contributes the 

most to the separation of the four function categories, a classification 

approach was adopted. To classify properly the utterances into four 

function-specific groups, we chose to apply Regression Tree Analysis 

(RTA). All predictors were converted into z-scores and entered into the 

RTA analysis, which yielded classification accuracy of 88.75% with 10-

fold cross-validation in which excessive tree nodes were trimmed. This 

final model had 3 nodes and 2 predictors. Proportion of unvoiced 

frames1 in utterances was the most discriminative feature as it sepa-

rates Reward category from the other categories and further distin-

guishes OK utterances from Slow down utterances. Moreover, Urge ut-

terances are also clearly separated by the higher mean frequency from 

the other categories. This simple RTA model and the actual observations 

are visualised in Figure 1. The unfilled markers denote the predictions by 

the model (the four areas marked by the RTA decision tree) and the lar-

ger, filled markers represent the 160 utterances. Examples of statistically 

representative utterances of each function is shown in Figure 2. 

ABSTRACT 

This study explores the potential of utilising certain 

prosodic qualities of function-specific vocal 

expressions in order to design effective non-speech 

user interface sounds. In an empirical setting, 

utterances with four context-situated communicative 

functions were produced by 20 participants. Time 

series of fundamental frequency (F0) and intensity were 

extracted from the utterances and analysed 

statistically. The results show that individual 

communicative functions have distinct prosodic 

characteristics that can be statistically modelled. By 

using the model, certain function-specific prosodic 

cues can be identified and, in turn, imitated in the 

design of communicative interface sounds for the 

corresponding communicative functions in human-

computer interaction (HCI). 

Figure 1: Scatterplot of the two predictors that were able to classify most 

utterances (88,75%) into four function categories. 

CONCLUSIONS 

• The existence of uniform acoustic structure of 

function-specific utterances was discovered 

 

• Two simple acoustic features were highly successful 

in discriminating the communicative functions from 

each other  

 

• Prosodic cues provide an encouraging source  

for designing sound-meaning couplings  
• Universal, everyday usage of prosodic cues creates a 

potential for familiarity and intuitiveness 

• Compatible communicational functions exist between 

contexts of interpersonal vocal interaction and HCI  

 

• In future studies, it is necessary to examine how 

effectively the extracted prosodic features 

communicate intended meanings  

______________________________________ 
1 One should interpret the Proportion of unvoiced frames in the 

classification as an index of segmented utterances which could 

consist of, for example, series of short bursts of sound. 
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Table 1: Summary of acoustic predictors. ANOVA column displays the 

number of group comparisons that are statistically different at p < 0.05  

level in Sheffé post-hoc analysis (max. 6). 

Figure 2: High-ranking example utterances for each communicative function 

from a single participant (ranked by the distance from the group centroids). 

Frequency and intensity contours are visualised. Darker colour indicates 

higher intensity value. 

Nro  Predictor          ANOVA 

 

1.  Frequency (Mean)         4/6 

2.  Frequency (Standard deviation)      3/6 

3.  Frequency (Slope)         2/6 

4.  Frequency Periodicity (Max. amplitude)    3/6 

5.  Frequency Periodicity (Max. period)     3/6 

6.  Frequency Periodicity (Entropy)      0/6 

 

7.  Intensity (Mean)         5/6 

8.  Intensity (Standard deviation)      5/6 

9.  Intensity (Slope)         2/6  

10.  Intensity Periodicity (Max. amplitude)    4/6 

11.  Intensity Periodicity (Max. period)     3/6 

12.  Intensity Periodicity (Entropy)      2/6 

 

13.  Proportion of unvoiced frames      6/6 

14.  Total length           3/6 

15.   Mean voiced segment length      3/6 

(MIDI) 


