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ABSTRACT 

Artificial subtle expressions (ASEs) are machine-like 

expressions used to convey a system’s confidence level to 

users intuitively. In this paper, we focus on the cognitive 

loads of users in interpreting ASEs in this study. 

Specifically, we assume that a shorter response time 

indicates less cognitive load, and we hypothesize that users 

will show a shorter response time when interpreting ASEs 

compared with speech sounds. We succeeded in verifying 

our hypothesis in a web-based investigation done to 

comprehend participants’ cognitive loads by measuring 

their response times in interpreting ASEs and speeches. 
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INTRODUCTION 
Speech interface systems, such as Apple’s Siri or OK 

Google, are already popular and installed in most 

smartphones. However, there is still little possibility that 

speech interface systems will ever be 100% reliable 

[3,18,21,22]. To manage errors or misunderstanding caused 

by such systems, some studies have been focusing on 

displaying a system’s confidence level to users, and these 

studies have shown that it is actually effective for various 

aspects of interaction between humans and systems 

[4,6,7,9,10]. For example, Antifakos et al. [1] showed that 

users adapt to a system easily if the system’s confidence is 

displayed on a computer screen. Therefore, expressing a 

system’s confidence to users is now becoming 

indispensable for speech interface systems. Most of these 

studies used speech sounds as human-like expressions to 

express their confidence level to users. 

 

Figure 1. Artificial subtle expressions (ASEs) 

In contrast with the above approaches, Komatsu et al. [14] 

proposed using artificial subtle expressions (ASEs) as 

machine-like expressions used to convey a system’s 

confidence level to users intuitively. Although ASEs are 

similar to Earcons [5] at a glance, there are apparent 

differences between them [14]; that is, an Earcon is a brief 

sound that has an arbitrary mapping to a certain meaning, 

while an ASE is also a brief sound that has an inevitable 

mapping to a meaning based on psychological findings. 

Moreover, Earcons play a main role in the communication 

protocol, while ASEs play a complementary one. 

Specifically, they proposed two simple beeping like sounds 

used as ASEs: a flat sound (flat ASE) and a sound with a 

decreasing pitch (decreasing ASE). These ASEs were added 

after the system’s verbal suggestions. They then showed 

that suggestions made with decreasing ASEs conveyed a 

low system confidence level to users intuitively (Figure 1). 

Up to now, several studies on ASEs have reported on the 

advantages of ASEs, that is, being suitable for imperfect 

systems [15] and language-independent interpretations 

being possible [16].  

In this study, we focus on users’ cognitive loads consumed 

in interpreting ASEs. Specifically, we hypothesize that 

users require less cognitive load when interpreting ASEs 
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compared with speech sounds used as human-like 

expressions. While there are several methodologies for 

comprehending users’ cognitive loads, such as the dual task 

paradigm [12,19,24] or measuring users’ biological signals 

[2,8], we focus on the response time for interpreting ASEs 

as an objective indicator of users’ performance [11,23]; that 

is, a shorter response time indicates less cognitive load. 

Although the reaction time itself may not be enough to 

comprehend the exact amount of participants’ cognitive 

loads, it can be utilized to relatively comprehend whether 

ASEs or speech require a lower cognitive load. According 

to the above hypothesis, we assume that users will show a 

shorter response time when interpreting ASEs compared 

with speech sounds. We thus conducted a web-based 

experiment to measure users’ response times for both ASEs 

and speech sounds and to investigate whether the above 

hypothesis is true or not.   

EXPERIMENT 

Settings 

We conducted a web-based experiment to measure 

participants’ response time for ASEs and speech. We used a 

“driving treasure hunting” video game as an experimental 

environment (Figure 2). In this game, the game image 

scrolls forward on a straight road as if the participant is 

driving a car with a navigation system and with small three 

mounds of dirt appearing along the way. A coin is inside 

one of the three mounds, while the other two mounds 

contain nothing. The game ends after the participants 

encounter 24 sets of mounds (24 trials). 

 

Figure 2. Driving treasure hunting video game 

The purpose for the participants is to get as many coins as 

possible. The location of the coin among the three mounds 

is randomly assigned. In each trial, the navigation system to 

the left of the driver seat (circled in the left image of Figure 

2) told them which mound it expected the coin to be in by 

using verbal suggestion with ASEs or speech. The 

participants could freely accept or reject the navigation 

system’s suggestions. In each trial, even after the 

participants selected one mound among the three, they were 

not told whether the selected mound had the coin or not 

(only a question mark appearing from the opened treasure 

box is displayed, as shown in the right image of Figure 2). 

Here, if the participants received feedback on whether their 

selection was correct or not, they usually started to solve a 

three-armed bandit problem [13] by considering strategies 

like “after estimating the probability distribution on which 

mound has a coin in the initial trials, select the mound with 

the highest probability.” We then avoided such strategic 

behavior by providing no feedback. The participants were 

then informed of their total numbers of coins only after they 

finished all 24 trials. It took about three minutes to 

complete this game. 

Stimuli 

In this experiment, the navigation system used Japanese 

speech to suggest to the participants the expected location 

of the coin, that is, “ichi-ban (no. 1),” “ni-ban (no. 2),” or 

“san-ban (no. 3).” These speech sounds were created by 

adding robotic-voice effects to the recorded speech of one 

of the authors. The duration of these three sounds was 0.5 

seconds. We then prepared the following two types of 

experimental stimuli to express levels of confidence to the 

participants. 

 

 

Figure 3. Speech waveform of suggestion “ichi-ban” with 

decreasing ASE (upper) and suggestion “ni-ban” with speech 

“kamo shiremasen” (lower) 

 ASEs: One of two ASEs was played 0.25 seconds after 

the verbal suggestion (upper image of Figure 3). These 

two ASEs were triangular wave sounds 0.75 seconds in 

duration with different pitch contours; that is, one was a 

flat ASE (onset F0: 400 Hz and end F0: 400 Hz), and 

the other was a decreasing ASE (onset F0: 400 Hz and 

end F0: 250 Hz). The suggestions with decreasing ASEs 

were to inform users of the system’s lower level of 

confidence in its suggestions, while the ones with flat 

ASEs were to inform them of a higher level of 

confidence.  

 Speech: As a kind of typical human-like expression, we 

prepared two stimuli by adding Japanese speech to the 

suggestions, that is, one with “dato omoi masu (I bet)” 

0.25 seconds after the suggestion and the other with 

“kamo shiremasen (I am not sure)” (the lower image of 

Figure 3). We designed the suggestions with “kamo 

shiremasen” to inform users of the system’s lower level 

of confidence, while the ones with “dato omoi masu” 

were designed to inform them of a higher level of 

confidence. The duration of both pieces of speech were 

0.25 ｓ

Suggestion 
“ichi-ban” (No. 1)
Duration: 0.5 s

Decreasing ASE
Duration: 0.75 s
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0.75 seconds, the same as the ASEs, and they were 

created by adding robotic-voice effects to the recorded 

speech sounds of one of the authors. 

Here, the length of the suggestions with ASEs and with 

speech was completely the same at 1.5 seconds 

(suggestions: 0.5 seconds, interval: 0.25 seconds, and ASEs 

or speech: 0.75 seconds), and there were six variations for 

each type of stimulus (3 suggestions × 2 ASEs/pieces of 

speech). 

Participants 

163 Japanese undergrads participated. These participants 

voluntary responded to a call for participants from the 

authors. They were randomly assigned one of the following 

two experimental conditions. 

 ASE condition (82 participants): Among 24 trials of the 

driving treasure hunting video game, 6 stimuli with 

ASEs (3 suggestions × 2 ASEs) were randomly 

presented to the participants 4 times. 

 Speech condition (81 participants): Among 24 trials, 6 

stimuli with speech (3 suggestions × 2 pieces of speech) 

were also randomly presented 4 times. 

The URL of the web-based experiment system was given to 

these participants, and they were asked to open it on their 

own PCs. The system first displayed a consent form and 

instructions for the experiment. These instructions never 

mentioned or explained the ASEs or speech given after 

suggestions made to the participants, but they strongly 

mentioned that the participants should select the correct 

mound as fast as possible. Before starting the game, the 

participants were asked to listen to a test sound via speakers 

or headphones and to adjust the sound volume to a 

comfortable level. Afterward, they played the game. The 

response time was defined as the duration from the onset of 

the sound stimuli to the participant’s mound selection, and 

this was automatically measured by the experimental 

system. The game was implemented with Adobe Flash, and 

the participants’ response times were measured by the 

internal timer of their PCs. The game started after 

downloading all required data for the game, so the 

transmission speed between the experimental system and 

the participants’ PCs did not affect the measurements of 

their response times. In terms of the adequacy of measuring 

response time in a web-based experiment, Komarov et al. 

[17] already reported that “there were no significant 

differences between the two settings (lab experiment and 

MTurk experiment) in the raw task completion times, error 

rates,” so we assumed that this web-based experimental 

system was reasonable for measuring the participants’ 

reaction times when interpreting ASEs and speech. 

On the basis of the measured response time, we detected 

“lazy participants” who were not really listening to the 

given stimuli. Specifically, we eliminated the data of 

participants who took more than 10 seconds to respond at 

least one time (did not concentrate during the experiment), 

who responded within 0.05 seconds at least one time (did 

not listen to the given stimuli), and whose average response 

time was less than 0.5 seconds (did not listen to the ASEs 

or speech parts). As a result, the data for the 23 participants 

(12 participants for the ASE condition and 11 participants 

for the speech condition) were eliminated, so of the data for 

the remaining 140 participants (99 male, 39 female, and 2 

unanswered, 20 – 23 years old), 70 of those were in the 

ASE condition, and the remaining 70 were in the speech 

condition.  

Manipulation Check 

The suggestions with a flat ASE and the phrase “dato omoi 

masu (I bet)” were expected to convey a higher confidence 

level to the participants, while those with a decreasing ASE 

and the phrase “kamo shiremasen (I am not sure)” were 

expected to convey a lower confidence level to users. We 

investigated the rejection counts, i.e., how many system 

suggestions were rejected by the participants (maximum: 12 

times for each confidence level) in order to check whether 

each stimulus successfully conveyed the designed 

confidence level to the participants.  

The rejection counts were then analyzed with a 2 × 2 mixed 

ANOVA (between independent variable: ASE/speech 

conditions, within independent variable: higher/lower 

confidences, and dependent variable: rejection counts). The 

results showed no significant difference in the interaction 

effect [F(1, 138) = 0.15, n.s.] and the main effect of the 

between independent variable [F(1, 138) = 0.93, n.s.], but 

there was a significant difference in the main effect of the 

within independent variable [F(1, 138) =  64.08, p < .01] 

(Table 1). As a result, the suggestions with a flat ASE and 

with “dato omoi masu (I bet)” had lower rejection counts, 

while those with a decreasing ASE and “kamo shiremasen 

(I am not sure)” had higher counts. We thus confirmed that 

each stimulus successfully conveyed the assigned 

confidence levels to the participants appropriately. These 

results were completely the same with the ones reported in 

the former studies of ASEs [14, 15]. 

 ASEs Speech 

Higher Confidence 2.66 (SD = 3.27) 3.27 (SD = 2.91) 

Lower Confidence 5.57 (SD = 4.01) 5.91 (SD = 3.89) 

Table 1. Average rejection counts for each condition 

Results 

The response times for each stimulus were analyzed with a 

2 × 2 mixed ANOVA (between independent variable: 

ASE/speech conditions, within independent variable: 

higher/lower confidences, and dependent variable: response 

time, Figure 4). The results showed significant differences 

in the interaction effect [F(1, 138) = 4.31, p < .05] and in 

the main effect of the between independent variable [F(1, 

138) = 8.48, p < .01]. The simple main effects of the 

between and within independent variables were then 

analyzed, and the results showed significant differences in 
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the response time for higher and lower confidence stimuli 

between the ASE and speech conditions [higher confidence: 

F(1, 138) = 6.07, p < .05, lower confidence: F(1, 138) = 

9.85, p < .01] and for the speech condition between higher 

and lower confidence stimuli [F(1, 138) = 7.75, p < .01], 

while there were no significant differences in the response 

time for the ASE condition between higher and lower 

confidences [F(1, 138) = 0.02, n.s.]. To summarize, the 

participants showed shorter response times for the 

suggestions with ASEs compared with the suggestions with 

speech, so our hypothesis that users will show a shorter 

response time when interpreting ASEs compared with 

speech sounds used as human-like expressions was verified.  

Interestingly, the participants showed different response 

times depending on the higher and lower confidence 

information in the speech condition, while they showed no 

difference in the ASE condition. This suggests that ASEs 

require a constant cognitive load regardless of whether one 

interprets higher or lower confidence information, which is 

a significant advantage of ASEs over speech sounds. 

 

Figure 4. Average response time for each experiment stimulus 

DISCUSSIONS AND CONCLUSION 

There might be a question of whether or not 24 trials were 

enough for the participants to get used to the given stimuli 

(suggestions with speeches). The response times in the 

speech condition may have gotten closer to those of the 

ASE condition if the participants had experienced more 

than 24 trials. Looking separately at the first and latter half 

of the trials, the average response time gradually decreased 

in the first half and converged to different times depending 

on the two conditions, while the standard deviations also 

gradually decreased in the first half and then converged in 

the latter half to the same values (Figure 6). This intuition is 

confirmed by a 2 × 2 mixed ANOVA (between independent 

variable: ASE/speech conditions, within independent 

variable: first/latter half, dependent variable: average 

response time). There are significant differences in both of 

the main effects [ASE/speech: F(1, 138) = 7.17, p < .01, 

first/latter: F(1, 138) = 46.99, p < .01] (Table 2). From this, 

we can expect the response time difference of the two 

conditions to last even after the 24 trials. This strongly 

supports the idea that interpreting ASEs requires less 

cognitive load compared with interpreting speech sounds 

used as human-like expressions. 

 

Figure 5. Change in average response time 

 

Figure 6. Standard deviations of response time 

 ASEs Speech 

First half 1.53 (SD = 0.73) 1.87 (SD = 0.78) 

Latter half 1.29 (SD = 0.55) 1.53 (SD = 0.63) 

Table 2. Average response times in first and latter halves for 

each experimental condition 

Although some studies reported that “non-speech sounds 

take longer times to interpret than speech sounds [20, 25],” 

our study reached the opposite conclusion. We believe that 

this clearly showed the effectiveness of the ASEs compared 

with other non-speech sounds like Earcons. 

As mentioned in Introduction, previous studies have reported 

several advantages of ASEs, such as being intuitive for users, 

being suitable for imperfect systems, and language-

independent interpretations being possible. This study 

successfully added a new advantage, that is, that users 

showed shorter response times when interpreting ASEs 

compared with speech sounds used as human-like 

expressions. Therefore, it should be appropriate to apply 

ASEs for time-critical applications such as car- or flight-

navigation systems and the operation consoles of electric 

power plants, which need to express emergency information 

to their operators. For example, in driving situations, less 

cognitive loads for drivers in interpreting a car’s warning can 

provide more cognitive resources for safe driving. Exploring 
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how to implement ASEs into such real applications is 

definitely one of our next targets. 
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