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Abstract. The chances of being interrupted by online communication systems, 
such as email, instant messenger, and micro-blog, are rapidly increasing. For 
the adequate control of interruption timing, the real-time estimation of the 
interruptibility of the user is required. In this study, we propose an 
interruptibility estimation method using PC activity and conversational voice 
detection based on the wavelet transform. The offline estimation was applied to 
a dataset of 50 hours obtained from 10 users. The results indicated the 
feasibility of improving the interruptibility estimation accuracy by the 
automatic detection of the existence and end of conversations. 

Keywords: interruptibility, availability, voice detection, office work, 
interruption. 

1 Introduction 

A wide variety of online communication systems, such as email, instant messenger, 
and micro-blog, have been growing in popularity with the growth of the Internet. 
Although such systems pose a risk of inconveniently interrupting the users, such 
interruptions are not controlled in present systems. Studies of human multitasking 
have suggested that the suspension and resumption of a working memory related to 
active tasks occurs when task switching is forced by an external interruption. This set 
of suspensions and resumptions causes a lag at task switching [1, 2]. Furthermore, it 
has been pointed out that a “resumption lag” can be potentially increased by 
interruption timing and the relationship between switching tasks [3, 4]. Therefore, 
frequent inter-ruptions regardless of the user’s status risk the fragmentation of the 
user’s working time and decrease intellectual productivity [5]. Therefore, automatic 
user status estimation and interruption timing control can be expected to reduce the 
chance of inappropriate interruptions and to enhance online communication quality. 

One potential method to estimate a user’s status is user activity monitoring by 
using sensors. For example, counting keystrokes and mouse clicks has been utilized 
during PC work [6], and various sensors have been installed in the work space or have 
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been attached to the users [7, 8]. These methods estimate interruptibility based on PC 
activities or recognized events, such as having a guest or a telephone call [9, 10]. 
These methods are expected to adequately estimate a user’s status during tasks that 
have observable physical activity. However, the mental workload during a task or 
intellectual activity, such as deep thinking, has no measurable output. Moreover, it is 
practically difficult to install sensors on users or in the work space. 

Another approach is to estimate the breakpoints of a task. Several studies have 
reported the relationship between the resumption lag and breakpoint. These studies 
have experimentally demonstrated that resumption lags at breakpoints are shorter, 
because the breakpoint is the end of a subtask, and therefore, suspension and 
resumption of a working memory is not required, even if the task requires significant 
intellectual activity [11, 12]. Iqbal and Bailey have also proposed a breakpoint 
detection method based on the structural analysis of the tasks [13].  

However, this approach requires task-structure analysis to determine 
interruptibility levels at breakpoints. Therefore, a real-time breakpoint estimation 
method, which can be performed by an information system, is desired for automatic 
interruption timing control. 

We consider that focused application switching (AS), which is the transition of the 
active application window, is a potential breakpoint in PC work. Our experimental 
results demonstrate that the interruptions at AS are significantly more acceptable than 
those during continuous work. Finally, we propose a user interruptibility estimation 
method at AS [14]. However, for office workers, there are social factors that affect 
their interruptibility, such as communication and collaboration during work. Although 
the interruptibility during communication would be low, the proposed method 
estimates high interruptibility in such a situation, because there are no, or very few, 
observable PC activities. Therefore, we need to consider social activities in addition 
to PC activities to improve the estimation accuracy. 

In this study, first, we experimentally collected PC activity, environmental sound, 
and subjective interruptibility data of participants during work in a laboratory. 
Second, we analyzed the relationship between conversational status and 
interruptibility. Third, we proposed an interruptibility estimation method based on 
conversation status in addition to PC activity. Finally, we experimentally confirm that 
estimation accuracy is improved by considering conversational status. 

2 Real-Time Estimation of User Interruptibility Based on PC 
Activity 

We used focused AS, which is the transition of the active application window, as a 
breakpoint in PC work [14]. AS is considered as the user’s intentional switching of 
the working space or working target. Therefore, the user’s concentration at AS is 
expected to be instantaneously weakened compared with that during continuous work. 
Moreover, AS commonly and frequently occurs in PC work and is easily detected. 
Thus, AS is a potential source of information presentation timing with less risk of task 
disturbance. 
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To examine this assumption, we experimentally collected and analyzed PC 
operation records and subjective interruptibility scores. The experimental results 
demon-strated that interruptions at AS are significantly more acceptable for users than 
those during continuous work (p < 0.01, t-test). Moreover, the resumption lags caused 
by interruption at AS were significantly shorter than those during continuous work.  

We analyzed the relationship between the interruptibility scores and features, 
which were calculated from the operation records and were expected to reflect the 
interruptibility at AS. Finally, we defined an estimation rule, which estimates user 
interruptibility at three levels on the basis of the occurrence probability of each index 
at a particular interruptibility level. 

On the other hand, the frequency of AS during PC work depends on the user’s task 
and situations. Therefore, the opportunity of information presentation may 
significantly decrease in some cases. Thus, we proposed an interruptibility estimation 
method during continuous work (Not Application Switching (NAS)) based on four 
PC-activity-related indices. The estimation method demonstrated a level of accuracy 
almost comparable with that of the estimation method at AS.  

However, the accuracy was susceptible to change because of non-PC work and 
conversation during work. In both cases, the indices based on PC activity do not 
reflect the actual user activity; therefore, the proposed method estimated the numbers 
of low interruptibility status as high. In particular, 50% of these serious errors in the 
office environment were caused by conversation. We needed to consider the 
conversation state to improve the estimation accuracy. 

3 Collection of Interruptibility Data during Deskwork 

3.1 Experimental Setup and Conditions 

To investigate the effect of conversation on the interruptibility of office workers while 
using PCs, we conducted experiments to interrupt the participants during work. The 
participants were requested to subjectively score their interruptibility at interruption. 
The configuration of the experimental system is shown in Fig.1. The experiment 
program remained in the “task-tray” and recorded the PC operation information and 
the sound at 500-ms intervals. The recorded data are keystroke, mouse click, mouse 
wheel, clipboard update, window number, and foreground application name.  

The experiment program intermittently interrupted the participants when one of the 
preprogrammed interruption conditions was satisfied. The participants were requested 
to score their subjective interruptibility in five grades through a “dialog-box.” The 
participants were instructed to assume that the interruption is the request of a five 
minute conversation with their colleagues. The interruption conditions are set as 
follows to obtain the interruptibility scores during conversation, after finishing the 
conversation, and in the quiet state: 

1. Continuous sound detection (potential conversation): The rate of samples in which 
the sound pressure exceeded the threshold is between 25 and 90 percent in the last 
20 seconds and more than 15 percent during the period between 10 and 20 seconds 
before the interruption. 
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2. End of continuous sound (potential conversation ending): Condition 1 had been 
satisfied at the previous sample and is not satisfied at the current sample. 

3. Quiet (potential not conversation): Conditions other than 1 and 2. 

Furthermore, the minimal interruption intervals, between 30 and 900 seconds, were 
imposed on each condition to avoid excessive interruption and bias in data. The 
participants were eight university students and two faculty members. All participated 
in the five-hour experiment at their own desks. No restrictions in activity were 
imposed. The observed PC activities were programming, document editing, data 
analysis, email, and net surfing; and the non-PC activities were reading from a printed 
paper, conversation, smartphone operation, and eating. The conversational contents 
were research-related matters, hobbies, and daily news. 

 

Fig. 1. Experimental system for collecting interruptibility data during deskwork 

3.2 Detection of Conversational Statuses 

We defined three types of status—“During conversation,” “Conversation ending,” and 
“Quiet”—to investigate the effect of conversation on interruptibility. The decision 
rules were as follows: 

1. During conversation: human voice had been detected in the last 10 seconds. 
2. Conversation ending: human voice had been detected in the last 20 seconds and 

had not been detected for 10 seconds including interruption timing. The cases in 
which a keystroke or mouse click is detected have been excluded, because PC op-
eration implies the participants’ resumption of the task. 

3. Quiet: conditions other than 1 and 2. 

The conversational voice was detected by the Wizard-Of-Oz (WOZ) method and an 
automatic method based on the wavelet transform [15]. In the WOZ method, the 
experimenter judged the conversational status from the recorded sound based on the 
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described rules. Therefore, “During conversation” included both the conversations in 
which the participant was included and not included.  

In the automatic method, the conversational voice was detected on the basis of the 
features in the frequency and time domains. In the frequency domain, voice has a pitch 
frequency and the first formant frequency. The first formant frequency is about two 
times the pitch frequency. In the time domain, the pitch frequency gradually changes 
during conversation. To detect these features, the following detecting rules were defined 
by using wavelet transform in reference to a method for speech detection [16]. 

• Frequency domain conditions:  

(a) The pitch frequency is between 80 and 360 Hz.  
(b) The first formant frequency is similar to two times the pitch frequency.  
(c) The power at the dip is sufficiently smaller than that at the pitch. 

• Time domain condition:  

(d) The number of the divided-into-eight subsamples that have stable pitch 
frequency is greater than three. The stability index was the variation of the 
pitch frequency. 

Samples that satisfied both conditions were regarded as conversational voice. 

3.3 General Trends of Experimental Results 

The general trends of the obtained data are shown in Table 1. Because the PC 
operation might influence the effect of conversation on interruptibility, the data was 
categorized by the existence of PC activity as well as the conversational status. PC 
activity was detected as a keystroke or mouse click within the last 30 seconds. 

Table 1. Average subjective scores and frequencies at various interruption timings 

 
During 
conversation 

Quiet 
Conversation 
 ending 

PC activity 2.19 (159) 2.80 (150) 3.96 (25) 
No PC activity 2.71 (156) 3.39 (76) 3.98 (51) 

 
The result of multiple comparisons revealed that the interruptibility “During 

conversation” is significantly higher and that at “Conversation ending” is significantly 
lower than that during the quiet state, regardless of PC activity. Therefore, “During 
conversation” and “Conversation ending” are promising indices for interruptibility 
estimation. The interruptibility with PC activity is detected was significantly lower 
than that without PC activity. 

The average interruptibility values “During conversation” and at “Conversation 
ending” were 0.61 lower and 1.16 higher, respectively, than that during the quiet 
state, when PC activity was detected. The differences changed to 0.68 and 0.59 in the 
cases without PC activity, respectively. These differences suggest that conversation 
ending has a larger effect on interruptibility. 
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4 Offline Estimation of Interruptibility 

4.1 Interruptibility Estimation Equation 

We introduced two conversational indices into the estimation equation during NAS in 
reference to a previous study [17]. The PC operation indices that were proposed in the 
previous study are shown in Table 2. Equation 1 represents the estimation equation. If 
the data meet the condition for each index, the index takes the value 1, otherwise 0. 
The value of function f ranges from 0 to 1. Interruptibility is classified into three 
levels using Equation 2. 

Table 2. Indices based on PC operation 

ID Indices Interruptibility 

A Keystroke in last 20 seconds. Low 

B 
PC activity detection in more than 30% of the last 2 
minutes. 

Low 

C Use of both keyboard and mouse in the last 2 minutes.  Low 
D Transitioned from shell (desktop) within 5 min. Low fሺxሻ ൌ ሺ2A ൅ B ൅ C ൅ Dሻ/5                     (1) 

Interruptibility ൌ ቐ Low          0.7 ൑ fሺxሻ ൑ 1Medium       0.2 ൑ fሺxሻ ൏ 0.7High          0 ൑ fሺxሻ ൏ 0.2             (2) 

The added conversational indices in this study are shown in Table 3. Equations 3 and 
4 show the estimation equations. In Section 3.3, it was suggested that the effects of 
“During conversation” and “Conversation ending” on interruptibility are different in 
the cases PC activity and No PC activity. Therefore, the coefficients in the two 
equations differ. The coefficients were experimentally decided with reference to the 
results of a multiple linear regression analysis. After calculating the function f, 
interruptibility was classified into three levels using equation 2. 

Table 3. Added indices of conversational statuses 

ID Indices Interruptibility 

E During conversation Low 
F Conversation ending High 

 
PC activity: fሺxሻ ൌ ሺ2A ൅ B ൅ C ൅ D ൅ E ൅ 2Fതሻ/8      (3) 

 
No PC activity: fሺxሻ ൌ ሺ2A ൅ B ൅ C ൅ D ൅ 2E ൅ Fതሻ/8      (4) 
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4.2 Interruptibility Estimation Results 

Fig.2 (a) shows the estimation result using the already proposed PC operation indices. 
Figs.2 (b)–(d) show the offline estimation results with “During conversation,” 
“Conversation ending,” and both indices, respectively. The conversational voice was 
de-tected by the WOZ method. In Fig.2 (a), the precision for high interruptibility was 
40%. The indices “During conversation” and “Conversation ending” increased the 
precision to 48% and 42%, respectively, as seen in Fig.2 (b, c). The use of both 
indices further improved the precision to 59%. Especially, the rate of high-risk error 
esti-mation, which means the unacceptable status was mistakenly estimated as 
interrupti-ble, decreased from 40% to 18% by applying the two indices. On the other 
hand, the improvement in precision for low interruptibility was from 66% to 69%. 
The im-provement of the total recall was from 36% to 40%. The conversational 
indices ap-pear to be more effective for the improvement of accuracy for high 
interruptibility. 

   

 

Fig. 2. Results of offline interruptibility estimation based on (a) PC activity, (b) PC activity and 
conversation, (c) PC activity and conversation ending, and (d) PC activity and both 
conversational indices 

Fig.3 shows the estimation results based on automatic conversational voice 
detection. The precision for high interruptibility was slightly increased to 42% 
compared to the PC-activity-based method. The rate of high-risk error estimation was 
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reduced to 34%. The precision of high interruptibility was also increased to 68%. 
Even though the current automatic voice detection algorithm still needs to be 
improved, the use of conversational information in combination with PC activity 
appears promising. 

 

Fig. 3. Estimation results based on the automatic conversation detection 

5 Discussions 

As a result of the analysis of the correlation between interruptibility and conversation 
detection by the WOZ method, we confirmed that “During conversation” and 
“Conversation ending” affect interruptibility. Moreover, by adding these two indices 
to the previous estimation method based on PC operations, the precision of high 
interruptibility was improved, and serious errors were reduced. Further improvement 
is expected by using other indices that correlate with interruptibility. One promising 
index is “Conversation duration,” which may correlate with the importance of 
conversation. 

Table 4. Comparison of conversation status detection methods 

 

Automatic detection 

During  
conversation 

Quiet 
Conversation  
ending 

WOZ 

During 
conversation 

162 103 49 

Quiet 12 207 7 
Conversation 
ending 

24 27 25 

 
Among the “During conversation” samples that were judged by the WOZ method, 

103 samples were categorized as “Quiet,” and 49 samples were detected as 
“Conversation ending.” It implies that the automatic detection method tends to fail for 
the detection of conversational voice. Therefore, an improvement of the detection rule 
is required. As for the computational time of the automatic method using the 
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continuous wavelet transform, it took 0.86 s for 0.5 s sound data. For real-time 
estimation, it is necessary to reduce this computational time. The reduction of time 
and frequency resolutions and the use of the discrete wavelet transform may be 
potential solutions. 

In this study, the introduction of two conversational indices improved the accuracy 
of the interruptibility estimation method based on PC operations. It suggests that the 
reflection of social factors in addition to task-related factors will enable a more 
accurate estimation. The task-related factors utilized in the present study are only PC 
activity features, suggesting that the target task of the present method is limited to 
office work with PC usage. However, other types of office activities exist, such as 
paperwork. The introduction of additional indices, reflecting the working density or 
user’s working attitude during office works without PC, is expected to extend the 
applicable office activities. Head motion is one potential index, because it reflects the 
gaze that is tightly related with the worker’s information acquisition behavior. 

6 Conclusions 

In this study, we analyzed the correlations between the conversational features and 
interruptibility during office work. Two conversational indices “During conversation” 
and “Conversation ending” improved the estimation accuracy of the interruptibility 
estimation method based on PC activity. The improvement of automatic conversation 
detection accuracy and the reduction of the computational time are required for 
adequate interruptibility control toward better online communication. 
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