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Figure 1: Application System Flow 

Since our model utilizes weights (factors) to calculate the final PLI, user must input these 

factors for Location, Driving and Bluetooth. The entry in the updated matrix module is 

retrieved by the caller group name and time of day. The PLI calculation module fetches 

context data from Bluetooth, foreground app, location, driving and calendar and uses 

them to calculate final PLI. Based on the final PLI the audio manager changes the sound 

profile of the device. The output we get is the phone goes into Ring/ Silent or vibrate 

mode. After the user hangs up the broadcast receiver message box pops up that asks the 

user whether the user considers the interruption as a good one or bad one. The user’s 

review is stored in an SQLite database and is also used to update the matrix so that over 
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time the matrix improves itself. The matrix is updated using a Bayesian formula which 

calculates PLI for a caller group for a certain time of day. Storing feedback in internal 

database allows the application to improve the matrix offline. Feedback, caller group and 

time of call are also saved to an online database so that more complex patterns can be 

identified. The feedback database is then analyzed and can be used for PLI calculation. 

So PLI calculation module can utilize machine learning in 2 ways. One way is to use 

analysis performed on call log and feedback database. The other way is to use the 

updated matrix module in the app. The benefit of storing updated matrix in phone is the 

application will continue to work offline.  

4.3 Determining the Preferred Method of Interruption (PMI) 

If the PLI is above .5 the PLI calculation module instructs audio manager to 

change the sound profile to ring or vibrate. We assume that it is okay to vibrate if it is 

okay for the phone to ring. The user can choose the preferred method of interruption for 

each context. By default for each context PMI is set to vibrate. If all of the measurable 

contexts have PMI set to ring the phone will ring. If even one of the measurable contexts 

has its PMI set to vibrate the phone will vibrate.  

4.4 Obtaining and Setting Preferences for the Contexts 

4.4.1 Location Preferences  

Manage Locations UI allows the user to create location profiles. The user 

begins with naming the location profile after that the user can select location, 

probability of interruption, preferred method of interruption for each saved 

location profile. When the user enters a location it is matched against google maps 

database and some addresses are suggested. The user can pick one from the 
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suggested addresses. One thing to be noted here is Locations can be entered only 

when there is an active internet connection. A SQLite database stores longitude, 

latitude and user preferences.  

 

 

Figure 2: Location Preferences 

The user’s location is determined by location services provided by Google Play 

Services. The location services API from Google Play Services tracks the device 

location and updates it automatically.  

As soon as the application detects an incoming call from the android broadcast 

receiver it obtains the last known location from location services. The POI 
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Calculation class then compares the last obtained location against the locations 

previously entered in location preferences. Even though GPS technology has been 

improving each year, current GPS chips used in cellphones are still not hundred 

percent accurate. The last obtained position provided by location service is 

compared with locations in location preferences and if they are off by less than 

the radius of accuracy the user’s location preferences are used in the calculation. 

If the distance from the last obtained coordinates and the locations saved in 

location preferences is further than radius of accuracy the situation is considered 

non measurable and the default values are used. 

4.4.2 Schedule Preferences 

Schedule preferences uses the native application calendar of user’s device. 

There are 3 cases to consider while evaluating the calendar context. One is the 

user has nothing scheduled at the time of an incoming call or text. Another case is 

the user has entered PLI and preferred method of interruption in the calendar. And 

the last case is user has scheduled an event but has not entered PLI and PMI. In 

the first case if the user does not have anything scheduled the value of PLI is set 

to 1 since this context is non-measurable and we do not want a non-measurable 

context impact our final PLI calculation. If the user has an event but the PLI and 

PMI have not been entered the default values supplied by the user will be used. In 

order to enter PLI and PMI the user has to enter PLI followed by PMI between $ 

sign. The $ sign is used as a delimiter to fetch PLI and PMI from calendar entry. 

The value of PMI is either R or V where R stands for ring and V stands 
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Figure 3:  Schedule Preferences 

for vibrate. Upon an incoming call the application uses current device time to 

detect an event and evaluate scheduled preferences according. 
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4.4.3 Contact Preferences 

The contact preferences UI allows the user to create contact group profiles and 

add existing contacts to a particular contact group. The user can also specify 

predicted level of interruption and preferred method of interruption for each 

group.  

 

 

Figure 4: Group Preferences 

A contact cannot belong to more than one group at a time. The contact’s name, 

phone number, group name all are stored in the internal SQLite database. 

Whenever a call comes in the calculation module fetches data using the incoming 
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phone number to run calculations. If the phone number already exists in the 

contact list and has been assigned to a group the PLI value is obtained from the 

matrix. If the caller does not belong to any group nothing is returned by the query 

and the default PLI is used in calculation. 

4.4.4 Time of Day Preferences 

 

 

Figure 5: Time of Day Preference 

Time of day preferences screen allows users to create profiles for time intervals of 

days. The first screen allows a user to create profiles of time intervals of day. 
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After creation of profile it provides users a screen to select a start time, end time 

and preferred method of interruption for that particular profile.  

4.4.5 Driving Preference 

Google Play Services has an Activity Recognition API that allows the 

android operating system to be aware of user’s current activity. Even though 

constantly updating this information can be helpful in identifying whether the user 

is driving or not It is still not practical to do so since the gps is one of the most 

power hungry sensors of a handheld device. The ideal case would be to detect 

whether the user is driving or not upon an incoming call but unfortunately that is 

not possible since in worst case it can take even an hour to get gps coordinates. 

Which is why this service runs in the background receives  
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Figure 6: Driving Preferences 

location updates every 30 seconds from google play services and stores the last 5 

activity updates.  

4.4.6. Bluetooth Device Preference 

Bluetooth device preference screen provides an interface for users to add 

Bluetooth devices by Bluetooth device name and allows the user to enter PLI for 

that particular device and Preferred Method of Interruption. The application runs a 

Bluetooth discovery service every 2 minutes to scan discoverable Bluetooth 

devices in proximity. If the Bluetooth discovery service detects a Bluetooth 

device in proximity that has already been added using Bluetooth device 
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preference screen it writes the last seen time of Bluetooth device to the SQLite 

database. Upon an incoming call the last seen time of Bluetooth devices is 

checked and if it less than 2 minutes from incoming call time the PLI for that 

Bluetooth device is used in calculation.  

 

 

 

Figure 7: Bluetooth Devices 

4.4.7. App Preference 

The app preference screen allows the user to set PLI for Facebook and 

twitter app. The application runs a service in the background that continuously 
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monitors the apps running on foreground and writes the last time the app was used 

on a shared preference file. The last running  

    

Figure 8: App Preference screen                              Figure 9: Setting PLI of Facebook 

time of apps on foreground are checked as soon as the broadcast receiver detects 

an incoming call and calculation module checks whether Facebook or twitter app 

had been on foreground less than 2 minutes ago. If the last running time of 

Facebook and twitter is less than 2 minutes of the incoming call the PLI of the last 

app on foreground is used in calculation module.   
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CHAPTER 5 

System Evaluation 

5.1 Various Models 

5.1.1 Weighted Sum with Adjusted Weights Model:  

“The weights are adjusted by first checking whether or not the context is 

measurable. Any non-measurable context, regardless of the weight attributed by 

the user, cannot be allowed to have a higher weight than a measurable context. 

The weights are first readjusted so all the measurable contexts have a higher 

ranking than the non-measurable contexts. The exact ranks from here are then 

determined by the ranks set by the user. For further clarification, say the user has 

ordered the contexts in order of most important to least important as follows: 

driving, contact, location, schedule, time of day. A call comes in for which the 

measurable contexts are contact and time of day. The model is then readjusted so 

contact and time of day receive the greatest weights. As contact initially had a 

higher weight, it would receive the greatest weight. Time of day would then 

receive the next greatest weight. Finally, the remaining context, in order of 

importance, would be driving, location, and schedule.”[35] 

5.1.2 Hidden Markov Model:  

Hidden Markov Viterbi algorithm has been used to predict the 

Interruptions. We have 2 states in our problem one is good interruption the other 

is bad interruption. There is a probability of these states occurring for each time 

interval of day and caller group. The B matrix contains probability of the states 

for each event (which is caller group and time of day). In our survey we asked a 
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series of questions from Q10-Q25. We have assumed that each subject received 

these 16 phone calls in the same sequence as the questions. From the sequence of 

answers the subjects provided we can obtain observation state sequence which is 

required to construct matrix A. In matrix A we have number of times the subject 

goes from the state of good interruption to good interruption, good interruption to 

bad interruption, bad interruption to good interruption and bad interruption to bad 

interruption. All of these entries are divided by the number of states in the 

observation which is 16.  

5.2 The Seven Scenarios:  

There are 5 scenarios here that are used to compare between 3 models which are 

Weighted Sum with Adjustable Weights, Hidden Markov model and our Bayesian model. 

To compare the models we have used survey data provided by survey participants. The 

same participant’s data has been used in scenario to compare the three models. We have 

reused some of the scenarios specified in Vilwock, Madiraju and Ahamed [35].  

 

Scenario 1: Subject 1 is at school in the classroom. It is 1pm in the afternoon and subject 

1’s class is having a study session. Everyone is quiet, and that is the way they would like 

the room to stay. Right in the middle of class Subject1 receives a call from his mother. 
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Weighted Sum with Adjusted Weights: Following values have been calculated from 

survey data. 

 

Table 7: Scenario 1 

Context Weight P(I) 

Location 3/15  =  .2 .5 

Schedule 2/15  = .13 .5 

Contact 5/15  = .33 .95 

Time Of Day 4/15  = .26 .75 

Driving 1/15  = .06 .5 

 

Final P(I) = (.2*.5)+(.13*.5)+(.33*.95)+(.26*.75)+(.06*.5) =.7035 > .5 

Output: Interruption 

Desired Output: No Interruption 

 

Remarks: Assuming subject 1 has Contact group and time of day configured properly. If 

subject1 configures location and schedule properly then the results would have been a 

little better than this since P(I) of location, schedule and driving would have been lower. 

But however small the P(I) values are these unmeasurable contexts would have still 

contributed to increase the final P(I). 
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Our Model: 

 

Table 8 Factors in Our Model  

Context Factor 

Location 1 

Schedule 1 

Driving 1 

App in Foreground 1 

Bluetooth 1 

 

Contact/Time Of Day PLI: .5 

Calculation: Threshold is 1*1*1*1*1*.5 = .5 which is not greater than the threshold  .5 

Output: No Interruption 

Desired output: No Interruption 

Remarks: Even though our output is equal to the threshold our model performed better 

than the weighted sum with adjustable weights model. If subject 1 had configured any of 

the other contexts such as Bluetooth, Location or schedule subject could have had even 

better result.  

 

Table 9: Hidden Markov Model: The A Matrix 

 Bad Interruption Good Interruption 

Bad Interruption 2 4 

Good Interruption 5 4 
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Table 10: Hidden Markov Model: The B Matrix  

 Friends 

Before 

Office 

Colleagues 

Before 

Office 

Family 

Before 

Office 

Extra 

Before 

Office 

Friends 

During 

Office 

Colleagues 

During 

Office 

Family 

During 

Office 

Extra 

During 

Office 

Bad 

Interruption 
5% 0% 0% 75% 50% 0% 50% 90% 

Good 

Interruption 
95% 100% 100% 25% 50% 100% 50% 10% 

   

  Friends 

during 

Evening 

Colleagues 

during 

Evening 

Family 

during 

Evening 

Extra in 

Evening 
Friends 

at Night 
Colleagues 

at Night 
Family 

at Night 
Extra 

at 

Night 

Bad 

Interruption 
0% 50% 0% 25% 75% 100% 0% 100% 

Good 

Interruption 
100% 50% 100% 75% 25% 0% 100% 0% 

  

Value Of PI: 16 as there are 16 states 

Predicted Value: Good Interruption 

Desired Value: Bad Interruption  

Accuracy: We have observed 93.75% accuracy according to the responses we have got 

from the survey.  

 

Scenario 2: Subject 2 is driving along the highway headed office in morning, unless 

the caller is important prefers not to be disturbed while driving. An unknown caller 

calls. 
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Table 11: Weighted sum with adjusted weights Model (Scenario 2)  

Context Weight P(I) 

Location 1/15  = .066 .5 

Schedule 2/15  = .133 .5 

Contact 3/15  = .2 .3 

Time Of Day 5/15  = .333 .6 

Driving 4/15  = .266 .2 

 

Final P(I) = (.066*.5)+(.133*.5)+(.2*.3)+(.333*.6)+(.266*.2) =0.4125 < .5 

Output: No Interruption 

Desired Output: No Interruption 

 

Table 12: Factors of Our Model 

Context Factor 

Location 1 

Schedule 1 

Driving .8 

App in Foreground 1 

Bluetooth 1 

 

Contact/Time Of Day PLI: .7 

Calculation:  .5*.8=.4 Threshold; PLI .7 is greater than .4 

Output: No Interruption 



46 
 

Output: No Interruption 

Desired output: No Interruption 

Remarks: In this case even though weighted sum with adjustable weights is close to 

threshold it still does not give the desired output. Our model excels in this scenario and 

has a value that is much greater than the calculated threshold. 

 

Scenario 5: Subject 5 is in a meeting with her supervisor at 2 o'clock. Her husband 

calls her. She prefers not to be disturbed during the meeting.  

 

Table 19: Weighted Sum with Adjusted Weights Model (Scenario 5) 

Context Weight P(I) 

Location 4/15  = .266 .5 

Schedule 2/15  = .133 .1 

Contact 3/15  = .2 .95 

Time Of Day 5/15  = .333 .5 

Driving 1/15  = .066 .75 

 

Final P(I) = (.266*.5)+(.133*.1)+(.2*.95)+(.333*.5)+(.066*.75) = 0.5523 > .5 

Output: Interruption 

Desired Output: No Interruption 
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Table 20: Factors of Our Model (Scenario 5) 

Context Factor 

Location 1 

Schedule .1 

Driving 1 

App in Foreground 1 

Bluetooth 1 

 

Contact/Time of Day PLI is .5 

Calculation: Threshold is 1*.1*1*1*1*.5 = .05, PLI is .5 which is greater than the 

calculated threshold .05  

Output: No Interruption 

Desired output:  No Interruption 

Remarks: Our model provided a much better output than the weighted sum with 

adjustable weights model even in a case where she takes 95% calls from her husband. 

 

Scenario 6: Subject 6 is attending meeting with Dr. Xavier that was thought not to be 

held before Friday. Dr. Xavier hates when someone’s phone rings during a meeting. 

Fortunately subject 6 knew Dr. Xavier’s Bluetooth device name. So he had the device 

name added in Bluetooth device preferences where he set PLI to .8. Subject 6’s 5 year old 

daughter calls him at 2 o'clock to tell him to buy some chocolate for her on his way 

home. 
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Weighted sum with adjusted weights Model:  

 

Table 21: Weighted Sum with Adjusted Weights Model (Scenario 6) 

Context Weight P(I) 

Location 1/28  = .035 .5 

Schedule 5/28  = .178 .5 

Contact 7/28  = .25 .9 

Time Of Day 6/28  = .214 .6 

Driving 2/28  = .071 .5 

Bluetooth 4/28 = .142 .2 

App in foreground 3/28= .107 .5 

 

Final P(I) = (.035*.5)+(.178*.5)+(.25*.9)+(.214*.6)+(.071*.5)+(.142*.2)+(.107*.5) = 

0.577 > .5 

Output: Interruption 

Desired Output: No Interruption 

Our Model: 

Table 22: Factors of Our Model (Scenario 6) 

Context Factor 

Location 1 

Schedule 1 

Driving 1 

App in Foreground 1 

Bluetooth .2 
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Contact/Time of Day PLI = .1 

Calculation: Threshold is 1*1*1*1*.2*.5 = .1 PLI is .1 which is not greater than the 

calculated threshold .1  

Output: No Interruption 

Desired output:  No Interruption 

Remarks: In this case weighted sum with adjustable weights is close to threshold but 

does not give the desired output. Our model gives here the desired output even though the 

previous model fails. 

 

Scenario 7: Subject 7 is at home Facebooking in the morning. He does not mind 

taking a call as long as it is important. He suddenly gets a phone call from his 

colleague who requests him to bring a thumb drive for a project they are both 

working on. 
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Weighted Sum with Adjusted Weights Model:  

 

Table 23: Weighted Sum with Adjusted Weights Model (Scenario 6) 

Context Weight P(I) 

Location 4/28  = .142 .75 

Schedule 5/28  = .178 .5 

Contact 7/28  = .25 .9 

Time Of Day 6/28  = .214 .7 

Driving 2/28  = .071 .5 

Bluetooth 1/28 = .035 .5 

App in foreground 3/28= .107 .95 

 

Final P(I) = (.142*.75)+(.178*.5)+(.25*.9)+(.214*.7)+(.071*.5)+(.035*.5)+(.107*.95)  

= 0.724 > .5 

Output: Interruption 

Desired Output: Interruption 

 

 

 

 

 

 



51 
 

 

 

Our Model: 

Table 24: Factors of Our Model (Scenario 7) 

Context Factor 

Location 1 

Schedule 1 

Driving 1 

App in Foreground .95 

Bluetooth 1 

 

Contact/Time of Day PLI = .3 

Calculation: Threshold is 1*1*1*.95*1*.5 = .475, PLI is .3 which is less than the 

calculated threshold .475  

Output: Interruption 

Desired output:  Interruption 

 

 



52 
 

 

Chart 1: Weighted sum with adjustable weights and our model comparison  

5.3 Justification of Addition of New Contexts and Default Values 

Survey results:  

We have conducted a survey on 20 participants.18 participants took the paper 

survey and only 2 took the online survey. In the survey questionnaire question 1, 2 was 

designed to find out most important caller groups, most important time intervals of day. 

Through question 4 we tried to understand how important the addition of Bluetooth can 

be to people. Question 3, 5,6,7,8 was included in the questionnaire to help us set default 

values for our application.  
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Chart 2: Important Caller Groups 

Out of 20 participants 18 participants felt Friends caller group to be important to an 

MIMS. All of them thought Family must be included, 17 of them thought there should be 

a contact group for Colleagues, 16 of them thought there should be a caller group so that 

more importance could be given and only 4 participants felt that more contact groups like 

other business relations and close family members group is needed. However, our 

application allows the user to create as many contact groups the user requires.   
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Chart 3: Important Time Intervals of Day 

Out of 20 participants 12 thought they needed a Time of Day profile for morning, 18 

participants felt they need one for Office time, 17 felt the need of a evening profile that 

represents the time after office and 19 of them thought they need a Night profile that 

represents sleeping time. 
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Chart 4: Bluetooth in Detection of Bad Interruptions 

Out of 20 subjects 19 subjects thought that usage of Bluetooth can help a Mobile 

Interruption Management System detect bad interruption.  

5.4 Application Performance Evaluation:  

After development preliminary tests have been performed. Currently the size of 

the application is 6.21MB with the source code being 179 KB. The application services 

run constantly to be aware of location, driving, Bluetooth and app running in foreground 

contexts. We observed logging app in foreground on a shared preference file takes less 

than 3 milliseconds and battery consumption due to it should be negligible as this 

information is already available in the android operating system and it requires no 

additional computation to retrieve this information. Hence, in our application there are 

only 2 modules that may drain the battery of the device. One is the location module that 

uses google services to get location and driving information, the other one is the 

Bluetooth module that continuously monitors Bluetooth devices in proximity. The 

location module utilizes Google Play Services to retrieve location updates not only to 
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detect location of the device but also driving context. We have used a Nexus 4 device and 

GSAM Battery monitor app to test the performance of our app. We have noticed google 

play services to consume 2%-4% and Bluetooth to consume 4%-6% battery. However, 

battery consumption can be further reduced by increasing the interval of location and 

Bluetooth discovery updates. These figures cannot be solely attributed to our app as the 

android operating system and other apps may be partially responsible for this 

consumption. CPU usage of the app is minimal since the app runs only upon incoming 

phone calls and users need less than 5 minutes to configure the application. Neither 

GSAM Battery Monitor app nor the android operating system was able to provide CPU 

and battery performance for the app since it is negligible.  
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CHAPTER 6 

Conclusions and Recommendations 

6.1 Conclusions 

Considering the exponential rate of increase in number of mobile phones we must 

adequately address the issue of bad influences of it in the society including the enormous 

amount of man hours that might be lost through distraction of mobile calls. This has 

resulted in several applications of mobile interruption management with which mobile 

phones have been empowered to save the users from unnecessary distraction. With the 

revolutionary progress of digital technologies newer gadgets are coming and they must 

also be accommodated into systems including mobile interruption management systems. 

We have used caller group, time of day, calendar, driving, and location and introduced 

two new important contexts, Bluetooth devices and applications running in foreground 

that a mobile Interruption Management System may utilize. In fact nowadays mobile 

phones are in the neighborhood of Bluetooth devices of top management personnel, and 

applications like Facebook, twitter are being used extensibly in mobile devices. While 

presence of Bluetooth devices is a discouraging entity for mobile calls, mobile calls 

might be less detrimental to other applications mobile users may be harmlessly engaged 

in. In our thesis we have included these scenarios in deciding whether to allow the call to 

ring or not. Moreover, our dynamic model can help users redefine groups like family, 

friends or colleagues depending upon frequency of calls. In fact with time scenario 

changes, family, friend or colleague circles also get changed as the time intervals of the 

day.  So the important parameters of groups of people and time intervals will get changed 
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automatically making the application more realistic with the scenarios an individual will 

be facing throughout his life.  

In this study we have designed an architectural model that any MIMS should be 

able to use. We have introduced an online call log/feedback database and an analysis 

module residing on a server that may help identifying complex usage patterns and 

communicate with the PLI calculation module and/or the matrix to overcome 

computational abilities of a smartphone.   

We have also evaluated weighted sum with adjustable weights model, Hidden 

Markov Model and our model with configuration data extracted from survey participants. 

The use of real people data here is extremely important since it is impossible to truly 

evaluate the models without obtaining configuration data from end users. To evaluate 

models we randomly selected some scenarios that require cognizance of the contexts we 

used. In order to simulate the scenarios as realistic as possible subjects that have 

relevance to the scenarios were chosen. Our model performed exceedingly well in all of 

the scenarios. Out of 5 scenarios our model produced the desired output in all of them 

whereas the weighted sum with adjustable model failed in 3 of them. For the lack of 

observational data Hidden Markov Model could not be used to compare with the 

previously mentioned models in all of the scenarios however, it was used in scenario 1 

and scenario 2 where HMM failed to produce desired output in one of them. 

6.2 Future Works 

For ease of development we have simplified the model by using the same driving 

factor for all groups connected through mobile phones. One may like to distinguish 

between very near relatives and distant ones while driving using a much small factor for 
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distant relatives or friends to discourage receiving their call, while this may not be so for 

near relatives. We have used the same factor for Bluetooth devices, special days and 

locations. For example in the event of birthdays or marriage ceremony relatives and 

friends may get higher priority than other groups so different factors should be used for 

different groups. It is possible to improve the system by considering these factors with 

more generality. Another problem that has been being faced by common people is rush of 

mobile phones from different marketing companies for advertisement of their products. 

Most often it is disgusting for mobile users to receive so many mobile calls in which they 

have seldom any interest. It is possible to identify these mobile numbers, block them and 

relieve the users from call nuisance with the help of crowdsourcing. Features like letting 

the phone interrupt the user if more that 1 or 2 calls are made in a row from the same 

caller can also help block some unwanted calls and allow the user take calls that are 

possible good interruptions.  

Knowing other people’s location can also help decide whether a call should be let 

through or not. But there are privacy issues regarding knowing another person’s location. 

Many might consider the idea of sharing their location with others as a violation of 

privacy. This can be avoided by sharing this information with a server that will know the 

location of people using the application. The server will just let the mobile application 

know whether the device is in proximity of another person in the presence of whom the 

call should not be let through.  

The future of mobile interruption management applications lie in machine 

learning. Users are not interested to enter countless inputs in order to allow their 

application to minimize interruption. Moreover, the number of combinations of contexts 
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that need to be taken into consideration to allow a phone call is so big that it is not 

feasible for a user to enter data for all those combinations. Which is why the capability of 

learning user behavior in different contexts can help the system evolve and provide better 

service to the app users. In this thesis we have also shown how Hidden Markov model 

can be used even though we have shown it for only two contexts which are caller group 

and time intervals of day. The Hidden Markov model seemed quite promising in the 

scenarios we have evaluated but the problem with it is, HMM cannot be used unless there 

are enough observations. So after the system has been used for a while and enough 

observations are stored, the Hidden Markov Model can also be used to predict level of 

interruption.  One can also think of incorporating complex context scenarios when people 

are engaged in demanding exercise like weightlifting or enjoying coffee to accommodate 

into MIMS. 
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APPENDIX  

Survey:  

A survey has been conducted to compare three different models. Questions 1-4 

were included in the questionnaire to justify the default values of number of groups and 

time intervals in app configuration. Moreover, inclusion of new contexts was justified by 

Question #4 so that  the system could be more context aware. Questions 10-25 were used 

to specify matrices A, B and Pi. The rest of the questions were used to compare the 

weighted sum with adjustable weight and our model. 

  Survey Questionnaire 

1. Tick the contact groups you feel people to be divided into in respect of importance of mobile 

calls? (Different contact groups need to be prioritized differently on various time intervals of a 

day. For example, Friends may get less priority while you are at work,  whereas colleagues 

probably need to be given more priority) 

a) Family b) friends c) colleagues d) other business relations, e) Extra, f) If you think you 

need more groups write their names here ______________ 

 

2. Tick the time intervals  of day you feel to be distinguished in respect of mobile calls? (There 

are time intervals of  a day that can be the causal factor for wanting to take a call or reject it. For 

example,  one is less likely to be interested in answering a call at 3 o’clock in the morning another 

example would be one may not be interested to take a call from a colleague after office hours) 

a) Before work b) Office time c) driving d) after work e) bed time f) special event time  

      g) Evening h) Night 
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3. How many calls is representative for deciding on how much priority should be given to each 

caller group? (The system tracks how many calls you considered as an interruption from each 

caller group. For example,  if the number is 60 and out of last 60 calls from friends, you 

considered 30 calls as a bad interruption the predicted level of interruption for friends group will 

be set to 50%) 

a) last 30 b) last 40 c) last 50 d) last 60 

 

4. Do you think detection of certain Bluetooth devices in proximity can help a Mobile 

interruption management System in making the decision whether you would like to attend a call? 

(For example one may not be interested in answering calls while in proximity of a certain 

colleague or teacher, on the other hand, may not mind taking a call from anyone while hanging 

out with friends) 

a) Yes, b) No 

 

5. What percent of calls do you consider as bad interruption while you are driving?  

a) 50% b) 33% c) 25% d) If none what percent of calls do you consider to be bad 

interruption?______________ 

 

6. How likely are you to reject a phone call when you are in a location like your office 

(Workplace) 

a) 50%  b) 33% c) 25% d) If none what percent of calls do you consider to be a bad 

interruption?______________ 

 

7. How likely are you to reject a phone call if you are around someone you prefer not to talk in 

front of like course instructor, boss or a colleague? 
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a) 50% of the time  b)33% of the time c) 25% of the time d) If none what percent of calls do you 

consider to be a bad interruption? ______________ 

 

 

8. How likely are you to take a phone call if your phone rings while using the Facebook app? 

a)  50%  b) 33% c) 25% d) If none what percent of calls do you consider to be a bad 

interruption?______________ 

 

9. Fill up the following table with likelihood of bad interruption in percentage from each caller 

group and times of day (For example in the morning I’ll take calls from anybody but at office 

time my friends will get less priority, in the evening I like to answer calls from my friends) 

 

Morning         Office time        Evening  Night 

Friends     

Colleagues     

Family     

Extra     

 

Answer the following questions  

Instruction: Randomly select a person belonging to each group who called you in the last 30 days 

and think how you would feel if they call you today in the time intervals of day mentioned in 

each column below: 

 

10. If someone from Caller group1(Friends) calls you in time of day1 (Before Office) how would 

you rate it? 

a) A good interruption b) A bad interruption 
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11. If someone from  Caller group2(Colleague) calls you in time of day 1 (Before Office) how 

would you rate it? 

      a)A good interruption b) A bad interruption 

12. If someone from  Caller group3(Family) calls you in time of day 1 (Before Office) how would 

you rate it? 

a) A good interruption b) A bad interruption 

13.  If someone from  Caller group4(Extra - The special group for that day) calls you  in time of 

day1 (Before Office) how would you rate it? 

a) A good interruption b) A bad interruption 

14. If someone from  Caller group1(Friends) calls you in time of day 2 (Office time) how would 

you rate it? 

a) A good interruption b) A bad interruption 

15. If someone from  Caller group2(Colleague) calls you in time of day 2 (Office Time) how 

would you rate it? 

a) A good interruption b) A bad interruption 

16. If someone from Caller group3(Family) calls you in time of day 2 (Office Time) how would 

you rate it? 

a) A good interruption b) A bad interruption 

17.  If someone from  Caller group4(Extra - The special group for that day) calls you in time of 

day2 (Office Time) how would you rate it? 

a) A good interruption b) A bad interruption 

 

18. If someone from  Caller group1(Friends) calls you in time of day 3 (Evening) how would you 

rate it? 

a) A good interruption b) A bad interruption 
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19. If someone from  Caller group2(Colleague) calls you  in time of day 3 (Evening) how would 

you rate it? 

a) A good interruption b) A bad interruption 

20. If someone from Caller group3(Family) calls you in time of day 3 (Evening) how would you 

rate it? 

a) A good interruption b) A bad interruption 

21.  If someone from Caller group4(Extra - The special group for that day) calls you  in time of 

day3 (Evening) how would you rate it? 

a) A good interruption b) A bad interruption 

22. If someone from Caller group1(Friends) calls you in time of day 4 (Night) how would you 

rate it? 

a) A good interruption b) A bad interruption 

23. If someone from Caller group2(Colleague) calls you in time of day 4 (Night) how would you 

rate it? 

a) A good interruption b) A bad interruption 

24. If someone from Caller group3(Family) calls you in time of day 4 (Night) how would you rate 

it? 

a) A good interruption b) A bad interruption 

25.  If someone from Caller group4(Extra - The special group for that day) calls you  in time of 

day 4 (Night) how would you rate it? 

a) A good interruption b) A bad interruption 

26. Please write below the number of calls you get per week  

 

27. Please write below the number of bad interruptions you get per week 
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28. Fill up the following table with likelihood of bad interruption in percentage for each  time 

intervals of day (For example if you consider 70% of phone calls as bad interruption in the 

morning then you should write 70% in Morning column) 

 

Morning Office time Evening Night 

    

  

29. Fill up the following table with likelihood of bad interruption in percentage for each caller 

group (For example if you consider 50% of calls from friends as a bad interruption you should 

write 50% in Friends column) 

 

Friends Family Colleague Extra 

    

 

30. Rank the following contexts by importance. Score the contexts with a value of 1 to 5 where 5 

is the highest rank. 

 

Context Rank 

Location  

Calendar  

Caller group  

Time of day  

Driving  
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31. Do you think detection of app running on foreground can help a system make a decision 

whether or not a call should be taken? 

 

a) Yes b) No 

 

32. Please write down the percentage of bad interruptions you get during a meeting. 

 

 

33. Write down the percentage of bad interruptions you get while you are at the gym. 

 


