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ABSTRACT 

A person seeking a colleague’s attention is normally able to 

quickly assess the colleague’s interruptibility.  In contrast, 

current computer and communication systems interrupt at 

inappropriate times or unduly demand attention because 

they have no way to consider human interruptibility.  If 

reliable models of human interruptibility were available, 

they might support a variety of advances in human 

computer interaction.   

In this summary of my research, I first present a series of 

studies that we have conducted to examine the feasibility of 

creating sensor-based statistical models of human 

interruptibility.  I then present my plans to develop a system 

to support applications based on such models.  Finally, I 

present my plans to use this system to examine two 

approaches to reducing the disruption associated with 

collecting the observations of human interruptibility needed 

to build statistical models:  combining data collected from 

many people and collecting less intrusive types of 

interruptibility observations. 

Categories and Subject Descriptors:   

H5.2. Information interfaces and presentation: User Interfaces; 

H1.2. Models and Principles: User/Machine Systems.  

Author Keywords 

Interruptibility, context-aware computing, sensor-based 

interfaces, situationally appropriate interaction, managing 

human attention, machine learning. 

INTRODUCTION 

Modern office workers increasingly find computing and 

communication systems to be at the core of their everyday 

work experience.  At any given point in time, a person 

might be notified of the arrival of a new email, receive an 

instant message from a colleague, be reminded by a 

handheld computer of an upcoming appointment, receive a 

phone call on their office or mobile phone, and be involved 

in a face-to-face interaction with a colleague.  Any one of 

these demands for attention can be addressed relatively 

easily, but the sum of repeated or simultaneous demands 

can be disruptive.  Current systems interrupt inappropriately 

or unduly demand attention at least in part because they 

have no way of determining when it is appropriate to 

interrupt.  A colleague preparing to call a person typically 

has no way to know that the person is in the middle of a 

face-to-face meeting, and an email client about to announce 

the arrival of a new message cannot determine whether an 

obvious or subtle notification is currently more appropriate.  

If reliable models of human interruptibility were available, 

they might support a variety of advances in human 

computer interaction.   

This paper summarizes my research on constructing and 

evaluating sensor-based statistical models of human 

interruptibility.  I first contribute a series of studies to 

examine the feasibility of creating sensor-based statistical 

models of human interruptibility.  I then contribute a system 

to support the use of sensor-based statistical models of 

human interruptibility in a variety of applications.  Finally, 

I contribute the development and evaluation of two 

approaches to reducing the disruption associated with 

collecting the observations of human interruptibility that are 

needed to build statistical modes:  combing data collected 

from many people and collecting less intrusive types of 

interruptibility observations.   

FEASIBILITY STUDIES 

Many different sensors seem like they might relate to 

interruptibility, but the uncertainty surrounding their actual 

usefulness make it very likely that implementing and then 

evaluating them would result in significant time and 

resources being spent on sensors that are ill-suited or 

sub-optimal to predict interruptibility.  Our initial feasibility 

work instead collected 600 hours of audio and video 

recordings from the normal environments of four office 

workers and used a Wizard of Oz technique to simulate the 

presence of a variety of potentially useful sensors [2, 5].  

While these recordings were being collected, the office 

workers were prompted to provide self-reports of their 

interruptibility at random but controlled time intervals 

averaging one prompt every thirty minutes.  Statistical 

models based on the simulated sensor data distinguished 

situations that the subjects self-reported as “highly 

non-interruptible” from other situations with an accuracy as 

high as 82.4%, significantly better than a chance accuracy 

of 68.0% that could be obtained by always predicting that 

people were not “highly non-interruptible” (χ
2
(1, 1344) = 

31.13, p < .001).  Note that this base level of performance 
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characterizes current systems, which typically act as if a 

person is always interruptible. 

To evaluate the performance of these statistical models, the 

collected audio and video recordings were shown to human 

observers who estimated the interruptibility of the people in 

the recordings [2].  These human observers distinguished 

situations reported as “highly non-interruptible” from other 

situations with an accuracy of 76.9%.  This study shows 

that our sensor-based statistical models created from 

simulated sensors perform significantly better than the 

human observers (χ
2
(1, 3072) = 5.82, p < .05).  While an 

accuracy of 76.9% may seem low for human performance 

of a task very similar to everyday tasks, people do not 

typically make an initial estimate of interruptibility and then 

blindly proceed according to this initial estimate. Instead, 

the evaluation of interruptibility is an early step in a 

negotiated process. An initial estimate indicating that a 

person is not interruptible allows an early exit from a 

negotiation, but other cues, such as eye contact avoidance 

or the continuation of a task that would be interrupted, 

allow a person to determine that they should not pursue an 

interruption, despite an initial evaluation indicating that 

they could. In designing systems to use interruptibility 

estimates, it will be important to support a negotiated 

approach, rather than assuming that an interruptibility 

estimate provides absolute guidance. 

My most recent feasibility study extended these results by 

deploying real sensors into the normal environments of ten 

office workers with more diverse job responsibilities [3].  

We deployed sensors to detect motion, whether the phone 

was off its hook, whether the door was open, closed, or 

cracked, the audio level in the office, the active computer 

application, and the level of mouse and keyboard activity.  

The office workers were prompted to provide self-reports of 

their interruptibility at random but controlled intervals 

averaging once every forty to sixty minutes.  A model of all 

ten workers, ignoring the differences in their job 

responsibilities and working environments, had an accuracy 

of 79.5%, better but not significantly different from human 

observers (∆z = 1.34, p ≈ .18).  More accurate models 

resulted when I examined subsets of the data for subjects 

with similar job responsibilities and working environments. 

A model of two first-line manager subjects had an accuracy 

of 87.7% (∆z = 1.34, p < .001), a model of five researcher 

subjects had an accuracy of 81.1% (∆z = 0.89, p ≈ .37), and 

a model of three interns working in offices shared with 

another intern had an accuracy of 80.1% (∆z = 0.17, p ≈ 

.86). These results indicate that statistical models of human 

interruptibility created from real sensors can perform as 

well as or better than human observers for a variety of 

office workers. 

SYSTEM SUPPORT FOR INTERRUPTIBILITY MODELS 

While my feasibility studies have shown the potential for 

creating sensor-based statistical models of human 

interruptibility, significant obstacles remain to deploying 

applications based on this approach.  To address some of 

these obstacles, I am building a system for Automatically 

Modeling Interruptibility by Unobtrusively Sensing You, or 

AmIBusy.  AmIBusy provides mechanisms for logging 

sensor data, collecting observations of interruptibility, and 

automatically analyzing the collected sensor logs and 

interruptibility observations to create statistical models of 

human interruptibility.   

AmIBusy will support two different types of applications.  

The first type is those applications that desire a generic 

estimate of interruptibility.  Such applications can use 

standard mechanisms, such as once per day random 

prompts for a self-report, to collect the interruptibility 

observations needed to build a statistical model.  Because 

these types of observations measure a generic notion of 

interruptibility, many different applications can share the 

same model.  The second type of application is interested in 

a more specialized estimate of interruptibility, such as 

whether a person will be receptive to a notification on a 

mobile device.  These applications can build specialized 

models by providing observations of the desired notion of 

interruptibility, such as when a person reads a notification 

on a mobile device or indicates that a notification was 

inappropriate.   

AmIBusy will be extensible to support a wide variety of 

sensors, including simple sensors running as a child thread, 

sensors running asynchronously, and complex data sources 

like those that might be provided by the Context Toolkit 

[1].  My feasibility studies found that raw sensor data at the 

moment of an interruptibility observation is typically 

inadequate for creating statistical models, and that we 

instead need to consider different combinations of sensors 

and their values in the time leading up to an interruptibility 

observation.  AmIBusy will allow developers to focus on 

implementing the core functionality of sensors, rather than 

requiring them to explicitly address the different ways that 

a sensor might interact with other sensors or the temporal 

relationship that a sensor might have with interruptibility.  

This is accomplished by automatically applying sets of 

operators to create features from raw sensor readings. 

A major difference between AmIBusy and previous 

systems is that AmIBusy will automatically build models of 

human interruptibility using data collected from many 

people.  Clients will regularly connect to an AmIBusy 

server, contributing interruptibility data and obtaining an 

updated model based on the data contributed by many 

clients.  I will leave a discussion of the benefits of this 

approach to the next section, but point out that my decision 

to combine data collected from many people is informed by 

findings in my feasibility work that individual differences 

in what sensors predict interruptibility are not so large that 

they prevent models from being predictive over different 

kinds of office workers.  Because this approach introduces 

the possibility of privacy concerns related to a client 

uploading detailed sensor logs to a server, I will also 

develop a distributed method for building interruptibility 

models.  Each client will analyze its own detailed sensor 



logs, uploading only a minimal representation needed by 

the server to create a model. 

MINIMIZING THE DISRUPTION OF BUILDING MODELS 

Statistical models are built by extracting relationships 

between an independent variable, interruptibility in my 

work, and dependent variables, which in my work are 

features derived from the raw sensor data collected by 

AmIBusy.  Existing approaches to collecting the necessary 

observations of the independent variable, interruptibility, 

are rather disruptive.  My feasibility work is based on 

collecting prompted self-reports more than once per hour.  

Horvitz and Apacible have taken a retrospective labeling 

approach, recording several hours of activity in a person’s 

office and asking the person to later watch the recordings 

and provide labels of their interruptibility [4].  While these 

two approaches have their differences, they both require 

significant time and attention from the person whose 

interruptibility is being modeled. 

I will examine two approaches to minimizing the disruption 

associated with collecting the interruptibility observations 

needed to build sensor-based statistical models of human 

interruptibility.  The first approach, alluded to in the 

previous section, is to combine data collected from many 

people.  The second approach is to collect less intrusive 

types of interruptibility observations.  This section 

discusses my plans to implement these approaches and then 

evaluate their effectiveness. 

Combining Data Collected From Many People 

Combining data collected from many people provides two 

primary ways to reduce the disruption associated with 

building statistical models of human interruptibility.  First, 

fewer observations need to be collected from any one 

person.  In the case of self-reports, this might mean that 

people are prompted at most once per day, instead of the 

more than once per hour used in my feasibility work.  

Because fewer observations are collected from any one 

person, any one person will experience less disruption 

associated with providing the necessary observations of 

interruptibility.  Second, there is no need for an initial 

training period in which a model learns a person’s 

interruptibility and performs very poorly.  Systems that 

require significant attention but provide little value are 

likely to be abandoned by office workers who are already 

busy with their work responsibilities.  Instead, AmIBusy 

can provide an initial model based on data collected from 

other people.  The person’s own data contributes to the 

model over time, and there is no initial period in which the 

model performs very poorly.   

Less Intrusive Types of Interruptibility Observations 

I will examine less intrusive types of interruptibility 

observations by developing and deploying a notification 

application, using the “What’s Happening?” system as a 

starting point for my design [6].  Notification applications 

are interesting in the context of interruptibility because, 

even though notification streams can be of high value in the 

aggregate, individual notifications are often of low value 

and can be considered disruptive when delivered at 

inappropriate times.  People may thus become frustrated 

with a notification application and disable it, even though it 

provides value.  This has generated interest in peripheral 

displays for such notifications, but I am also interested in 

directly addressing the problem of delivering notifications 

at appropriate times.   

I will build a model of human interruptibility based on how 

people respond to the delivery of notifications.  An explicit 

indication that a notification was delivered at a bad time or 

an ignored notification both provide some evidence that a 

person is not interruptible.  Mousing over a notification for 

its text or clicking through the notification to obtain 

additional information both provide some evidence that a 

person is interruptible.  Using this feedback, my notification 

application will build a model of the receptiveness of 

people to its notifications and deliver its notifications 

according to that model.  I will implement this application 

using sensors that can be deployed in software to a typical 

laptop, such as analyses of computer activity, audio as 

heard by a laptop’s built-in microphone, and estimates of 

location based on network connectivity.  While AmIBusy 

will support a wide variety of sensors, focusing on 

software-deployable sensors will allow a larger evaluation 

than would be feasible if I needed to deploy hardware. 

Evaluation Data Collection 

I will deploy my notification application in stages, with data 

collected from early adopters providing a better initial 

model to later adopters.  I will log the content of each 

notification and how people respond to it.  While every 

such observation of a response to a notification is 

appropriate for use in training my models of interruptibility, 

I will need to collect an unbiased sample for use in 

evaluating the performance of my models.  I will collect 

this unbiased sample by delivering a small percentage of 

notifications at random times. 

I will also ask a subset of the people who are using my 

notification application to provide occasional prompted 

self-reports of their interruptibility.  My current plan is to 

prompt for such self-reports no more than once per day.  

Collecting this data will allow me to examine the 

relationship between responses to my notifications and the 

more generic notion of interruptibility measured by 

self-reports, as discussed in the next subsection.   

 

 
 

 
 

Figure 1.  Two notifications by “What’s Happening?” [6]. 



Evaluation Analyses 

Having collected a dataset containing observations of how 

people respond to the delivery of notifications and a dataset 

containing interruptibility self-reports, I plan to conduct 

four primary analyses.  Presented in the order from those 

that I have the most reason to believe will be successful to 

those that it is less clear will succeed, these are: 

A. Training models from self-reports and 

predicting other self-reports. 

B. Training models from notification responses 

and predicting responses to other notifications. 

C. Training models from self-reports and 

predicting responses to notifications. 

D. Training models from notification responses 

and predicting self-reports. 

Analysis A, using a cross-validation approach to train 

models from self-reports and then predict other self-reports, 

is the most similar to the analyses I conducted in my 

feasibility work.  Given the results of my prior analyses, I 

expect that models will perform as well as or better than the 

measure of human performance that I established in my 

feasibility work.  However, this analysis will improve upon 

the results of my feasibility work because it will be based 

on data collected from many more people than were 

involved in my feasibility work.  This will validate my 

approach of combining data from many people to minimize 

the disruption experienced by any one person. 

Analysis B, using a cross-validation approach to train 

models from responses to my notification application and 

then predict responses to other notifications, will explore 

the effectiveness of sensor-based statistical models in a 

real-world application.  I expect that models will be able to 

determine when it is appropriate to deliver a notification, as 

measured by a lower likelihood of a person indicating that a 

notification was delivered at an inappropriate time and a 

higher likelihood of a person clicking through for additional 

information about the notification, at least well enough to 

prevent notifications at the most inappropriate times.  This 

will validate the effectiveness of my approach with a 

specialized notion of interruptibility, as opposed to the very 

generic notion of interruptibility measured by self-reports. 

Analysis C, using models trained from self-reports to 

predict the receptiveness of people to the notification 

application, will examine the external validity of 

interruptibility self-reports.  I again expect that these 

models will be able to determine when it is appropriate to 

deliver a notification at least well enough to prevent 

notifications at the most inappropriate times.  This will 

demonstrate that models of interruptibility based on generic 

measures like self-reports can be used to predict more 

specialized notions of interruptibility.  This is important 

because it would indicate that applications can focus on 

building a good general model of interruptibility, rather 

than needing to build many specialized models. 

Analysis D, using models trained from responses to the 

notification application to predict the self-reports, examines 

the possibility of creating models of a generic notion of 

interruptibility from observations that can be collected very 

non-intrusively but also measure a very specialized notion 

of interruptibility.  If successful, this would indicate that we 

might be able to completely do away with prompts for 

self-prompts and other explicit interruptibility measures.  If 

responses to the notification application are not themselves 

sufficient for building reliable models of the self-reports, I 

am also interested in hybrid approaches.  For example, if a 

given level of reliability can be reached by training with 

100 self-reports, it might be possible to reach the same level 

of reliability by training with 25 self-reports and 200 

responses to my notification application.  This would 

indicate an opportunity for using less intrusive types of 

interruptibility observations to reduce the number of more 

explicit observations that need to be collected. 

CONCLUSION 

Sensor-based statistical models of human interruptibility 

offer the potential for significant advances in human 

computer interaction.  My dissertation will pursue this 

potential by contributing a series of feasibility studies, a 

system to support applications using sensor-based statistical 

models of human interruptibility, and the development and 

evaluation of two techniques to reduce the disruption 

associated with collecting the interruptibility observations 

needed to build statistical models. 
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