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~ Abstract—People are subjected to a multitude of interrup- be allowed to proceed to its intended recipient or whether it
tions, which in some situations are detrimental to their work should be held back for later processing is usually made based
performance. Consequently, the capability to predict a person's 4, jy41h the nature of the interruption and the interruptability

degree of interruptability (i.e., a measure of detrimental an fth s int Hi h h Is. don't
interruption would be to her current work) can provide a basis of the personsome Interruptions, such as phone-calls, don

for a filtering mechanism. This paper introduces a novel approach Carry any descriptive element of their content (beyond possibly
to predict a person’s presence and interruptability in an office- a caller-id which might indicate a prior probability of the call

like environment based on audio, multi-sector motion detection importance). Andthe less we know about the content of an

using video, and the time of the day collected as sensor data.jyarryption the more the person’s interruptability determines
Conducting an experiment in a real office environment over . .
what to do about an interruption

the length of more than 40 work days we show that the multi- A - . o ,
sector motion detection data, which to our knowledge has been This paper investigates a novel way of predicting a person’s
used for the first time to this end, outperforms audio data interruptability in an office based setup. More specifically, we

both in presence and interruptability. We, furthermore, show, gather information about the subject’s context by considering
that the combination of all three data-streams improves the audio and motion detection sensors as well as the time of

interruptability prediction accuracy and robustness. Finally, we . . . .
use these data to predict a subject’'s phone behavior (ignore or the day. Using data collected in a real office environment

accept the incoming phone call) by combining interruptability Over the length of over 40 work days we, first, show how
and the estimated importance of call. We call such an application well we can predict the subject’s presence in the office from

an artificial receptionist. Our analysis also show that the results our observations, where motion detection outperforms the
improve when taking the temporal aspect of the context into other two data streams. Second, we show that we can predict
account. . : i ; o
his/her interruptability with good accuracy. Specifically, we
Index Terms— Interruptability, motion detection, multi-sector,  demonstrate that multi-sector motion detection is superior to
efficiency, phone, receptionist, context-awareness, user behavior audio (which has been known as best interruptability indicator
so far [9]) and that a combination of all data streams reaches
|. INTRODUCTION AND MOTIVATION - INTERRUPTABILITY g even higher prediction accuracy. We also show that dividing
AND WORK EFFICIENCY the motion detection information into different sectors repre-
An ordinary office day is often disrupted by interruptionsenting different activity regions of the subject improves the
such as phone calls, email, people coming by to ask questiomdiction power. Finally, we use the inferred degree of the
etc. Some of them might provide some benefit to an offigeerson’s interruptability and the estimated importance of call
worker by, for example, providing some important piece dbased on the phone number) to predict the person’s attitude
information relevant for the current task or bringing an urgetdwards the incoming phone call. More specifically, we predict
issue to attention [1], [2]. But others are annoying, interrupthether the user would like to ignore or accept the incoming
the current stream of thought, require an oftentimes timphone call. The presented analysis also takes the temporal
consuming task switch, and are, thus, detrimental to the overadipect of office work into account.
work performance [3], [4]. Oftentimes, the gravity of the detriThe remainder of the paper is organized as follows. First, we
mental effect is not only dependent on the actual interruptiagmroduce the experiment we conducted to support our claims,
[5], [6] but the current context (or state) of the interruptednhich involves presenting the methodology and the technical
person [7]: Some activities require utmost concentration setup. Then we evaluate the gathered data and analyze the
maintain the train of thought (e.g., deriving a mathematicatsults. Finally, after comparing the results with related work,
proof, complex decision tasks) and any interruption will lead twe close with a discussion and the prospect of future work.
a very costly task-switch, whereas others are not as susceptible
to interruption costs (e.g., reading one’s email, simple tasks)
[8]. In other words, the current task of a person determines his
interruptability - the amenability to interruption his/her current Inferring a person’s interruptability can be a central element
working state has. Consequently, thexision (usually made by in helping to manage interruptions, such as incoming phone
an administrative assistant) of whether an interruption shoulchlls. But can we design a device that automatically predicts

Il. EXPERIMENT



a person’s context and, hence, interruptability? The studiestbé interruptability. And second, we can compare these self-
Hudson and colleagues [9], [7] have shown, such a predicticeports with the self-reports on the phone calls, which elevates
seems feasible in general. We assert that the predictive power significance of the latter predictions as well, if similar.

of such a device can be significantly improved if it uses motion

detection in addition to audio (and other the typically used de-

vices). To that end we designed a long-term experiment, whiBh Method

would allow us to collect the necessary sensor streams to test )
our assertion with real-world data. This section describes thiSAccordlng to Feldmann-Ba}rrett and Bgrrett [10], there are
experiment starting with the requirements to the experimentd[€€ Ways to conduct experience sampling:

setup and continuing with a description of the data collection. 1) Interval contingentSampling occurs at regular intervals.

The next section then discusses the results. 2) Event contingentEvents of interest trigger the sampling
procedure.
3) Signal contingentSampling is performed randomly over
A. Requirements to the Collected Data a period of time.

In order to be able to make the desired predictions wighe annotation of incoming phone calls corresponds to event
needed to collect sensor data containing sufficient informatiocnntingent experience sampling. Our concept of the interrupt-
about the subject’s context in its environment, i.e., his/hebility self-report on a regular basis corresponds to a mixture
office. We, therefore, decided to record both audio and videb interval and signal contingent experience sampling. To
as well as self-reports provided by the subject. ensure an upper and lower limit of the number of annotations
For the motion detection recording we used a camera reporting generate acoustic signal (or "beep”) every 15 minutes. We
changes in different sectors of the office as dynamics mighiso used a variance of 10 minutes on the signal to avoid
be a significant indicator of someone’s context or conteXraining” the users to expect the signal and thus altering
changes. For simplicity, we did not consider face recognitidheir behavior. According to the subject the frequency of
or any other high level image recognition techniques in thibeeps” turned out not to be too disruptive after some days of
work. The camera’s microphone recorded the auditory swexperimentation but their occurrence was still frequent enough
rounding of the person in the office. To support our approath collect a significant number of self-reports.
for the artificial receptionist we logged the phone number dthe subject was asked to adhere to the following directions
incoming calls and a self-report by the user. The phone cdlliring the experiment. When a "beep” occurs the subject
content itself was not recorded. The self report was structureds to perform the self-report (assuming that the person is
along four dimensions: present in the office). This instruction allowed us to also

1) His/her level of interruptability (How disrupting was thedather information about the subject’s presence in the office.

phone call?). The level of interruption has been brokdrHrthermore, the subject was asked to answer all incoming
down to five classes in a range from "ok, | don't carePhone calls even if he/she preferred to ignore a call allowing
to "do not disturb”. ’ a correct ex-post specification of the importance of call.

2) The level of importance of call as expected to be
before answering only knowing the caller's number )
and/or name as it shows up on the phone display. The Data Collection Setup

spectrum of the level ranges from "unimportant” 0 The environment of the experiment is an office with three
"highly important” broken down to five classes. work places/locations (Figure 1). The office is typically used
3) The level of the importance of call after hanging URy one person only. The two remaining seats are used sporad-
knowing how important the call really was. Here thecq)iy by other people as well as by the subject. The subject
_report included the same five classes as in the esnmatﬁgresponds to the researcher profile of [9].
importance of call before answering the call. The audio and video data were recorded by an off-the-shelf
4) The action (accept or |gnore) that the subject would haygapcam (Logitech QuickCam Pro 4000). We added a wide
executed in advance if he/she had known the contefiigie |ens widening the aperture from 45 to 75, such that
the actual phone call. There are two classes to choqg@’ entire office could be overviewed as shown in Figure 1.
between: :WOUld have better ignored” and "good that +he audio recording was set to CD quality but mono instead
answered”. of stereo (i.e., the settings are 16bit, 44.1 kHz, mono). The
Due to the limited number of (expected) phone calls to thecorded video had 320*240 pixels (in color) at 25 frames per
subject taking part in the experiment, we decided to condwge#cond. We compressed the video stream using the XviD codec
another closely related experiment in parallel. As explained $etting 1420 to ensure that one day of recording would fit on
more detail in the next section we prompted the subject oroae DVD, while ensuring good recording quality. The recorded
regular basis to report his/her level of interruptability, simildfiles were saved in "avi"-format for further processing, keeping
to the interruptability report on incoming phone calls. Therthe audio and video streams synchronized.
are two advantages on this procedure. First, we can collecEar the self-report we used a modified keyboard. All informa-
larger data collection about interruptability without dependintion sources were collected on a single PC on working days
on phone calls, which leads to more precise statements abiboin 8.15am to 6.15pm.



Fig. 1. On the picture on the left, the office is seen through the webcam.
picture on the right, shows the camera mounted in the corner of the office

Fig. 3. lllustration of the motion detection features obtained by equidistant
splitting

‘*

Fig. 2. Sources of video inferences. On the left, another person than | J "’E

subject is in the office. On the right an open window covers the office partl i ¥

D. Sources of Interference

The experiment was conducted in a real-life environme
As a consequence, much interference influenced the gath
data. In this section we provide a list of possible interferenc
The video used as motion detector was sensitive to all kin
of movements in the office. Therefore, the quality of collect b 1 T —
data suffered from the presence of people other than the s
ject in the office - especially, when the subject was not pres
as seen in Figure 2 on the left. Furthermore, disturbances s
as objects (like an open window) covering part of camera. N .l
View or Changmg b”ghtness mﬂue.nced the regordlng ql'l.a“tryl‘g. 4. lllustration of the motion detection features obtained by assigning
Background noise interfered with the audio recordinggye activity regions.

Sources of such background noise originate from outside the
office (e.g., people chatting on the corridor, or the neighing

Phorseﬁ_on the paddocktnext tgltt:e university) or from 'ns'qﬁidth, variance, mean level fluctuations strength, zero crossing
e office (e.g., computer ventilators). %ate, total power, and the 10 first cepstral coefficients) as

Error sources in the annotation procedure stem from the ooy in [11]. This resulted in audio feature vectors of
subject ignoring "beeps” or phone calls as well as inadvert features for every second of the recording

annotation mistakes. Addressing this risk we implemented a . :
s we used the video stream as a motion detector we

control mechanism using a feedback message for impossibl lated the ch bet wo f ed b
annotation sequences. calculated the changes between two frames separated by one

Finally, as a matter of course this experiment was ianuencgacond in the video stream. We divided each frame into

by the experiment itself. The "beeps” prompting for a repoF .ct_anglc_es of the size of 15x20 pix_els _resulting_in 256 (16x16)
on the subject’s interruptability were disruptive for the subject .'Stht fields. To measure the motion in the office we summed

e number of changed pixels between the two frames. Hence,
] for every second of the recording we obtained feature vectors
E. Preprocessing with 256 features. Based on this large feature set we calculated
Beside the synchronization of all data streams we had smaller sets by summarizing the values of adjacent rectangles
preprocess the raw audio and video data to get the mssth that we got feature sets of the size of 64 (8x8), 16 (4x4),
appropriate features for our problem. First, we extracted tdg2x2), and 1 as depicted in Figure 3. Additionally, we created
features from audio (spectral center of gravity, temporal fluenother feature set by dividing the room into five sectors as
tuations of spectral center of gravity, tonality, mean amplitudghown in Figure 4. The borders of the five sectors separate
onsets, common onsets across frequency bands, histogdifferent activity regions. Three of the regions are located at
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Fig. 6. The histogram on the left shows the overall presence of the subject
in the office; the histogram on the right shows the presence vs. the time of

the day.
Fig. 5. Histogram of the movements recorded by the video camera on the Y

left and the corresponding camera view on the right side.
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the three work places; the other two are only active whe= 1w
people walk around. Thus, our motion detector is a little mo;; 5
sophisticated than the usually used motion detectors becag
it distinguishes between different sectors, except where \
employed the feature set of size 1.

Finally, we constructed a two-dimensional feature vect@{y. 7. Interruptability self-reports on a scale of five classes. On the left

representing the time of the day by taking the hour arwe the self-reports derived from the "beep” data set and on the right the
distinguishing between am and pm equivalent histogram but from the telephone data set.
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I1l. RESULTS 4) Phone Calls / Phone Call Data Sefthe phone call

This section presents the results obtained after conductff@@ Set contains only annotations to answered phone calls
the experiment. The experiment lasted 41 (working) day&lt no information about missed phone calls, thus there is
During this time the two data sets were recorded. The d4tg information about presence in it. The histogram in Figure
set generated by the "beeps” consists of 1349 self-reports.§shows the distribution of the (anonymized) phone numbers.
the following we refer to this data set as the "beep” data s&f0te that 9 out of 22 phone numbers where nonrecurring. This

The data set conceming the phone calls consists of 98 s&ifi@ set is about one sixth as large as the presence part of
reports to which we refer as the "phone” data set. the "beep” data set but contains more self-report dimensions.

The first dimension of the self-reports is the interruptability as
. o o introduced in the larger data set. The histogram on the right
A. Data Overview (Descriptive Statistics) of Figure 6 shows a similar distribution as seen in the larger

1) Motion Detection: The motion detection data showdata set. The dominant class 2 (degree of interruptability) has
patterns as depicted in Figure 5. The usual location of tRePrior probability of 35.7%. The biggest difference between
subject can easily be identified as the bright area. There #/g two histograms in Figure 6 is the decrease of class 3.
other lighter regions near the door and around the second whlgnce, we infer that the smaller data set is nea_rly as significant
place. The Figure additionally shows the sectors of the fi@$ the larger dataset because of the similarity of these two
features we have chosen as activity regions. The borders of ghgiributions. _ _ _
particular sections overlap partially with the motion pattern.The next two self-report dimensions are the importance of

2) Presence:The larger data set generated by the "beepf?€ incoming phone calls, before and after answering the
contains information about both the subject’s interruptabili@!l- Figure 9 shows both histograms. The figure on the right
and his/her presence in the office. Figure 6 shows the oveIPWs that most of the phone calls turned out to be important.
presence of the subject illustrating that the subject is in his/nEf€ figure on the left illustrates the estimated importance of
office about 45.1% of the time. The histogram on the rigif@!l Pefore answering it. By comparing two histograms it is
graphs the presence depending on the time of the day. Tﬂ]@restlng_to note that thg estimations made by the subject ex-
lunch break manifests itself as a dip at noon. The (averag%)te are higher than the importance of the phone call actually

presence decreases at both ends of the day (note that the
distinctive decrease at 8am and 6pm are mainly due to the
partial recording).

3) Interruptability: When present, the subject self-reported
his/her degree of interruptability on a scale from 1 "easily
interruptible” to 5 "not at all interruptible”. Figure 6 on the r 1
left shows the distribution of the interruptability in the "beep” I HHHHHHHHI‘IHH 1
data. Class 2 "quite interruptable” is dominant with a prior AECDEFGHIIKLUNOPGRST DY
probability of 29.3% followed by class 5 with 25.2%. Figure Phone Number
6 on the right is the corresponding distribution for the phongy. 8. Distribution of incoming phone calls. Each character represents a
data. The two distributions are of similar shapes. unique phone number.

NN oW
=1

Number of Phone Calls
E

o wm




240 &0 100 100
= =
o =]
g @ g . [‘/\\__\_—
g E 0 Sl a0
el 3 = ~cvhw ) =
s} O I i o TN i
B g 10 P = ST P
2" £ g R e —
E & £ 5 I it
S 85
-0 T 2z 3 4 5 A0 T 2 3 1 s < — 4 Motion Detection (256 features)
Importance of call (before answering) Inportance of Call (after answering) i ey o Audio
80 16 N B0t [ Base
—4 T
Fig. 9. The histogram on the left shows the distribution of the self-reports « L @
the estimated importance of call, where "5” corresponds to "very important 0 80 10 150 O 50 10 180 200 250 300

Time [s]

On the right is the distribution of the importance of call as it turned out afte.
answering the call.
Fig. 10. Accuracies of presence prediction dependent on the past time. On the
left, we see the motion detection with all six features for feature selection, on
the right, the presence prediction from audio data compared with the prediction

was. of from motion detection.

5) Behavior/Action: The fourth and last dimension of the

phone call self-reports is the behavior of the subject. The two

considered behavior patterns are "ignore” or "accept’. The i both mpdels when taking thg last 20 second; into account
requested actions are reported after answering a phone caff@yld indicate that the time window to be considered of 20
the experiment; however the goal of this dimension is tha@conds is inherent to the contextual phenomena investigated

an artificial receptionist anticipates these actions. The clds§- Presence) rather than a sensory artifact. This makes
"accept” dominates with 77.6% of all calls. particularly sense with presence detection, as just less than 20

seconds is about the time a person might stay still (motion

B. Prediction Quality ?yepti((a:ztll?/\?c))rl?nd be quiet (i.e., not type, cough, etc.) during

In this section, we present the prediction results of the
subject’s self-reports from the sensor streams. First, we explain
the prediction methods followed by the results.

1) Applied Classification MethodsWe used the Weka 3
machine learning software package [12] to predict the subject’s
self-reports. For all classification tasks we tested the data with
two standard learning algorithms:ina Bayes and the "J48”

TABLE |
CONFUSION MATRICES FOR PRESENCE PREDICTION BASED G0
SECONDS OF PAST DATA (CLASS 1 CORRESPONDS TG NOT PRESENT
AND CLASS 2 TO "PRESENT).

decision tree learner. We preprocessed the data by normalizingp esence, audio

Presence, motion

Presence, time of day

and discretizing it with the standard Weka algorithms for Model Model Model
better predictions. For the predictions, we took data up to p;ed'c“g” p{e‘““';” pl'ed'c“gn
5 minutes prior to the event into account. We incorporatetsei- 11 582 | 159 Self- 111719 | 22 Self- 111570 | 171
this information by an additional processing of the data byreport| 2 | 98 | 510 | |Report| 2 | 32 | 576 | |Report] 2 | 365 | 243
; H H _ Accuracy: 80.9% Accuracy: 96.0% Accuracy: 60.3%
averaging the data (with equal weight) for each self-report. The """ = "=~ Base: £4.9% Base: £4.900

depth of this averaging defines how much of the information

about_ the past is incorporated. For each _original feature theyhen taking only the time of the day into consideration to
resulting new feature vector then contains the mean ajfl; the presence we reach an accuracy of 60.3% which is
standard deviation All results reported below are based on || petter than the prior annotation distribution of 54.9% (see

10 fold cross-validation. . . __ Table | for the detailed confusion matrices). We combined
2) Presence:For a future artificial receptionist applicationye three classifications by meta-classifiers on their class

I IS important to determmt_a if .the person is present In ,th&rediction probabilities but the results were not better than the
office or not. Both graphs in Figure 10 show the predictiooiction from motion detection. Thus, audio and the time
accuracy versus past time. The graph on the left shows e gay do not contribute any new information to achieve
prediction from motion detection evaluating all six possiblgetier accuracies but might contribute to higher robustness.

feature—combinations. The largest feature set (the most finely3) Interruptability: We have two data sets to infer the

grained with 256 rectangles per frame) turns out to be thegree of the subject's interruptability. This prediction task
most predictive. The graph on the right, compares the bgsty 5.class classification prediction with a base prior of
motion detector prediction with audio. Both audio and motiofg 304 for the larger and 35.7% for the smaller data set.
detection show a distinct maximum at about 20 secong§gyre 11 shows that the 5-sector feature of the motion
Motion detection reaches an accuracy of 96% at 20 seconflgecior is the most predictive. Specifically, note that the
using the J48 decision tree classifier outperforming audig.orporation of domain knowledge into the model through
that reaches 89.9% usingima Bayes. This shows that inter-yne informed choice of the 5 sectors pays off, as it leads

ruptability prediction contains an important temporal aspegf, gn, improved prediction accurdcyFigure 12 shows the
Furthermore, the alignment of the best predictions accuracies

2We intend to investigate whether the sectors could also determined
1We also tried Markov chains and hidden Markov models. However, theutomatically through analyzing the histogram of the movement data (c.f.
were outperformed by our coarse approach. Figure 5)
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§ motion detection needs more training instances than the model
3 B Ao ~ based on audio data. On the other hand the subsequeent results
/ ——— Motion ) based on this interruptability calculation will suffer from this
aokf === AudioHwation 1 effect.
o — — — Audio+Mation+Daytime | 4) Importance of Call: We estimate the importance of an
--------- Base incoming call based on the caller’s phone number. Of course,
the target label is the importance of call after answering (ex-

25 1 1 1 1 1
0 50 100 150 200 250 300

Titne [s] post), as it is closer the actual importance of call as opposed

to the (ex-ante) estimation of the subject before answering
Fig. 12. 5-class interruptability prediction vs. time to past from the largghe call. Our prediction task takes the subject’s self-report
"beep” data set. The figure shows the audio and motion detection predictigfiiout the estimated importance of call as benchmark for
and the combinations. our classification based on the phone number. The confusion
matrix on the left in Table 1l shows that the subject often

prediction accuracies of audio and motion detection vs. tR¥erestimated the importance of the incoming phone calls
time into the past. Both audio and motion detection sho@® S€€n in the overview of the collected data. The subject
very good results with a maximum at 150s. Motion detectidig@ched an accuracy of 37.8% compared to the base of 26.5%.
is superior (41.6%) to audio (40%) and, furthermore, motidhPPYing & ndve Bayes classifier on the phone numbers

detection seems to be more robust to variations on the time

dimension. Predicting the interruptability from the time of TABLE II
the day using rize Bayes results in an accuracy of 35.9%conFusion MATRICES FOR THES-CLASS INTERRUPTABILITY DETECTION
Combining audio and motion detection by aivea Bayes ON THE "BEEP’ DATA SET.

meta-classifier results in a remarkably better prediction result
(maximum at 150s: 44.6%) indicating that both sensor inputs

provide partly independent information. Combining all three '\'Antgrlrupt:_bitl_ity, au.dioB mtzrzuptzbitljty, r;gion
information sources (audio, motion detection, and time of the ot prediction (calue Bayes) Model predietion (1)
day) results in an even better result with a maximum accuralgy] 1] 12 [ 51 [ 11 [ 5 [ 24 | [o[1[ 27 [ 45 [ 6 | 0 | 25
. . (=} o
of 45.4% at 150s. Furthermore, the combination of the threg| 2| 13 1106 | 17 | 8 | 34 } j5.2] 22 1126 3 | 3 | 25
: . [x2[3] 8 [ 65 | 14 | 5 [ 23 | |¥[3] 15 [ 75 | 4 | 1 | 20
sources results in a much more robust result in terms of time 4] 3 [ 15 | 2 [ 6 | 33 | |S[4] 9 | 25 | 0 | 1 | 24
dependency. Again we see that that the temporal aspect of ffies| 8 [ 25 8( 7 ] 105 | [”[5] 12 [ 33 5( 7 ) 96
: ; : : ) Accuracy: 40.0% (at 150s Accuracy: 41.6% (at 150s,
contextu_al _S|tuat|on_ is very prominent. _Speuflc_ally, we see that | o505, Base: 29.3%
the pred|ct|on qua“ty of the m_odels rises until at least about Interruptability, time of the day Interruptability, all combined
20 seconds have been taken into account. Model prediction (naive Bayes) Model prediction (naive Bayes)
Table Il shows the performance of the different calculations 11 12 |3 |4 |5 1 12 |3 |4 |5
he basis of fusi . Th h h 'h&‘il 1 [ 40 | 1 0 [ 61 | |[<[2] 35 [ 24 [ 18 | 8 | 18
on the basis of confusion matrlcels.' e graph on the right | &> 5 204 4 [ 0 | 65 Sl2[ 15 [103] 38 | 4 | 18
Figure 13 shows the same predictions based on the smallgr3a] 4 | 46 [ 0 | 0 [ 65 g3 7 [s3[3a] 3 [18
telephone data set. The curve based on the smaller data$ g }1 ég 8 g 13193 2 ‘5‘ g ﬂ 292 120 13012
show a much weaker performance than the results of the larger | accuracy: 35.9% Accuracy: 45.4% (at 150s)
data set. On one hand this indicates that the model based on LBase: 29.3% Base: 20.3%




TABLE Ill
CONFUSION MATRICES OF THE PREDICTION OF THE ACTUAL AND THE

ESTIMATED IMPORTANCE OF CALL

Importance of call, phone number

Importance of call, phone number

Subject’s prediction Model prediction (naive Bayes)

1 2 3 4 5 1 2 3 4 5
=1 0 8 4 5 1 < 1] 0 0 11 2 0
q’?_} 2 0 1 6 8 2 § 2] 0 0 10 1 1
x|3 0 0 [10 | 10| 6 x| 3] 2 0 14 7 3
=14 0 0 4 11 [ 11 sl4] 0 0 19 4 3
“l5] 0 0 [ 2] 415|510 ] o066 |3 ]12

Accuracy: 37.8% Accuracy: 30.6%

Base: 26.5% Base: 26.5%

TABLE IV

ACTION PREDICTION BASED ON THE SELFREPORTS

Interruptability | Estimated importance of | Actual importance of | Prediction of
call before answering call after answering behavior
X 77.6%
X 81.6%
X 88.8%
X X 79.6%
X X 94.9%

Accuracy [%]

Subject’s Behavior

Model
prediction
ign. | acc.
Self-  |ign. | 13 9
Report |acc. | 9 67
p—— Accuracy: 81.6% (at 25s)
Base: 77.6%

Fig. 14.
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ROC curves for the two classes of the subject’s behavior. On the

(phone numbers are treated as independent classes) we ré&lidhe curve for "ignore”, on the right the curve for "accept”.
a prediction accuracy of 30.6% as shown in detail in the
confusion matrix on the right in Table lll. It is not surprising
that the subject outperforms theima Bayes algorithm becausefor the following predictions based on the sensor data streams.
the subject already had prior knowledge about the phoRer the prediction of the subject's phone behavior we deter-
numbers. This advantage is intensified by the fact that 9 of pEned the interruptability from the audio, motion detection,
phone numbers were non-recurring and hence the algoriti@md the time of the day data. These three predictions as well as
was not able to include them in the model (c.f. phone numb#ée prediction of the importance of call were combined using
histogram in Figure 8). a ndve Bayes meta-classifier. Figure 14 shows the accuracy
5) Subject’s Phone Behaviofthe subject’s phone behaviorVs. time to past. At a first look this result does not seem to
is the last prediction category of our study. The goal is tee overwhelming except for the region around 25s with an
predict the appropriate action of the subject, i.e. ignoring tigcuracy of 81.6% compared to the base accuracy of 77.6%.
phone call or accepting it. The following predictions show holut at a second look this value of 81.6% bstter than the
precise the action can be determined from the two dimensiddigdiction from the benchmark calculation based on the self-
"interruptability” and “importance of call”. This provides areports of interruptability and the estimated importance of call
benchmark for the following estimations under the assumptiéhowing that the algorithm classifies as good as the subject
that the two used dimensions have been determined with \&@uld. Even more, from the benchmark calculation in Table
perfect accuracy of 100%. IV we can induce that improving the model on the importance
First we examine how precise the action can be determineticall could result in a much better accuracies up to 94.9%.
directly from the subject’s self-reports disregarding the sensdpually, it is very difficult to evaluate classifiers in unequal
data. Table IV shows the prediction of the action usingi@ena distributions like in this problem using classification accuracy.
Bayes classifier. Therefore, we use the alternative approach of receiver oper-
The "X” marks which self-report have been taken int@&ting characteristics (ROC) curves - a measure from signal
account. It turns out that the combination of knowing thiheory that has gained high acceptability in machine learning
degree of interruptability and knowing the actual importandd3]. The ROC curve graphs the true positive rate versus the
of call best determines the most appropriate action. Obvioudiglse positive rate. The random classifier corresponds to the
the predictions involving the estimated importance of call ddiagonal, the closer the curve to the upper left corner the better
not perform as well as the predictions based on the actifais. As the curves are always monotonically increasing the
importance of call due to the bias in the subject’s estimatiofitéa under the curve can be used as a measure for the classifier
It is remarkable that the actual importance of call contribut@grformance. Figure 15 shows the two ROC curves for the two
more to the action prediction than the interruptability (thelasses "ignore” and "accept” for the model generated at 25
interruptability alone only reaches the prior probability of théeconds. The curve on the left for "ignore” has an area under
action distribution of 77.6%). Nevertheless, the combinatigtrve of 0.81 and the curve on the right for "accept” has an
of those two dimensions shows that both of them are requiratea of 0.8, which is good.
for reliable predictions. These values are used as benchmarROC curves allow a cost independent investigation of clas-



sifiers. Even more we have the possibility to assign a costith the addition of some of the sensors proposed by them.
based cutoff for classifications using probability estimator&ven though there are other studies to predict interruptabiliy
Reconsidering our desired phone application a subject danboth the office setting [15], [16] and the mobile setting
individually assign cost to the actions. E.g., a subject is rathd7], [18], [19] these are extremely difficult to compare to
willing to accept phone calls that are misclassified as "acceptlir setup. [15], [16] uses information stored on the PC as
than to miss a really important call - so the subject couldell as a key-logger to predict accuracy. Consequently, those
weight the costs of a misclassification of an "ignored” caBtudies only use the "virtual” context rather than the physical
higher. environment making them complimentary to our investigation.
[17], [18], [19] all present wearable devices to predict a
person’s interruptability exploring a different style of work
rather than the office-based setup.

Our work can be best compared to the studies by ForgaAy this time we have no knowledge about studies examining
and colleagues [7], [9], as their setup is the most comparablethe prediction of a person’s phone behavior.
ours. In [7] they present a so-called "Wizard of Oz” feasibility
study to predict people’s interruptability. They simulate a V. LIMITATIONS AND FUTURE WORK

sensor-equipped office using a video and audio recording of . . . .
the office, which are then hand-coded by people determinin The major drawback of this study is that the experimental

features such as the number of people currently in the offi sgtup s restrict_ec_;l to only one s_ingle SUbj_ECt' To strengthen
who is speaking, what task objects are being manipulat%ﬁé extern_al val|d|_ty of the experiment we intend to conduct
whether the phoﬁe is on or off the hook, and other similzlrrs experiment V\."th a broad range O.f dn‘fc_arent people. Thgse
facts about the environment. In a foIIow-’up study [9], [14 easurements will also allow comparing different user profiles

) ' r&d the adaptability of models between people. Furthermore,

they equipped an office with real physical sensors. They pIacV%F also plan to consider multi-person offices to examine

microphones in the office, logged the beginning and end flle influence of multiple persons on the prediction quality

each non-silent interval, after applying a speech recognitign o )

. - as well as the presence of additional persons on someone’s

tool that detected conversations. Additionally, two magneti¢ . . . i

. . Interruptability - a subject that has not yet been investigated
switches, one near each side of the top of the door frame,

in"any study we know.

allowed them to sense whether the door was open, cracked_or . .

. . Furthermore, we plan to complement the camera simulating a

closed. Two one-sector motion sensors were put in each office

but not used in any of the predictions. Another magnetic Swit(g%otlon detector by infrared cameras. These offer the ability to

. ) etect objects that are warmer than background, which allows
was used to determine whether a person’s phone was th i-

cally off its hook. Software on each subject’s computer logge entifying persons or active devices (like screens) without

once per second, the number of keyboard, mouse move, a%lgng motion (and time) into account and could lead to better

mouse click events in the previous second. It also IOgg‘;eaclrjedlctlon accuracies. Consequently, we are expecting stronger

the title, type, and executable name of the active wind Owedmtlve power from infrared motion detectors. We also plan

and each non-active window. The interruptability annotatiotﬁ) apply our approach to_oth_er areas suc_:h as m_stant messaging
sgstems or phone applications in vehicles (since a vehicle

was done the same way as introduced in the preceding stua¥] be viewed as a room on wheels). Last but not least
by audibly prompting the subjects (i.e., self-reporting). Al . o oo )
e . ) i . . “we are investigating the use of more sophisticated prediction
this information together with the interruptability annotatlonI orithms
was used to build interruptability predictors. Forgarty and? '
colleagues found a prediction accuracy of 51.5% for the 5
class prediction problem using all of their sensors. At the
first sight this outperforms our predictions. Note, however, that In this study we successfully introduced multi-sector motion
their data was clearly different, in that they reported a highdetection to augment context-awareness in office-like setups.
prior of up to 40.9% (for one of his subjects) with an averagé/e found that we can predict whether a person is present in the
of 31.9% whereas we had a prior of 29.2% lowering the overalffice or not, based on motion detection, audio, and daytime
accuracy. Furthermore, their study found that the 1-sectata, where multi-sector motion detection clearly outperforms
motion detector didn't add any prediction accuracy to thihe others. We also found that we can predict the person’s
model. Our study shows thatulti-sector motion detectioout- degree of interruptability from these three information sources,
performs pure audio predictions (c.f. Figure 10), which wenghere multi-sector motion detection again turned out to be
the most predictive in their study. We also show thailti- the most reliable sensor-stream, which could, however, be
sector motion detection is complimentary to autid. Figure improved when complemented with audio. Our study shows
12). Consequently, it is reasonable to assume that multi-senslearly that the interruptability of people can be predicted with
motion detection extracts useful information about the contexthighly simple and non-obtrusive sensory setup (of only one
in a non-obtrusive way. Hence, we believe that augmenting temall web-cam). Combined with a prediction of the nature of
setup by Fogarty and colleagues with motion detection woullle interruption this simple setup can provide a major building
either improve their overall prediction accuracy or make sonock for a cheap and reliable device to manage interruptions
of the other sensors they used obsolete. Alternatively, we camd, thus, improve overall work performance.
assume that our prediction accuracy could be further improvBdmmarizing, this study represents a first step towards the

IV. COMPARISON TORELATED WORK

VI. CONCLUSIONS



design and implementation of an artificial receptionist. 1§88] N. Kern and B. Schiele, “Context-aware notification for wearable com-
findings strongly indicate that such a receptionist can be puting,” in Proceedings of the 7th International Symposium on Wearable
. . . Computing New York, USA, October 2003, pp. 223-230.
implemented with simple sensors. [19] N. Sawhney and C. Schmandt, “Nomadic radio: scaleable and contextual
notification for wearable audio messaging,”@H| '99: Proceedings of

the SIGCHI conference on Human factors in computing systehtew
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