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ABSTRACT punctuations. Instant messaging clients (e.g., Skype), niail cl

Writing text messages (e.g. em@MS, instant messaging) is a  €NtS(€.g., Gmail), and mobile phones (e.g., Séfes) offer
popular form of synchronous and asynchronous comraunic APIS (Application Programming Interfaces) to process fmco
tion. However, when it comes to notifying users about new g messagesHence, a musical representation of a message can

messages, current audbased approaches, such as notification P€ created in such a way, that the messageOs intentioft is ind
tones, arevery limited in conveying information.nl this paper ~ cated to the s while at the same time preserving his privacy

we show how entire text messages can be encoded intora mea I contrast to reading out the ssage loudly.
ingful and euphonic melody isucha way that users can guess \ye investigate if users can understand a messagefitointe

a messageOs intention without actually seeing the cditstit.  and how this impacts on their message checkingviehaOur
as a proof of concept, we report the findings of amitial on- results show that users check messapese quickly if they
line survey among 3ihusicians and 3Borrmusiciansevalua- understand the content type. Further, people might eventually

ing the feasibility and validity of our approade show that  eyen be able to not only guess a messageOs intention bt to u
our representation is understandable and that there ar@-no si derstand the whole content by learning the musical repeesent
nificant differences between musicians and -nussicians. tion of words frequently used. The past time ssscof Morse
Secoml, we evaluated the approach in a real worlehago code, which can be used both for visual and audio encoding of

based on a Skype phig. In a field study with 14 participants  messages, shows the feasibility of suppraaches.
we showed that sonified text messages strongfyact on the

usersO message checking behavior by significantlgingdine
time betweeneaceiving and reading an incoming message.

This paper makes the following contributions: (1) Wespnt a
concept and algorithm for the transformation of texssages

into euphonic melodies in such a way that thierition of a
Keywords message can be communicated without reading the message. (2)
Sonority, text sonification, instant messaging, SMS We report on a survey among 69 participants evaluating the
feasibility and validity of the approach. (3) In a tweek field

study amongdl4 participants we explored the impact of asme

1. INTRODUCT_|ON ) o ~ sageOs sonffication on the usersO behavior in the real world
SMS, instant messaging, and email are ubiquitous comanic hased on both qualitative and quantitative findings.

tion channels, which are widely used. To make users aware of

incoming messages, comniaationtools use different types of

notification. While synchronous commusiion tools (e.g., chat 2. REL_ATED WORK_ )

clients) mainly use visual clues (highlighting the apianOs Communlcatlon of information in newerbal ways has been
window), asynchronous communication tools (e.g., email c| Subject to research forare than 150 years, one of the most
ents or mobile phones) often make useaotlio notifcations. prominent examples being the invention of the Morse code in
However, such notifications do neither convey the content nor the early 1840s. The popularity of this rhyttiased character

the intention of a message. Recent work focused on augigen ~ encoding system can be explained by its ability to be read by
audio notifigtions with information about the sender, e.g., by humans without any decoding devied its high learnability.

associating a gpific ring tone with a callerin this work, we In the following we focus on more recent research projects on
present an approach, as to how notification can be used{o co ggpification that is the use of nepeech audio to convep-i

vey more @tailed information about a messageOs content suchiormation. An important research field is tenification ofdif-

as its intention, included keywords, or the precisecingr. ferent types oflata MUSART isa sonifiation toolkit, which
Many communication applications and platfis; on molie produces musical sound maps to be played intieal [9].
devices as well as on P@Bow for intercepting incoming nse  Walker et al[17] presented the Audio Abacus, an application
sages, analyzing the content, and determining a messageOs ifor trarsforming numbers |r_1to tone_s. The Sonificatiom&aox
tention based on included statements, emoticorysydels, and [16] allows users for creating auditory graphs from several sets

of data. An important appktion area issonification for blind
and visually impaired userén this caotext Petrucci et aJ11]
showed how to use sonification in auditory web browsers to
allow visually impaired users toxplore spatial information by
means of an audibaptic inteface.
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instant messages and modifies the salience of those, wéich d
serve immediate attention. The results reveal that modifying
notifications can create a benefit for the users. Isaacs [8] al
introduced Hubbub, a sowmhhanced mobile instant megsa
ing client, aiming at increasing background awareness &y pr
viding audio clueslin [14] the impact of abstracted audicepr
view of SMS is investigated. The authoeport that this way of
previewing affects the reading and writing behavior of udrs
however the pproach focuses on a simple notification tone
only. Shake2TalK4] is a mobile mssaging system that allows

users for creating messages through gestures and send them to

each other via their mobile phones.

Another research arda aesthetics of sonificatiotnspired by

the AIM (Arts in Multimedia) poject, Babble onling7] son-

fies browsing activity, trying to communicate infcation both
clearly and in a weltomposed and appézg way. Song et al
[15] present mapping strategies derived fram analysis of
various sound attributes, allowing for better representing and
accessing infor@tion from complex data sets.

Finally, research has looked into the creation and fumeity

of auditory icons, sealled earcons, in computer irfeces[5].
Brewster[2] studied the use of earcons and evaluated whether
they provide effective means for communicatinigimation.

In contrast to our approach the presented projects fatusr e
on auditoryclues or the transfer of very small chunks of info
mation rather than on the content of a message itself.

3. FROM A MESSAGE TO A MELODY

Text strings can be easily converted into a melody by mapping
characters to tones. However, such a trivial approach- co
pletely ignores the musicOs power to express feelings amd em
tions and to confer intentions. In the fallmg we show how to
encode more than just characters into oohe

3.1 Sonority

A study carried out ifil3] revealed that usef mobile phones
intending to send a melody to a friend or partner, do care a lot
about how the message is going to sound like on the receiver
phone. Hence, the foremost task when transforming a tes¢t me
sage to a medy is to define the mapping of chaters to tones

in such a way that a harmonic melody is created from whateve
message. To do so, we map our tones to a pentatonic scale.
pentatonic scale can be created by coinbifive quintrelated
tones, meaning that one selects a tonic keynote armed tisk
four neighbors (in clockwiserder) on the quint circlézigurel
gives an example for a patonic C major scale consisting of
the notes C, D, E, G, and A. Thus, a euphonic melody can be
created from aiitrary text stringsPentatonic scales can also be
created in minor (a very prominenkample is GershwinOs
Summertime, based on a F# minor petdnic scale).

In order to enhance the quality of our melody further we d
cided not to just randomly map characters to the gbamt
scale but addionally considered the frequency and the position
of a character in the text. In the German language, eachlsyll
contains at least one vowel. Thus, we decided to maglgao

the three tones of the tonic keynoteOs triad, also takimgck
count the average occurrence probabiiitgencee as the most
frequent vowel (17.40%) is mapped to the tonic keynote,
(7.55%) anda (6.51%) to the third, and (4.35%) ando
(2.51%) to the quint. Further, for the consonants, we analyzed
the frequecy as an ending character. Based on the results we
mapped the most dguent ending characters (21.0%) andr
(13.0%) to the toic keynote,z (10.3%) ands (9.6%) to the
third. The other commants are mapped randomly.

0

Figure 1: Quint circle and C major pentatonic scale.
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Table 1: Example for the mapping of a sample word
in C major and a minor tonality
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Figure 2: Melodies in C major and a minor
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3.2 Intention of a Message

Messages are sent for specific purposes, such as for cmordin
tion, exchanging information (positive, negative), gpressing
fedings and emotions (happy, sad). To take ihio account,

we analyze the content of each message for therrecme of
purctuation marks, keywords, and emoticons. We use a simple
mechanism to detect a messageOs intention and then accordingly
transform it into a melody. To reduce comyite, we foas on
the distinction between major andmar scalesonly. Table 1
gives anoverview on the mapping of different intens, given
the phrase OHELLOO. One option would be to not onlg-tran
form the music into major and minor but also consideat®-
ciation of certain keys with specific moods.g., flat / sharp
keys)b however keymood associations are invalid for modern
(%igital) equal temperament keyboafdg].

3.3 Punctuations
unctuations are not only used to indicate the@ralsentence

r
lgut also to specify the type of the statement. Sahami[édhl

showed how question marks can be used for creatistygaated
audio previews in SMS. We consider both aspects in thexfollo
ing way: whenever a sarice ends with a punetion mark, we
insert a predefined triad into the melody. We use the triadOs
type to indicate the type of mence Table2). Whereas we use

a seventh chord to reggent a question, regular triads are used
for a point or exclamation poiBthowever, trads are adapted to
the intention of the message (major anar).

3.4 Greeting and LeaveTaking Phrases

Text messages often begin with a greeting (hi, hey) and end
with a leavetaking phrase (cu, regards). Missipgrases inid

cate that other messages were masly sent back and forth.
Since the beginning often already conveys the messageis inte
tion, we also trasform this phrase into a chord.

We deliterately used a simple mechanism to detect thesme
sagd$ intenion. There is a body of work that looks into ttex
mining and text understandindiowever this was not the center
of our researchBy having a simple mechanisirwe hope to
increase the learnability of the sonification and the relation to
mesages More sopnisticated approachefor undestanding
intentions could be included in the algoritleasily.



Table 2: Intention and according mapping of emoticons,
punctuations, and keywords to chords
(C: C major, a: a minor, C7: C major seventh chord)

Input: Text message

o o
[ ') o o - -

Step 1:
Separate text message into sentences
(based on punctuation).

Step 4:
Map characters of key sentences to
tones, insert triads, and crotchet rests.

Characters Intentions Mapping The scope of th_e_ survey was to reveal whethe_r our approach
allowed the participants to understand the intentiorgkaén-
Emoticons =) ) 5)) positive c coded messages. We formulated the followingypotheses.
(o negative a HI: Users can guess form hearing the melody only, if a mes-
Punctuation 2 interrogative o’ sage contains positive content, negative content, or a question.
(selection) . declarative c Users may be fable to Qetgrmine a messageOs intention. _This
—— " = might affect their behavior in that they want to check certain
Keywords (s whenjwhere question messages immedidgewhereas they want to finish their current
lection) yes, ok positive C task first before checking other messagesO content
no, sorry negative a H2: Users with a musical knowledge will learn the message

intention faster.

We expected people with medium/strong musical skills t@exp
rience less difficultyunderstanding our musical represtion.

5.1 Online Survey

We ran an online survey in summer of 2009 over a period of
four weeks. People were recruited from music forums|inggi
lists, Facebook and from university mailing lists.

First, we collectegpersonal data on gender, age, profession,
and musical knowledge. We asked if the participants played any

instrument and had them rate their musical skills onPoibt
Likert scale (1=Beginner, 5=Professional). Second, we were
interested in thewmderstandability of our mapping and in the

b
Sentence Sentence Sentence
1 2 n

ﬂ, usersQ@ssociation between intention of the message and sound
Step 2: Output: Melody of the melody. Therefore we auditioned the sonification of 3 real
Analyze sentence for key strings. é — ; text messagesneoded with our tool to the participants. We
Loser J[se2 ][ sen ) A B | used a piano melody for the representatibhe melodies were
@ - 10-12 seconds in length. The 3 melodies included the sanific

Step 3: tion of one message with positive content, one withatieg

Choose an according pentatonic scale Legend content, and one question (random order). We then asked the
(based on intention). — [ sentence users (1) to associate the melody with one of threeigied text
b % g [ Sentence element (SE) messages (Ono answerO was also an actual choice), drence r

v e® v gee (e.g., word, emoticon, punctuation)

vealing which intention, the melody ssages in their opinion
. N\ - I . had, and (2) if the melody for them sounded happytrak or
Figure 3: Visualization of the Sonification Algorithm sad. Third, we let people try out the algorithm with theimo

4. SONIFICATION ALGORITHM messages using a web application. We asked them for their pe
Based on the approach described in the previous chapter, Wesonal opinion, privacy cwerns, and if they would use the tool.
use the algorithm depicted igure3 to create a melodic repr 5.2 Results

sentatiorfrom arbitrary message strings. In total, 69 persons completed our online survey (54 male) with
The algorithm takes a message string as input anataep it an average age of 27.7 years. The participants wemrdysi-
into sentences by analyzing it for punctuation marks (Step 1). dents (40) and employees (23). 37 of thetigi@ants played a
Each sentence is analyzed for hints (key strings) that reveal itsmusical instrument, the most popular ingtents were piano /
intention. Such hints include aticons, keywords, and pon keyboard (17), guitar (15), drums (7), and base (6).

tuation marks (Step 2). Based on this analysis we choose a co

responding pentatonic @or or minor) scale (Step 3) to which  J3.2.1 Interpreting a Message Intention

later the single characters of each word are mapped (Step 4)As depicted inFigure4 we found out thaguestionswere cao-
Besides mapping single characters to keyesalso create triads  rectly interpreted by 65.2% of the participants. Messagas co
and tdérads for keyword, emoticons, and punctuation marks, taining positive (40.6% correct answers) and @a@ content
varying between root position an&f and 2 inversion, depet (43.5% correct answers) were more difficult to distinguish.
ing on the intention. Spaces are sfanmed into crotchet rests. However, these resultseawell above the 25% random choice.

The current version of our script suppomrttsonification in For those participantsvho could correctly link the played
German language only. However, this approach couldxbe e sound to a mesage we further investigated which general
tended to other languages. For a comparable sonification, anintention they linked the melody(e.g., did they associate a
analysis of the language as explained above is required. happy sounding mapping based on aanagale with positive

content, a sagounding mapping based on a minor scale with
5. PROOF OF CONCEPT negative catent). Here the results show that 83.3% considered
In an initial online study we tried to protke feasibility and guestions to sound neutral, 84.6% considered the negatste me
validity of our approach. Therefore we implemented an AJAX sages to sound sad, and 68.2% aiereid positivemessages to
based web application, which reads a text message, sends it to sound happy. This is a strong ingtir that people who are able
PHPRbased sonification script and creates a local MIDI file to distinguish betweemegative messages, positive messages,
from the returned XML code. The local MIDI file cdlnen be and questions associate the si@aifion in the way we intended,
played back using a media player (e.g., Flash or Quicktime). hence making it very undgandable.



the real world. Hence we imghented skpeMelody, a Skype

Positive Content [ H— plug-in, which we tested in a real world setting and conducted a
—— study over the course of two weeks.
Negative Content ) )
o, 6.1 PrOtOtype
Question L. . . —
T ‘ ™ Non-musicians The Javebased Skype Pluip is implemented in a similar way
Musicians . . . .
0%  20%  40%  60%  80%  100% as the web application used for the online study. It readsninco
ing text messages, tgiarms them into XMLconform MIDI
Figure 4: Comparison of correct answers between and plays back the melody. For intercepting incoming textme
musicians and noamusicians. sages, users have to once authorize the connection to Skype.
% correct answers pergroup With regard to the users® comments from the online study, we
— — decided to decase the length of the sonified message. Many
12-value P non-musicians § muscians participants stated that the message representations were too
question 0.004 0.940 0.656 0.649 disruptive when played in full length. However, since vee b
ey, masage 0.28 0597 0.460 0.405 I|ev_e users might be_ able to_ raierm learn to unders_tand an
entire masage, we did not iply crop the message in length
pos. mesage 0.235 0.628 0.375 0.432 but filtered only those sentences including ngvkerds.
Figure 5: Comparison of understandability among We defined in total 24 keywords. The keywords were derived
musicians and noAamusicians ( 2-Test) from the online study were we asked the participants to enter

each 2 short text messages including a qoest positive co-

3.2.2 Musicians vs. Non-Musicians tent, and a negative content. In total we analyzed 4K3ages.

Answers between musicians and fronsicians did noteveal a o _ _ )
significant differenceFigure4 shows that for all melodies both ~ To gather quantitative data we also included a logging fumctio
groups produced comparable results. To test the hypothesis, thaglity into the Skype plugn, which allowed us for storing ce
the understandability is not infnced by the experience in tain types of information in an external databas

playing an instrument, we used a Pearsofi@st of indeped- .

ence for each meage type. To compare the overall mean of 6.2 StUdy Des'Qn

correct aswers, we used an Analysis of Variances (ANOVA).  In the field study we mainly focused on changes in the user b
havior and the understandability as well as learnability of our

.represerdtion. Users were asked to install skypeMelody and
'Rontinue their regular Skype behavior (no specifeksawere
given duing the study). We used an initial questionnaire to
evaluate demographics, textessaging behavior (amount of
The ! %test of indepadence for each question is based on-2x2 conversations per week, average length of conversations, co
matrixes, to compare correct and wrong answers for eacd que munication partners and s#ions), and musical experience.

tion. The lowest amount of cases in one matrix field was 9. For To meaure how the use of skypeMelody influenced their b
valid results a value of at least 5 is required (Orule of fiveO). Thq"lavior we asked the users to fill in questionnaires after each
sigrificance level Figure 5) shows, that giving t__he_ correch-a week. In these questionnaires we were mainlyrésted in how
swer never depends on the fact, that a person icransr not. easily users could distinguish different types ofsages and if

523 litati dback they checkedhcoming messages quicker or later than normally.
Qualitative user feedbac Additionally users had to fill in a system usability scale (SUS).

The ANOVA shows, that the musicians® mean of correct a
swers (2.54) is lower than the other groupOs mean (2.81). Th
difference is not significarp = 034, FValue 0.924, df 1; 67)
Hence, it is likely that a randonfifect caused the differences.

We got numerous interesting hints and suggestions rfer i

provement from the pacipants. Suggestions included thé- a 6.3 Data Collection and Cleaning

aptation of different music genres, different instruments (which For each message we stored two ped records each

could match the receiverOs music taste, be mapped tonthe ge. - - . .
der, or be used to distinguish different intentions), addingvari including the hashed user id and a message id todateciate

. . . - . both records with each other. We used Riaecived Event Re-
tions in the tempo of the rsic, and inclusion of sequences

from popular songs indicating the intention. Several users statedfno ;Cslsfggr;:t(t);pneg (ttf;?)e(:ulrrepn()ts.ci,;?lgst)?;;hg.u;:éégg\rllgn%lse\lvg)éjge
that they would prefer shorter musical repr s tion), the amount of keywords, the message length, distl @t

5.3 Discussion all enrolled key words. Th&ead Event Record consisted of the

The results show that almost half of the surveyOs participant§eadlng time (aIIo_wmg fo_r caltating a _reg:eweo—read time)
could, without any learningynderstand the intention of a se and the message id (required for associating both records).

sage. Most understandable were questions, followed bg-neg In total we collected 2533 datecords. For consistency reas
tive and positive messages. The majority of the participaats a we excluded 66 records were only the read event was-regi

sociated a message sonification with the envisioneahtiate tered, and 119 where more than two events occurred per each
This is a strong indicator supportirfg/. We believe that the message (SkypeOs message IDs are not unique). We ralso pe
understandability can be significantly enhanced, dppe use formed a semantic check of the data. We excluded ossage
message sonification over a longer period of time. We disco containing all 24keywords, and 23 messages were the Fecip
ered that musicians did notnf@m better than nemusicians. entsO user status was set to OAWAYO so that we could not be
Since both groups perform similarly waect H2. sure that they received the sonified message. We finally r
moved 64 outlier messages where the reecwiweadtime lay
6. FIELD STUDY (SkypeMelOdy) beyond a threshold of 120 secorfdssuming reaévents after

The online survey gave us a good understanding of the issuesnore than 120 seconds were not caused by the sonification).
and challenges related to message sonification. Yet, ro ev

dence was found thatsults are either representative or true in In the end 2170 records (representing 1085 messages) were

used for the angsis described in the next section.
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Figure 6: Distribution of rec eived messages over the day.
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time to check in sec.
msg type question postive negative none
mean 8.03 5.87 6.95 11.50
std_dev 20.15 15.19 17.29 21.22
n 138 165 124 658
F-Value=4.979, df= 3, 1081
(p <0.01)
Figure 7: ANOVA of receive-to-read time
based on mesage intention.
week
F-Value df p
1* 2%
5 g question 5.868 | 9.376 0.99 1,136 | 0.322
{:‘jéf postive 2391 | 8365 | 6.415 1,163 | 0.012
o (=2}
‘3‘5% negtive | 7.442 | 6597 | 0.072 | 1,122 | 0.789
ge
= E [none 10.15 | 12.44 | 1.857 1,656 | 0.173
Figure 8: ANOVA of receive-to-read time
based on weeks.
Cluster sum
messag-
type Cluster-1 Cluster-2 Cluster-3 Cluster-4
question | 83 ] 93.3% |55 220% | 0| 00% | 0| 0.0% | 138
positve | 4 | 4.5% |161] 644% ] 0| 0.0% | 0| 0.0% | 165
negative | 2 | 2.2% | 34| 13.6% | 88| 100.0%| 0 | 0.0% | 124
none 0| oow]o] 00w |o| 00w |658 100.0%| 658
sum 89 | 100.09%] 250] 100.0%| 88 | 100.0%|658] 100.0%| 1085
# % corr. | 83 | 93.3% |161] 64.4% | 88 100.0%|658] 100.0%| 990

Figure 9: Clustering of Message Types.

6.4 Sample
6.4.1 Demography

We recruited 14 participants for the study from our courses,

from forums, and via Facebook. Participants were mainly st
dents (2 employees), making the sample rathergemous but
representing a main target group for such an agijuit.

6.4.2 Questionnaire

Twelve participants had on average more than 10hkeséd
Skype conversations per week. Their most important coavers
tion partners were friends (72%), colleagues (61%)inprs
(40%), and family members (40%). The most importantasitu
tions in which they used Skype were after work (80%), on
weekends (75%), and also during work (60%). The maim pu

6.4.3 Log File Analysis

Each user received on average 20.47 messages per day. Out of
the 1085messages, 658 contained no keywords, 124 wee neg
tive, 165 were positive, and 138 were questions. The most
common kgwords were OyesO (153), 0?0 (113), OnotO (89),
OwhereO (50), 0:)0 9035) and 0O;)O o)O;(31). The ave

age nunber of keywords pesonified message was 1.54 (overall
mean: 0.61)Figure 6 depicts the distribution of the received
messages on a daily basis (data aggregated over 14 days). Peaks
can be found around lunchtime and in the after hours.

6.5 Results

In the following we analyzed the results of the study in order to
obtain qualitative and quantitative data on (1) changes in the
user behavior based on the sonification and (2) the undésstan

ability and learnability of our sonification algorithm.

6.5.1 Messaging Behavior
To assess the effect on thsers® message checking behavior,
we compared theeceiveto-read time for different aspects.

First, we compared theeceive-to-read time based on the mes-

sage intentions. The results inFigure 7 show that the users
checked notsonified messages most slowly. From the sonified
messages, questions required the most time until they were
checked. Positive messages were checked faster than negative
messages. The results are significant (p<0.01). Seeondra-
lyzeddifferences between week 1 and 2 of the study. We found
out thatfor all message typabe mean time increased. We-b
lieve that this is theesult of a curiosity effecpeople got more
used to the sonifation in week 2)Howeve, the ncrease in
time is only significant for positive nssages (p<0.05

Subjective user feedback from the questionnaire revealed that
surprisingly the perceived receiteread time decreaseceb
tween week 1 and 2. We assume that this effect of Ofalse pe
ceptionO ia result of the users® adaption to the system.

6.5.2 Understandability / Learnability

We used atwo-step algorithmfor clusteing the messages
according to the combination of occurred keyworidsorder to
verify, whetherour separation of message typeas digtinct.

We use thewo-step algorithmfor its good performance with
discrete valuesAs can be seen in Figure 9, the results are 4
clusters (columns), which exactly fit the selfosen classifa-

tion algorithm (rows). 91.2% of all messages were clustered
like our algorithm would have done it. According[1®] the
cluster solution can be considered to be Ogoseffaration &
curacy 0.7). The visualization of the results shows that only
cluster 2 (positive messages) lacks precisieyond 90%. This

is explained by the fact that messages containing positive ke
words are very likely to also contain other keywords.

Results from the online survey show that the understandability
of the different message types increasetvben week 1 ah2
(results based on-Boint Likert scale, 1=not understandable at
all, 5=very understandable). Participants could recognize-que
tions best (mean=3.7ndrease=14.6%), followed by positive
messages (mean=3.2iciease=28.9%) and negative messages
(mean=28, increase=20.8%). The results are not sigaift.

6.5.3 System Usability Scale (SUS)
In both questionnaires we asked the participants to fill in an
SUS[3]. The score for week 1 was 72.72 (sd=12.5), for week 2

pose of the conversations included side conversations (80%),82.65 (sd=7.1). Coidering the small sample, it is rathen-u

discussion of comlex problems (70%), and dating (50%). Our
participants used Skype to a large extend for short coavers
tions, e.g., to schedule the time to go for luragether (61%).

likely that differences are the result of a random effect
(p:O.108).~We evaluated the iadbility of the scale using the
CronbachOs Alpha measure, representing theitetercorred-



tion of all answers for each gquesnaire (high values peesent

tion. The asgchronous character of SMS or the fact that users

a consistent opinion of the participants over all questions). The carry their mobile phones at any time might be importactt fa
alpha values were 0.544 for week 1 and 0.539 for week 2 (ators. Further work may also include the application in psych

minimum value of 0.5 is required, tosfify the combination of
all answers to an index). The résucatainly donOt provide
empirical evidence, yet they give some good indications. 9.
6.6 Discussion [1]
The study reveals a significant difference in the rectvwead
time not only between sonified and rsonified masages but
also among the different messatypes. hterestingly,time is
maximal forquestions. We assume that users tend to finish their
task at hand before chdng a mesagecontaning a question
sincesuchmessages require a certain level bértion andan
effort to reply. In contrast, mesgas cataining positive or
negative news seeto be more interéing to users so that they
want to check immadtely. The results from the questionnaire
are not significanBhowever there is a strong indication that the [4]
users were more comfortable wittetBonification in the second
week of the study.

7. ACCEPTANCE AND PRIVACY

From the online survey we found that participants aared it

to be essential that the sonification matches nitention of the
user: even though 71.4% of the participants liked dherall
idea only 19.7% of the participants would use it if the intention
was not obvious. Sensitructured interviews feer the field
study revealed that prevalent, usentered equirements are
aesthetically pleasing sounds and customiigbi

(3]

[5]

[6]

[7]

From aprivacy point of view we discovered that only 19.0% of
the surveyOs gimipants were afraid of a very strong or strong
influence on the privacy considering that the content of & me
sage might be understdable to other persons familiar with the
encoding %-Point Likert scale, 1=very strong influence, 5=no
influence at all). In catrast 75.2% of the users felt that reading
out the message loudly would strongly ugfhce their privacy.

8. CONCLUSION

In this paper we showed how text seages can be mapped to a
meaningful and euphonic melody and how this impacts on the

(8]

[9]

usersO text messaging behavior. Firstly, we reported oe-the r [11]

sults of an online study with 69 participants verifying the ifeas
bility and validity of our approach. Secondly, we presented
skypeMelody a prototype implemeation to evaluate impacts
on the real user behavior and discussed results from-aéek
field study among 14 participants.

The main findings of both studies are as follows: (1) There is no
significant difference between musicianadanormusicians
when it comes to understanding the intention of a sonifiest me
sage {2). However, it is aicial to use intuitive and eady-
distinguish musical elements (chords, keys). (2) The sanrific
tion has a significant influence on users® messagiing le-

anaysis and as a tool for visually imped users.
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