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Abstra
tThis thesis investigates the possibilities to extra
t trends from SMS text that issent at this moment. With no publi
ly available 
orpus of SMS text availablewe use messages Twitter to aid the develpment of algorithms and evaluation ofthe result. Due to the large volume of messages sent using SMS, good s
aling
hara
teristi
s are important. We present a s
alable implementation of thealgoritm we found most suitable. This implementation is based on MapRedu
eparadigm using the Hadoop open sour
e framework.
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1 Introdu
tionWith today's information �ow on the Internet and through so
ial media, it ishard to stay updated with what is happening. Going through all the informationis pra
ti
ally impossible. Therefore are we looking into te
hniques to handlelarge amount of information by extra
ting trends.There are many te
hniques and servi
es that 
an be used to send short messagesto ea
h other. Two of the more popular are Short Messaging Servi
e (SMS) andTwitter. These servi
es are an interesting subje
t for keyword and trend extra
-tion due to there fast reply time. It is possible to get fresh information withinminutes or even se
onds. This 
an almost be 
onsidered real-time 
ompared toslower media su
h as newspapers, whi
h 
an take up to several days to rea
t tonew information.This Master's thesis aims at �nding te
hniques to extra
t trending informationfrom SMS, but with no available 
orpus to use we needed to build one ourself.This is a daunting task and the result will not be su�
ient for development ors
alability testing. Therefore have we de
ided to build a 
orpus from publi
lyavailable Twitter messages, for use during development and evaluation, whi
hhave about the same maximum length. Although the usage of Twitter is slightlydi�erent, it is a good approximation of SMS messages.This Master's thesis is done for Corporate Te
hnology O�
e at Sony Eri
sson.The obje
tives to solve was �rstly to build a SMS 
orpus and se
ondly �nda te
hnique to see trends in SMS 
olle
tion, to see what people were talkingabout.The goals with the proje
t are to:
• Develop an algorithm for �nding trends;
• Develop a s
alable implementation of this algorithm;
• Develop an Android appli
ation to 
olle
t SMS 
orpus and present the
al
ulated trends to the user.
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2 Ba
kgroundThis part of the report des
ribes ba
kground information about the te
hniquesand 
on
epts related to this proje
t and report.2.1 TrendsA trend 
an be de�ned as �The popular taste at a given time� (WordNet, 2010).Depending on the 
ontext, this time span 
an vary a lot, from se
onds to 
en-turies. In our 
ase, we would like the time span to be as 
lose to now as possible,be
ause we want to be near as real-time as possible and be able to rea
t fastto ongoing events. This is not possible for us to do as we 
an not a

ess allmessages that are sent this very moment and it takes time to do 
al
ulations.This for
es us to use a time span of few minutes to few hours. We have 
hosento have the time span of one hour as this gives us a bu�er time to 
al
ulate anda hour is a natural time span in today's time measuring system. A history isneeded that signi�
antly larger than our time span to estimate the in
rease orde
rease of spe
i�
 term over time, and thus determine if it's a trend or not.To �nd a signi�
ant di�eren
e is not 
hallenging, but to rank di�eren
es is notan obvious task and 
an sometimes depend on its 
ontext and use. A trend inour 
ontext is a term that has grown 
onsiderably the last hours. To rank them,we should in
lude a
tual growth as a weight to the rank so a more frequent termis not punished by its smallness in per
entage growth 
ompared to the a
tualgrowth in size.2.2 SMSSMS is a 
ommuni
ation proto
ol within the GSM system for ex
hanging shortmessages. Ea
h message is limited to 1120 bits, whi
h is 140 8-bit or 160 7-bit
hara
ters. Main uses in
lude noti�
ation of voi
e mail, payments and 
hat(Peersman et al., 2000). SMS 
onsists of types two servi
es:
• Point-to-point for one-to-one 
ommuni
ation between for example twophones or one phone and a software 
omponent;
• Cell broad
ast for one-to-many used for mass messaging of same messageto many re
eivers. Cell broad
ast systems are used today in Japan and theNetherlands for publi
 warning announ
ements (Cell Broad
ast Forum,2010).The number of text messages sent annually has grown exponentially over thepast years and is expe
ted to 
ontinue to do so. Figure 1 shows quarterlymessage volume in Sweden with daily average message volume approa
hing 40million messages in Q4 2009 (World Cellular Information Servi
e, 2010).
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Figure 1: SMS tra�
 per quarter in Sweden over the past �ve years (WorldCellular Information Servi
e, 2010).2.3 TwitterTwitter is a webservi
e used for so
ial networking and mi
ro blogging. Twitterusers 
an publish short messages to their pro�le page. Other users 
an read andsubs
ribe to these messages. The messages are 
alled a �tweet� and 
onsists of atmost 140 
hara
ters. Tweets 
an be published from either the Twitter website,SMS, or a third party appli
ation. Due to the 140 
hara
ters limitation, andthe ability of sending tweets via SMS from a mobile devi
e, Twitter has beendes
ribed as the �SMS of the Internet� (D'Monte, 2009). Therefore Twitter is agood substitute and 
ompliment to a SMS 
olle
tion as these are hard to 
omeby and are usually very small (Twitter, 2010).Twitter has several Appli
ation programming interfa
es (API), two REST APIsand a Streaming API. One of the REST APIs allows developers to a

ess 
oreTwitter data, update time lines, status data, and user information. The otherREST API is for intera
tion with Twitter sear
h and trends data. The Stream-ing API is a way to a

ess a large amount of tweets in �ltered or sampled formin real time (Twitter API, 2010).In this proje
t, we will use the Streaming API to gather a sample of Twitter'smessages for testing and validation for the trend extra
tion algorithm. We willalso save Twitter trends to be able to 
ompare the result.
7



2.4 SMS and Twitter languageAs mentioned by Baron (2008), SMS is a one-to-one way of 
ommuni
ationwhere messages are sent in a asyn
hronous way. The asyn
hronous style of SMSis re�e
ted in text as some people are not always expe
ting a qui
k response orthat people use SMS as a medium to deliver news or information about updatesand 
hanges to the surroundings. This is not the largest part of the genre in SMS(Ling et al., 2005) as the norm in SMS 
ommuni
ation is to reply on re
eivedmessages (Laursen, 2005).Looking more into the genre of SMS, a study (Ling et al., 2005) shows that23% of the messages are middle future 
oordination (things that will happen inthe next hours or next day) and 8% are near future 
oordination (things thathave already begun or would happen in the next minutes). But we also have11% that are questions. This 
ombined with the norm of replying makes SMSa good 
andidate to get useful information about what is happening and whatthat will be happening soon.There are some problems to be dealt with SMS text. Hård af Segerstad (2005)lists some of the problems her rapport. The most important to us are:
• Shortenings, 
ontra
tions;
• A
ronyms and initialisms;
• Misspellings and typos;
• Un
onventional spellings;
• Capitals or small letters only (whole messages);
• Substitutions of long words in native language with foreign shorter words.This makes SMS text harder to 
ompare to other texts, as SMS 
an have manydi�erent terms for the same pla
e, event, and person. This 
an be solved bygrouping synonyms together, but this is out of the s
ope for this report. Wewant to see what kind of terms are 
ommonly repeated in a SMS text and ifthey 
an be useful in trend extra
tion.Twitter is 
onsidered a mi
roblog. The language used in Twitter will be 
lose tothe language in a real blog. Like SMS, Twitter is 
onsided to be asyn
hronous
ommuni
ation (Baron, 2008), the user posts the tweet on her Twitter page like ablogger posts a new 
ontribution. Sin
e Twitter is one-to-many 
ommuni
ation,many of the things we see in tweets will not appear as they do in a SMS. Theuser tries to use 
onventional spelling so everybody 
an understand, while SMSis adapted to the spe
i�
 re
eiver.2.5 MapRedu
e and HadoopMapRedu
e is a programming model for pro
essing large data sets, introdu
edby Google. Programs written using this programming model 
an be automati-
ally parallelized a
ross multiple 
ores and ma
hines in large 
lusters. An un-derlying appli
ation framework takes 
are of the program's exe
ution and ab-8



stra
ts away 
luster management tasks from the user, su
h as data distributionand handling node failures Dean and Ghemawat (2004).A MapRedu
e program takes a set of key-value pairs as input and produ
esa set of key-value pairs as output, see Figure 2. The program performs the
omputation using two fun
tions, the map fun
tion and the redu
e fun
tion,spe
i�ed by the user. The map fun
tion takes a single key-value pair from theinput and outputs one or more new key-value pairs. These new pairs, 
alledintermediate pairs, are sorted and grouped by the key. The redu
e fun
tion isthen 
alled for ea
h intermediate key with a list of all 
orresponding values, andwill output one or more key-value pairs as the programs output. To form more
omplex programs, it is possible to 
hain several MapRedu
e jobs, su
h that theoutput of one redu
e phase is passed as input to the map phase of another job.

Figure 2: A MapRedu
e job where < k1, v1 > is input and < k3, v3 > is output.Hadoop (2010) is an open sour
e implementation of MapRedu
e along with adistributed and fault-tolerant �le system 
alled HDFS. Hadoop forms a 
omplete
lient-server infrastru
ture for storing and pro
essing large amounts of data,designed to s
ale to petabytes of data and thousands of ma
hines per 
luster.Even though MapRedu
e is designed to be used in 
lusters of several ma
hines,it is still e�e
tive for use in non-
lustered environments, so 
alled one-node
lusters. The 
on
urrent nature of the map and redu
e phases 
an be exploitedvery well on ma
hines with 4 or 8 CPU 
ores.
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3 Purpose and method3.1 PurposeThe goal with this Master's thesis is to 
olle
t a SMS 
orpus for future resear
hpurposes at Sony Eri
sson and to develop and evaluate an algorithm for extra
t-ing trends in SMS text. The algorithm and implementation of it should also bes
alable. Meaning that a 
omputation run should �nish in a reasonable amountof time, for data sets that are 
lose to what 
an be expe
ted in a real-worldsituation, in terms of amount of messages sent in Sweden.In this se
tion we will list the resear
h questions, we want to answer in thisMaster's thesis. We will try to answer them in the 
on
lusion se
tion.
• Whi
h problems 
an o

ur with SMS text 
ompared to normal text?
• What te
hnique 
an be used to extra
t trends from SMS text?
• Do we need to develop the te
hnique? or is there any existing on SMS?
• Can the te
hnique we �nd be s
aled and used in real life?3.2 EvaluationTo evaluate our results, we distribute the trends to the users of our appli
ation.That way we 
an run a 
ontinuous informal user study by periodi
ally askingthe users for feedba
k about the trends. However, due to the small numberof parti
ipating users, the data we 
olle
ted is not always su�
ient to produ
emeaningful trends.To 
olle
t a larger set of messages to work with, we use Twitter's streaming API.Conveniently, Twitter also provides an API for the trends they 
al
ulate for thedata. We use a large set of messages from Twitter to test and develop algorithmsfor our appli
ation and the trends data provided by Twitter to evaluate ourresults. Twitter's trends 
onsists of three types, 
urrent, daily, and weekly,ea
h with 20 trending terms for any given moment. The exa
t workings behindTwitter's method of 
al
ulating trends is undo
umented and therefore unknownto us, although we 
an spe
ulate what the trend types means by looking at thenames and studying the refresh rates. Be
ause of the unknown properties ofthe trends provided by Twitter, the result of the evaluation against it has to betaken with a grain of salt. Still, we �nd it relevant enough to in
lude.For the evaluation against Twitter's trends we tried to �nd and tune an algo-rithm that generates trends as 
lose to the trends provided by Twitter. To getresults as unbiased as possible, we tested against data 
olle
ted from severalpoints in time and used the average over ea
h of the points as the �nal grade.To s
ore the results of ea
h individual run, we used the 
on
epts of pre
ision andre
all that are 
ommonly used 
on
epts in information retrieval and statisti
s.In our 
ase all the retrieved do
uments are relevant do
uments so both 
on
eptswill show the same result. 10



pre
ision =
|{relevant do
uments} ∩ {retrieved do
uments}|

|{retrieved do
uments}| (1)re
all = |{relevant do
uments} ∩ {retrieved do
uments}|
|{relevant do
uments}| (2)3.3 Test SetupThe fun
tions that we use in our algorithm test and their parameters will bedes
ribed in detail here. The test data we used 
onsists of 15 sets of a total of10 hours of data in ea
h set. The sets are randomly 
hosen from our 
olle
tedTwitter stream data from Mar
h 9-12 and Mar
h 15-25 of 2010. The sets are10 hours of 
ontinuous data.We normalize the text with a lower 
ase �lter, the priva
y �lters and a �lter thatmakes token unigrams and bigrams (these �lters will be des
ribed later in thereport). We only 
ount messages a token is in and not how many o

urren
esof the token in total. This is also known as the do
ument frequne
y (DF).We then remove all terms that do not �t our 
uto� limit. The 
uto� limits areas follows:

• σ ≤ yn

• Total term count ≥ 5

• yn ≥ 1, yn−1 ≥ 1, . . . , y2 ≥ 1

• y1 ≥ 2Where y1 is the �rst data point's DF value and yn is the last point's DF value.Tokens that do not meet all of the 
onditions are removed. Total term countis the sum of all data points. σ is standard deviation of the term for the point
y1 to yn−1.

11



4 Models and term 
onsiderationThis part of the report des
ribes the models to evaluate the terms, how termsare 
ut o�, �ltered, and how we deal with sensitive terms. We will be dis
ussingthe following models:
• TF-IDF
• Delta
• Regression analysis4.1 ClassesTo be able to 
ompare 
hanges in frequen
y over time, we partitioned the 
ol-le
tion in several groups. These groups are 
alled 
lasses and ea
h is a 
olle
tionof messages divided by either a time period or �xed number of messages. Thisis needed so we 
an 
ompare 
hanges between the 
lasses. A single group willnot give us any information about 
hanges over time. This will require moredata storage as we need several di�erent frequen
y 
ounts ea
h term, instead ofa single value.An example is given in Table 1�4. Table 1 shows six messages that will bedivided into 
lasses based on whole hours. This will give us two 
lasses. Class1 will have four messages sent from 19:00 to 19:59 and 
lass 2 will have theremaining two as these are sent between 20:00 and 20:59. Tables 2 and 3 showthe extra
ted terms broken down by 
lass. The end resultat 
an be put togetherto form one big table. See Table 4.Message TimeHello everyone 19:00How is everyone doing? 19:10Bye everyone! 19:35What 
olor is my 
ar? 19:59The 
ar is red! 20:00Has anyone seen my 
ar? anyone? 20:11Table 1: SMS texts that are goning to be divided in to 
lasses.
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Term DFhello 1everyone 3how 1is 2doing 1bye 1what 1
olor 1my 1
ar 1Table 2: Class 1. Terms extra
ted from 19:00 to 19:59.Term DFthe 1
ar 2is 1red 1has 1anyone 1seen 1my 1Table 3: Class 2. Terms extra
ted from 20:00 to 20:59.Term DF1 DF2hello 1 0everyone 3 0how 1 0is 2 1doing 1 0bye 1 0what 1 0
olor 1 0my 1 1
ar 1 2the 0 1red 0 1has 0 1anyone 0 1seen 0 1Table 4: Showing 
omplete table of data.13



4.2 TF-IDFTF-IDF is a method to weigh terms and phrases in a do
ument. TF-IDF 
onsistof two parts. TF that stands for �Term Frequen
y� and IDF �Inverted Do
umentFrequen
y�.
(tf-idf)i,j = tfi,j × idfi (3)TF is used to determine how 
ommon a term is in a do
ument. This is done by
ounting the number of o

urren
es of the term in the do
ument and dividingthis with the total number of terms in the do
ument:

tfi,j =
ni,j

∑

k nk,j

. (4)
Ni, j is the total number of o

urren
es of the term i in the do
ument j. The Sumin the divider is the total number of o

urren
es all terms in the do
ument. Thismeans that a high TF value represents a term that is 
ommon in the do
umentand a low value represent a un
ommon term.IDF is used for evaluating the general importan
e of a term. This is done by
ounting the number of do
uments 
ontaining the term, known as �Do
umentFrequen
y� (DF). To be able to see the general importan
e, we need to invertDF. This is done by 
ounting the total number of do
uments in the 
olle
tionand dividing with DF, then applying the logarithm of that quotient:

idfi = log
|D|

|{d : ti ǫ d}|
. (5)Where |D| is the total number of do
uments. The divider is the total numberof do
uments that 
ontain the term i. This is only possible when the term is inthe 
olle
tion otherwise this will lead to a division-by-zero. Therefore a more
ommon to use:

1 + |d : ti ǫ d|. (6)A high TF-IDF value is a
quired by having a high TF value, meaning that theterm is frequent and a low IDF value meaning the term is not 
ommon in the
olle
tion. This will lead to that 
ommon terms will get a low TF-IDF valueand be �ltered out.The most 
ommon pla
e for using the TF-IDF formula is in sear
h engines (likeAltaVista), where it is used to 
al
ulate the s
ore of a do
ument for a spe
i�
query. This is done by 
al
ulating a TF-IDF s
ore for ea
h term in the queryand all do
uments. The do
ument with the highest sum of all TF-IDF s
ores isthe most relevant one.4.3 DeltaThe delta model is based on the DF values as mentioned in the previous part.Due to the 
hara
ter limitation of SMS text, repeated terms do not have higher14



signi�
an
e, as they would in longer do
uments su
h as news arti
les and re-sear
h papers. The purpose of the delta model is to see how mu
h a given DFdi�ers from its mean value. The model is very intuitive, simple, 
heap and low
omplexity in its basi
 form, but 
an easily be made more advan
ed by addingweights. It is a simple model to dete
ted signi�
ant 
hanges. A low 
omplexitymodel is advantageous as the extra
tion should work on large data quantities.Several 
lasses will be needed in this model.
µt =

∑n−1

k=1
DFt,k

n − 1
(7)

∆t = DFt,n − µt (8)
ft =

DFt,n

µt

(9)Where DFt,c is the do
ument frequen
y of term t in 
lass c. n is the numberof 
lasses. DFt,1 is the do
ument frequen
y of the oldest 
lass of term t. DFt,nis the do
ument frequen
y of the latest 
lass of term t. µt is the mean of all
lasses ex
ept the last. ∆t is the di�eren
e between the last 
lass and the mean.
ft is the fra
tion of the last 
lass and the mean.4.3.1 WeightingJust using either the ∆t or ft is the simplest way to 
ompare terms against ea
hother. However this will qui
kly lead to problems. The problem with ∆t is thatterms that are used frequently will have a high s
ore, as these terms will havea larger �u
tuation over time. But looking at ft for these terms, we will see anonsigni�
ant �u
tuation. The opposite of this problem is found when we justweigh on the 
hange in ft. Only terms that have a small DF will have a highs
ore, as their 
hange in ft will be big even with small, insigni�
ant 
hanges in
∆t.A solution to this problem is to 
ombine these two weights so the signi�
ant
hanges are in both weights. There are several di�erent ways these two 
an be
ombined. We tried all possible 
ombinations and the best are the following:

Scoret,1 = ft, (10)
Scoret,2 = |∆t|log(ft), (11)
Scoret,3 = log(∆t)ft, (12)

Scoret,4 = ∆tft, (13)
Scoret,5 = DFt,nft, (14)

Scoret,6 = DFt,nlog(ft). (15)Besides multiplying the ∆t and ft we also tried to use logarithm to minimizethe impa
t of them. This was derived from the TF-IDF model.
15



4.4 Regression analysisFitting a number of data points (x1, y1), (x2, y2), . . . , (xn, yn) to a fun
tion withone or more unknown variables is 
alled regression analysis. It is widely usedwhen trying to fore
ast or predi
t future values of a series of measurements, or�nding a relationship between two dependent units. The fun
tion to �t against,also 
alled regression fun
tion or model, 
an be any fun
tion. Common modelsare linear (16), polynomial (17), and sinusoidal (18). A 
ommon example forregression analysis is �tting temperature measurements over a year. It turnsout that in many pla
es it �ts surprisingly well with a sinusoidal model (Sauer,2005).
F (x) = α + βx (16)

F (x) = α + β1x + β2x
2 + . . . + βnxn (17)

F (x) = C + Asin(2πωx + ϕ) (18)There are many methods for estimating the unknowns in the model. One of thesimpler methods is 
alled least squares. The prin
iple is to 
hoose the unknownvalues su
h that they minimize the sum of all squared errors, where the error
ε, is the di�eren
e between the data point y-value and fun
tion value for the
orresponding x-value, εn = yn − f(xn).Linear regression with least squares through origin (19)�(22) (Nielsen, 2009).

xk = k, α = 0 (19)
y1 = βx1 (20)...
yn = βxn (21)

β =

∑n

k=1
(xkyk)

∑n

k=1
(x2

k)
(22)4.4.1 Our modelWe used the regression analysis with a linear model for predi
ting the use ofa term in the next hours. A term with a high predi
ted in
rease of usageis 
onsidered a trend. Our data points are number the frequen
y of the termduring the 3 to 5 latest 
lasses. We want to have a model that applies regressionanalysis on growth of the 
lasses with respe
t to the oldest one. We do this bynormalizing all the 
lasses and adjusting the values su
h that the oldest is inorigin. This way the regression line will go through the �rst point and we 
anreuse the previously mentioned (22) by adjusting our model to mat
h it.First we have the data points un
hanged, see Figure 3. The �rst step is tonormalize all the 
lasses by dividing them by the oldest one, y1. See (23)�(26)and the new points will be shown in Figure 4.

y′

1
=

y1

y1

= 1 (23)16



y′

2
=

y2

y1

(24)...
y′

n =
yn

y1

(25)
xk = k (26)The se
ond step is to translate all the normalized points down by one unit andleft by one unit. This is done by subtra
ting all the normalized values with oneand then subtra
ting the k-value by one, so we use the previous x-value. See(27)-(29) and the new points will be shown in Figure 5.

y′

1
− 1 = βx1−1 = βx0 = 0 (27)
y′

2
− 1 = βx2−1 = βx1 (28)...
y′

n − 1 = βxn−1 (29)The �nal step is to 
al
ulate β on all the normalized points ex
ept the oldest,
y′

1
. The formula for this is taken from (22) and using the new model (27)-(29)we get (30). The 
al
ulated regression line is displayed in Figure 6.

β =

∑n

k=2
((yk

y1

− 1)xk−1)
∑n

k=2
xk−1

(30)
Figure 3: Classes before normalization. 4 data points.
Figure 4: Classes after normalization. 4 data points.17



Figure 5: Classes after translation. 4 data points.
Figure 6: Linear regression on the remaining 
lasses that are not in origin.4.4.2 WeightingWe need to test di�erent weights along with the regression analysis, for thesame reasons as with the delta model. We use the mean value as a baseline anddete
t signi�
ant 
hanges from it. We tried all possible 
ombinations and thebest are the following:

Scoret,7 = β, (31)
Scoret,8 = β · (yn − y1), (32)
Scoret,9 = β · (yn − µt), (33)

Scoret,10 = β · (yn −
yn−1 + . . . + y1

n − 1
), (34)

Scoret,11 = β · (yn −
yn + . . . + y1

n
). (35)We tried to use the di�eren
e between the latest value yn and di�erent meanvalues to weigh against β. We tried the mean value of all regression points, allbut the latest regression point, all data points or just the point we normalizedwith.4.5 Cuto�s, �lters, and bigramsWe have implemented 
uto�s both for priva
y reasons (see se
tion 5) 
omputa-tional reasons, and for removing reo

urring terms.For the 
omputational reason, we try to 
uto� terms that o

urs less times thana 
ertain value. Even if this value is small, it has a big impa
t in the number18



of terms we need to 
al
ulate. This have been used in the delta model andregression analysis. We set the 
uto� value to be half of the total number of
lasses used. So if ten 
lasses were used in total, our program will remove termswith a DF of �ve or below.Removing reo

urring terms is done by 
al
ulating the standard deviation. Weremove every term, whose last DF value is smaller than standard deviation of theprevious values. This mathemati
al 
on
ept is derived from signal pro
essing.By doing this we will only 
al
ulate terms that are peaking over its normalinterval and will remove many grammati
al terms, as these are used to a greatextent and their o

urren
e 
an shift dramati
ally over time periods.4.5.1 FiltersSome spe
ial �lters have been implemented to �lter the output from tokenizingpart of the pro
ess. We use NoNumberFilter, NoCreditCardNumberFilter andNoSo
ialSe
urityNumberFilter to �lter terms that may be sensitive personalinformation. Additionally, we use the following �lters to transform tokens.
• LowerCaseFilter to set all terms to lower 
ase. This �lter would transforma stream of tokens like �Ab
�, �DEF�, �ghi� to �ab
�, �def�, �ghi�.
• ShingleFilter that is based on the 
on
ept of shingles that was introdu
edby Broder (1997). This �lter produ
es n-grams of tokens, and wouldtransform a stream of tokens like �ab
�, �def�, �ghi� to �ab
�, �ab
 def�,�def�, �def ghi�, �ghi�. We use it to �nd unigrams and bigrams.
• UniqueFilter to remove dupli
ate tokens from the input stream. A inputstream that looks like �a�, �b�, �
�, �a� will output �a�, �b�, �
�. Thus,removing the dupli
ate �a�.We use LowerCaseFilter to be able to treat terms that essentially are equal,but only di�er on the letter 
ase. People tend to write text di�erently (Hård afSegerstad, 2005). Some with only lower 
ase letter, some with only upper 
aseletter and some mixed. Most phones in
lude software that automati
ally 
on-verts �rst letters of senten
es to upper 
ase. This is the kind of transformationswe undo with this �lter to simplify later 
al
ulations. However, this approa
h
omes with drawba
ks. We obviously lose information about the original 
aseof a term that might be useful in later stages, like the �nal presentation. Thereare some ta
ti
s to arti�
ially introdu
e the 
ase information again. One waywould be to 
onvert the �rst letter of ea
h term to upper
ase, and keeping therest lower
ase. Another approa
h is to �nd the most 
ommon spelling of theterm and repla
e it with that. This is however very 
ostly and was left out dueto being outside the s
ope of the report.In text analysis, it 
an sometimes be interesting to examine n-grams, espe
iallybi- and trigrams. In this proje
t, we have after dis
ussion with our advisersagreed to be handle bigrams and unigrams only as that will in
lude many namesand pla
es that would have otherwise be �ltered out. We use ShingleFilterto 
onstru
t shingles (token n-grams) from a stream of unigrams. It outputs
ombinations of tokens as well as the original unigrams.19



4.5.2 BigramAs mentioned before, we are using bigram as terms. This will give us a lot ofunwanted bigrams, as some bigrams are going to 
ontain terms that we will not�nd signi�
ant. The bigram will however have signi�
ant 
hanges, so we need away to either weigh a bigram by how its spe
i�
 unigram are s
ored. So if bothunigrams have a high s
ore then the bigram should also have it, but if one orboth unigrams has a low s
ore the bigrams s
ore should also be lowered:
Score =

Score(A)Score(B)

Score(AB)
. (36)An other approa
h to this is to remove all bigrams that are not wanted, on thesame 
riteria as before, but we will not 
hange the s
ore. And as we only areinterested in the top 10-20 terms this 
an be easily done in post pro
essing.One way of doing this is to take out the highest s
ored terms, and �ll this listuntil you have at least 20 unigrams (this is if all bigrams are removed we shouldstill have 20 terms). And then we take out a list with the 20-100 best s
oredunigrams only, so we have a mixed list and a unigram list. We then go throughthe mixed list and look at its bigrams. If the bigram's two unigrams are in theunigram list then the bigram is not removed otherwise it is. This way will havea 
onstant 
al
ulation time of removing unwanted bigram, despite what everin
rease in terms we have so it's the best 
omplexity for s
aling.
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5 Priva
y issuesSMS users, apart from Twitter users, expe
t the 
ontents of the message be pri-vate between the sender and re
eiver. That opens up problems when extra
tingand publishing terms and phrases from these messages. It is very importantto make sure that the published trends 
ontain no personal information that
an harm the involved individuals. We present a 
ouple of solutions to how toprote
t personal and sometimes se
ret information.Our �rst idea was to implement a way to let the user review messages that arein
luded in the extra
tion of trends. We do this by bu�ering all messages ina queue before they are uploaded from the phone. The messages stays in thequeue for at least 15 minutes. During that time the user 
an review and reje
tmessages. If the user doesn't take a
tion, all messages will be uploaded. Ifusers know that they 
an 
ontrol what part of their personal information thatis published and what is kept private, they are more likely to use a servi
e andpublish information (Govani and Pashley, 2005).Another te
hnique is to �lter out terms that mat
h 
ertain patterns that areknown to be sensitive. This happens on server-side in a later stage, during thetokenization of the messages. These �lters 
an be built as one or more regularexpressions. We have integrated the following list of �lters.
• NoNumberFilter to ex
lude numbers greater than a 
ertain amount ofdigits. Primarily this is to �lter out phone numbers.
• NoCreditCardNumberFilter to ex
lude 
redit 
ard numbers. Credit 
ardnumbers follow a very stri
t pattern.
• NoSo
ialSe
urityNumberFilter to ex
lude so
ial se
urity numbers.Furthermore we have a 
uto� value to remove terms that o

ur fewer timesthan a 
ertain value. This to ex
lude low frequen
y terms that are sometimessent over SMS su
h as one-time passwords or 
odes. But also so the user donot see the SMS she re
eived or sent, as 
an be the 
ase with low tra�
. Theexa
t 
ut-o� value should adapt to the total number of messages sent. It 
ouldtypi
ally be a fun
tion of the total message volume.
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6 S
alabilityIf we 
olle
t all SMS messages sent in Sweden during a week we may end up withmillions, and possibly up 10 million messages. It is therefore very important to
onsider the s
alability of the system. We want our system to not just workfor small data sets, but also for huge sets of data that are 
loser to somethingin the real world. To realize our requirements on s
alability, we have 
ome upwith a few points that if followed, our system is more likely to s
ale well.1. Ca
he intermediate 
al
ulations. Sin
e our system is intended to usedata generated during a sliding time window, we will run 
al
ulations onthe same data multiple times during di�erent runs. If we instead 
an 
a
hethe results form the �rst 
al
ulation and fet
h it in the later runs we 
aneliminate redundant operations.2. On-disk storage. Due to the massive amounts of data, we 
an notpossibly hold it all in memory at the same time. It may very well workfor small data sets, but sin
e we aim to s
ale this system we will have toassume our data in larger than the available memory. We work aroundthis problem by only keeping parts of the total data set in memory andwrite the result out to disk when we are done working with it.3. Avoid �le seeking. Seeking in a �le on disk takes time. That's whywe try to avoid it as mu
h as possible. We try to save the data on diskin a format that 
an be easily read sequentially, thus avoid any seeks.Additionally, if we store the data on disk sorted it will optimize 
ommonoperations su
h as merging and joining �les on the key that we sorted on.Merge and join on sorted data are linear operations whi
h is very e�
ientwhen working with large data sets.4. Parallel exe
ution. Without parallel exe
ution a system is limited toone thread. If our system 
an be parallelized over both lo
al 
ores anddi�erent ma
hines, we 
an speed up our 
al
ulations by simply addingmore ma
hines or 
ores.It turn out that Hadoop does all these points well.6.1 Ben
hmarksWe are interested in ben
hmarking and ultimately minimizing the wall 
lo
ktime a single 
al
ulation run takes, and the time 
omplexity for the system as awhole. To do this we reuse the data we gathered from Twitter. By measuring therun time of our system when we do repeated runs with varying size of input andnumber of 
luster nodes. We 
an then interpolate and extrapolate to estimatehow the system will perform for other parameters. All tests are performed on
lusters of ma
hines with identi
al hardware spe
i�
ations, and are equippedwith modern software pa
kages.
σ =

√

√

√

√

1

N − 1

N
∑

i=1

(xi − x̄)2 (37)22



µ =
1

N

N
∑

k=1

xi (38)We will repeat the tests multiple times and present the mean run times µ (37),the standard deviation σ (38). N is the number of test runs performed and xiis the run time for test number i.
Sp =

T1

Tp

. (39)We will also 
al
ulate the speedup Sp (39) as we make the 
luster larger. T1 isthe exe
ution time of single node and Tp is the exe
ution time of p-nodes.6.2 Bill of material
• AMD Athlon 64 X2 Dual Core Pro
essor 3800+ (2.0 GHz);
• 2 GB RAM;
• 100 Mbps swit
hed networking;
• Single harddrive;
• Ubuntu 9.04;� Linux kernel 2.6.28;
• Hadoop 0.20.2;� Repli
ation fa
tor of 2 ;
• Sun JRE 1.6.0_16.
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7 Result7.1 Measurement and evaluationThe test data that will be presented will be the result from testing 15 data setswith 10 hour of Twitter sample data. The number of messages in a data set isrange from 335,000 to 588,000 number of massages. The total number of trendsfor the test set is 300.We evaluated the data based on the daily pre
ision. The 
urrent pre
ision willonly be used to di�erentiate when the same daily pre
ision o

urs on others
ores. The result 
an be summarized in the following points:
• We found that the TF-IDF did not �nd any trend that 
orresponded tothe Twitter trend data.
• The Delta model had the best pre
ision of 6.77% with the Score4 (15).See Table 5.
• Regression analysis with 3 data points hade the best overall pre
ision of8% with Score8 (32). See Table 6.Daily Current

Score1 3.00% 1.33%
Score2 3.67% 2.67%
Score3 0.00% 0.00%
Score4 6.67% 5.33%
Score5 3.33% 2.33%
Score6 6.00% 5.33%Table 5: Pre
ision result from testing delta.Daily Current
Score7 4.33% 1.67%
Score8 8.00% 4.67%
Score9 7.33% 4.33%
Score10 7.33% 4.33%
Score11 7.33% 4.33%Table 6: Pre
ision result from testing regression analysis with 3 data points.Daily Current
Score7 3.00% 1.00%
Score8 5.00% 2.67%
Score9 4.33% 2.33%
Score10 5.67% 3.00%
Score11 5.67% 3.00%Table 7: Pre
ision result from testing regression analysis with 4 data points.24



Daily Current
Score7 4.67% 2.33%
Score8 4.00% 1.33%
Score9 4.33% 1.67%
Score10 3.67% 1.33%
Score11 3.67% 1.33%Table 8: Pre
ision result from testing regression analysis with 5 data points.7.2 Ben
hmark resultsThe results from our ben
hmark runs are presented in Table 9 to 12.Nodes 1 2 3 4

µ 19m 30s 11m 59s 9m 51s 8m 20s
σ 14s 15s 29s 32sSpeedup 1.00 1.63 1.98 2.34Table 9: 1 day of input. 1.3 million messages.Nodes 1 2 3 4
µ 37m 37s 21m 20s 17m 27s 14m 3s
σ 44s 37s 27s 34sSpeedup 1.00 1.76 2.16 2.68Table 10: 2 days of input. 2.6 million messages.
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Nodes 1 2 3 4
µ 1h 16m 1s 42m 7s 30m 27s 26m 52s
σ 7m 12s 2m 45s 41s 1m 3sSpeedup 1.00 1.80 2.50 2.83Table 11: 4 days of input. 5.1 million messages.

Nodes 1 2 3 4
µ 2h 29m 58s 1h 24m 0s 1h 5m 12s 54m 5s
σ 34s 6m 11s 1m 59s 1m 41sSpeedup 1.00 1.79 2.34 2.77Table 12: 8 days of input. 10.2 million messages.

Figure 7: Speedup as a fun
tion of 
luster size, for 1, 2, 4 and 8 days of SMStra�
 in Sweden. 26



Feature SMS 
orpus Twitter 
orpustransmissions (in terms) 11.0 terms 12.1 termstransmissions (in 
hars) 47 
hars 58 
harsone-word transmissions 9.9% of message 2.0% of messagesTable 13: Data from our SMS and Twitter 
orpus.Term Term Frequen
ymms 2.34gratulerar 2.0ra
hael 1.78gratis 1.75hurra 1.67tele2 1.625grey 1.6pkt 1.6to 1.58parkering 1.57kr 1.55heja 1.5sas 1.5tråd 1.5tripit 1.5gul 1.5
i 1.5garantin 1.5servi
ebesök 1.5natti 1.5Table 14: The 20 most repeated terms per messages they are in, from our SMS
orpus (unigrams only).7.3 SMS and Twitter 
orpusWe have during this Master's thesis built up a SMS 
orpus for use at SonyEri
sson. The 
orpus has been gathered by some Master's thesis workers andsome regular workers have used the prototype during three months time. Alluser's had free SMS in their phone plan, so they just texted as usual.The SMS 
orpus 
onsists of 3,152 unique messages on the date of 2010-05-19and is growing ea
h day. The uniqueness is based on sender, re
eiver, time andtext. The Twitter 
orpus had the size of 23,030,887 messages.
27



Figure 8: Histogram over SMS 
orpus.

Figure 9: Histogram over Twitter 
orpus.28



8 Dis
ussionWe have found out that there are many similarities between Twitter text andSMS text, but we have also found obvious di�eren
es. While the maximumlength of messages are about the same, the average 
hara
ter 
ounts and averageword 
ount di�ers on some interesting points. 10% of the SMS messages in our
orpus 
ontained only one word, 
ompared to only 2% in the Twitter messageswe 
olle
ted. We believe this is a result of more personal 
onversation withhigher rate of dire
t and short replies, su
h as �yes�, �no� and �ok�. It is worthnoting that our 
orpus has very few users and all of them use smart phoneswith advan
ed input devi
es like qwerty keyboards, that might not representthe general publi
.The relatively large number of very short messages 
an pose a problem when try-ing to further analyze them. For example, language dete
tion 
an be a problemdue to the small amounts of information the messages 
ontain. Also, methodsthat take the position of the �rst o

urren
e of a word be
omes less useful.Regarding the pre
ision from our tests, we got a quite low s
ore. This is be
ausethat Twitter do not 
al
ulate the trends in the same way we do, and we spe
ulatethat sear
hes on Twitter has a big impa
t in their trend algorithm. We haveseen some 
ases in our data, where a word is de
reasing over the last 10 hours.Twitter still ranks that word as a trend. When looking on the Twitter trendswe also found many words that have had a 
lear in
rease in usage in the last 10hours, so no real 
on
lusion 
an be done. The sear
h data is not published.We have during the test phase tried our models on some spe
ial days, to see ifthe events of these days would show up, like the did on Twitter. We tested onMar
h 10 (Chu
k Norris' birth day) and Mar
h 17 (Saint Patri
k's day). OnMar
h 10 we found �Chu
k�, �Norris�, and �Chu
k Norris� in the top 10 trendwords with both Delta and Regression analysis model. Similar result was on 17Mar
h, but due to �Saint Patri
k's day� 
onsists of three tokens and we onlydeal with uni- and bigrams, we en
ountered some problems. Almost all top 10words were di�erent terms like �St�, �Patri
k's,� �St Patri
k's�, �Patri
k's day�,�Patty�, and �St Patty�. This shows that the algorithms 
an �nd trends likeTwitter, but unlike Twitter all di�erent 
ombinations will be shown.We have found the feedba
k we got from user's who tested our appli
ation veryuseful. User's 
are very mu
h for their priva
y, so 
onvin
ing them to sharetheir SMS messages 
an be a di�
ult task. Therefore we took the feedba
k veryserious and implemented and released features based on it. We know that it isimportant to have the users' trust when handling data that 
an be potentiallysensitive. If we move to fast forward user's 
an get s
ared or 
ho
ked, stop usingthe appli
ation, and leave the servi
e. In most 
ases you only get one try, so bydamaging the user trust 
an be fatal. An advi
e for anyone trying to work withuser's the sensitive information is to plan it with priva
y in mind from the verybeginning, get the user involved, and listen to their feedba
k 
arefully.
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9 Con
lusionsIn this 
hapter we try to answer the resear
h questions and present other 
on-
lusions we have found during this proje
t. The questions were:
• Whi
h problems 
an o

ur with SMS text 
ompared to normal text?
• What te
hnique 
an be used to extra
t trends from SMS text?
• Do we need to develop the te
hnique? Or is there any existing on SMS?
• Can the te
hnique we �nd be s
aled and used in real life?On the question �Whi
h problems 
an o

ur with SMS text 
ompared to normaltext?� we have found some problems in studies (see se
tion 2.4) done on this�eld, that point out that there are problems in the language used that makeSMS hard to work with. Data from our SMS 
orpus have shown us that 10% ofevery message is made up from one word. This is observed in both SMS and IM(Baron, 2008). There are two major things that di�erentiate Twitter text fromSMS text. First, only 2% of Twitter are single worded messages. Se
ondly, thedistribution of number of tokens per message is di�erent. See the histogramsFigure 8 and Figure 9.Another 
on
lusion we 
an see is that the number of terms in our SMS 
orpusis an approximated exponential distribution (see Figure 8). The majority ofthe SMS is going to have few terms in them. We also looked at the 20 most
ommonly repeated terms, to see if they have any signi�
an
e. Unfortunatelywe 
an't say mu
h as the words didn't show any useful pattern.The se
ond question �What te
hnique 
an be used to extra
t trends from SMStext?� was a di�
ult question to answer as all the major servi
es that publishtrends keep their algorithms se
ret. So the answer to this question we need tolook on the third question �Do we need to develop the te
hnique? Or is thereany existing on SMS?�. As we didn't �nd any te
hnique we needed to developour own. So the te
hniques we tried out and worked, are the te
hnique that 
anbe used to �nd trends in SMS.We were only able to develop two working te
hniques. We 
alled them thedelta model and regression analysis model. The delta model was quite 
heap to
al
ulate and to implement. But didn't show as high pre
ision in the tests asthe regression analysis. So the 
on
lusion we have made about the te
hniquesare that regression analysis with the weight Score9 is the best and is what were
ommend to Sony Eri
sson and was the one we implemented in our prototype.On the last question �
an the te
hnique we �nd be s
aled and used in reallife?� we 
on
lude that our implementation handles large data sets very well.Our system handles the one week worst-
ase of 10 million messages just undera hour. If extra performan
e is desired it 
an be ar
hived by adding morema
hines to the 
luster, shown by the extrapolated speedup.
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10 Future workDuring the work on this Master's thesis we have found some areas that need tobe more resear
hed or more information is needed to be gathered.
• A large SMS 
orpus. As the are none, besides a fren
h with 30 000 mes-sages. But all the SMS language had been normalized.
• A synonym database with di�erent slang/names for 
orporation, pla
esand events.For our proje
t we need to �nd a better data storage for messages, so we do notneed to implement our own system. One possible solution might be to integratethe storage with Hadoop using Hbase.To enhan
e fun
tionality and imporove user experien
e lo
ation �ltering 
an beadded to the trends 
al
ulation, to display lo
ation dependent trends. Some
hanges to both the prototype need to be implemented for this.
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A PrototypeThis part des
ribes the prototype system we developed for Sony Eri
sson duringthe Master's thesis, like the system ar
hite
ture and how the di�erent 
ompo-nents 
ommuni
ate. Our implementation is property of Sony Eri
sson. Due todis
losure agreement we 
an not go in to details or provide 
ode.A.1 Introdu
tionTo 
olle
t messages from phones we have developed a prototype phone appli
a-tion that every parti
ipating user installs and runs. It runs on phones runningthe Android operating system developed by Google.Additionally we have a server that re
eives and saves messages 
olle
ted by thephone appli
ation. The 
lient 
ommuni
ates with it using a HTTP REST API.The server then inserts the messages into a MySQL database. The server iswritten as Java Servlet that runs in a Tom
at HTTP Servlet 
ontainer.

Figure 10: S
hemati
 overview over our prototype system.A.2 PhoneThe appli
ation 
onsists of three parts.
• A servi
e running in the ba
kground listens for 
hanges in the phone'sbuilt in SMS message storage. When something 
hanges, like when anew messages is sent or re
eived, the servi
e will noti
e and queue it (seese
tion 5) for upload to our server.32



• A a
tivity that downloads and displays trends as a list. The trends 
an be
li
ked on to bring up a number of options, for example sear
h the trendwith Google Sear
h or on Wikipedia.
• A widget that displays trends on the phone home s
reen like a i
on. It isupdated automati
ally every 20 minutes.

Figure 11: Widget on a home s
reen.A.3 Use-
asesTo get all the three parts to work together we have designed and implementeda list of use 
ases. Ea
h use 
ase is des
ribed below.A.3.1 Appli
ationCase 1 - Start the appli
ation.
• User starts the appli
ation from the appli
ation menu.
• Appli
ation starts and downloads the trends list.
• Trends list is displayed.
• Downloaded trends list is sent to the widget.
• Widget updates itself with the sent trends list.Case 2 - Failed download or no Internet 
onne
tion.
• User starts the appli
ation from the appli
ation menu.33



• Appli
ation starts and downloads the trends list.
• Appli
ation gets noti�ed that trends 
ouldn't be downloaded.
• A message is displayed �Failed to download trends� in the trends list.A.3.2 WidgetCase 3 - Widget starts up but failed download or no Internet 
onne
tion.
• Widget is initialized.
• Widget starts and downloads the trends list.
• Widget gets noti�ed that trends 
ouldn't be downloaded.
• Widget displays text �Loading trends...�.Case 4 - Cli
k widget.
• User 
li
ks on the widget.
• Appli
ation is started.
• Appli
ation gets the trends from the widget.
• Trends list is displayed.Case 5 - Widget update fails, but trends have been initialized.
• Widget is initialized.
• Widget starts and downloads the trends list.
• Widget gets noti�ed that trends 
ouldn't be downloaded.
• Widget shows the previous displayed trends.A.3.3 Servi
eCase 6 - New SMS are sent or re
eived on devi
e.
• The devi
e noti�es the servi
e that the SMS database has 
hanged.
• Servi
e 
he
ks if any new messages has been added sin
e last upload.
• Servi
e sends the new SMS to priva
y queue.
• After 15 minutes the queue tries to upload the SMS.
• If not su

essful the servi
e does nothing.Case 7 - Large amounts of SMS are being uploaded.
• The queue tries to upload more then 50 SMS.
• SMS are divided in to groups of 50 SMS ea
h.
• Groups are sent one by one, if one of them fail it is uploaded next time.
• Removes all su

essful uploaded SMS from the queue.34



A.4 Android SDKOur appli
ation has been developed for the Android 1.6 platform. This is alsothe version Sony Eri
sson bases their re
ently released and up
oming phoneson. But also that the majority of the other users have not 
hanged to the latestversion of 2.1 (see Figure 12). The program is forward 
ompatible as we followthe best pra
ti
es of Android development. It should be possible to port it toversion 1.5 if needed. This will in
rease 
ompatibility with older devi
es, thatstill have large market share.

Figure 12: Showing version segmentation (Android, 2010).Android patform Per
ent of devi
esAndroid 1.1 0.1%Android 1.5 37.2%Android 1.6 29.4%Android 2.0 0.3%Android 2.0.1 0.6%Android 2.1 32.4%Table 15: Showing Version segmentation (Android, 2010).A.5 Front endThe front end has two major fun
tions. The �rst one is to 
olle
t SMS send fromthe phone so they 
an be used to 
al
ulate trends. The se
ond one is to wait fortrends request and send the trends to the phone. These two fun
tions are usingthe JSON(JavaS
ript Obje
t Notation) to ex
hange data between ea
h other.JSON is a lightweight data-inter
hange format (JSON, 2010).The front end has several versions of the trend information being sent to thedevi
e. This was implemented so old versions of the phone appli
ation should35



work despite 
hanges in the format. The phone appli
ation in
ludes its 
urrentAPI version along with the request to retrieve trends. We 
urrently supportstwo API versions.
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