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1 Introduction

The problem of analysis of large amounts of information has
been solved 1o a good degree for the case of inlormation that
has a fixed struciure, such as databases, The methods of
statistical analysis of large databases are called data mining
{Fayyad er af.. 199 Han and Kamber, 20013, However, this
problem remains unsolved fos mon-sirectured information such
as unrestricted natural language texts,

Text mining has emerged as a new area of text processing
that atterprs i fill this gap {Febdman, 1999; Mladenic, 2000).
[t can be defined as duia mining applied wiexisal daa, e, as
discovery of new facts and world knowledge from farge
collections of texes that—unlike the peoblem of natural language
undersianding — do not explicitly contain the ksow ledge o be
dizcovered (Hearst, 19993, Naturally, the goals of text mming
are similar to those of data mining: for instance, it also atempts
tor uncowver trends. discover associations and detect deviatkons
in a farge set of texts. Text mining has alse adopted techniques
and methods of dota mining. e.z., sfatistical techniques and
machine learming npproaches.

We present a method for analyzing the collections of news
OppEAring N newspapers, newswires, or other mass media.
Analysis of news collections is an interesting challenge since
news reports have many characteristics different from the texes
i other domains. For instance, the news topics have a high
correlation with society interests and behavior, they are very
diverse and constanily changing. and alse inieract and
imfluence each other.

The methed we describe 15 adapted for these characieristics
of our domain. 1t uses simple smtistical representations for
the news reports (freguencies and probability distribations)
and statistical measures {the average or median, the standard
deviation, wd the correlation coefTicient) for the analysis and
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discovery of useful information (Glymour ef ., 1997} trend
analysis, deviation detectien, and discovery of ephemeral
nssociations betwesn news fopics.

The process of text mining 15 usually divided into two stages
{Ah-Hwoes Tan, 1900

. Preprocessing the documents, that 15, transforming them
imto a structured formal representation, Tor instance, a list
of keywords or topecs;

2 Driscovering interesting facts and new knowledpe, such
s trends, associations, and deviations, from the resulting
structured diata collection

The structured representations and thus the meihods wsed
in their processing vary significamtly from application to
application. In case of deep analvsis of text, the complex
structure of the data being analyieed forces the researchers 1o
simultaneously develop new methods specilic for the text
mining tasks (Montes=y-Uiomes ef al,, 20000, However, purely

topical analysis done at the word bevel allows a beller reuse of

the methods developed in frame of data mimimg (Feldiman &
Dagan, 1995; Feldman & Hirsh, [996; Feldman ef of,, 19%5;
Rajman & Besangon, 1998, Shian-Hua Lin eral., 1998, Lent et
al., 1997; Nahm and Mooney, 20065

In this paper, we follow the laner idea. As the sirsciured
representation of the contents of a news report, we wse a list
of kevwords or topics with their respective frequencies
(numbers of occurrences). Once the news reporis are
represented with such a list of wpics, we analvee them and
aftempt Lo discover some interesting facts, mainly trends,
associations, and deviations, that contribuie 10 a better
understanding of the sociery behavior and interests.

Trend analysis answers the guestions like: What is the
general trend of the society interests (news topics) between
the two periods? Is there a significant change in the pews
topics? Are the news fopics almost the same in these two
periods? What are the emerging or disappearing topics? What
topics did not change their importance” What topics have a
behavior significantly contrary o the general trend’

Ephemergl asseciation discovery focuses on the anilysis
of & very common phenemenon in news, that is, the influence
of the peak news topics on olher lopics. Here we iry o answer
the questions like: Which topics emerged along with the peak
togeie? Which topics were temporanily forgotten when the peak
topic appeared?

Dyrviarion defectiorn focuses on irmegularities. mainly on
detecting mews reports that differ from the typical case in their
topics, a5 well as on detecting the specific sources of news
flows — say, newspapers or newswires — thal differ in their
topic profiles from the majority of other such sowrces, Such
deviatioms can have interesting social implications. Mainly,
we are interested in answering the questions like: Which
newspaper did not mention on the front pege a topic that was

! abigee i d il ioha 1 fues hrimibiods i 0 bl sarsfad 10 @ gavksl mr lonpe dan 1k
wwid ) wplens gap diabil e dessiae’ Brrakiond by PR will Fe sddsl 10 fs prssrsd by e
i’ dovem iy

a front page news in other newspapers at the same place {city,
country) in the same time? Which newspaper did include a
subject that the other newspapers did not mention? Which
newspapers frequently exhibit sach special behavior?

In the rest of the paper, after introduction of the necessary
mathematical notions, we explain the meathods we suggest for
trend, nssociation, and deviation analvsis of the described
tvpes. Then, we illusirote each of these methods with real-
world examples. and finally formulate our conclhusions,

2 Construction of Probability
Distributions

Given a collectim ol fews rpors Lwheﬁl,'r:'m‘hdi.ﬁg L &difie
time span of ierest, we construct a structured representation
of each news report, This representation consisis of the
information on s source, date, author, etc., and a Tormal
represenlation ol i contents,

For the latier, we redoce the fext to a list of keywords, or
topics, In our experinsents, we used a method similar o one
proposed by Ciay and Crofl (19900, where the topics are related
1o noun strings, We apply a set of hewristic rules specific for
Spanish and based on proximicy of words that allow idemifyving
and extraciing phrases, These rules are driven by the
ocgurrence of articles and the preposition de ("ol } along with
s OF proper tames, some morphological inflection patterms
(tvpical endings of nouns and verbs) are also taken into
account, For instance, given the following paragraph, the
algorithm selects the highlighted words as keywaords:

“frdugore Pimentel ascgurd que estas demamnday se
resolyverin en un plieze no mavor de 30 dias ¥ que sin duda

In el frferpuiesta por ¢l PRI se anexard o la gue

presentt ¢l Partide Acclde Naciomal !

Once this is done, a frequency f, is assigned to each topic

discussed in the period of interest. It s calculated as the
number of the news reports in the peried ¢ that mentéon the
Togeic &

Then, using these frequencies of the topics. a probability
distribution [} ={p,  of the news topecs in the period s

constructed, whers ﬂ; expresses the probability of ocgumence
of the tepic & in the period i

_ A
2/

Here, o 15 the number of topics eited in the whole period L
In practice, each distribation [ is built as a sparse vector, i.e,,

fei
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as a list of pairs (fopic, |l'}‘I } with only the topics actually

mentioned in that period (e, p; # 0) being physically
imchaded i the list, see Tahle | below. For technical reasons,
before any calculsiions, two operutions are performed on these
lists: filering and merging.

Filterima. Such lists are usually very lorge. To fiocus our
analysis in the main society interests, the topics nod significent
for the analysis — those describing the noise of one-fime events
and ned clearly related to the main interesis of socizty — pre
remisvedd Mrom the Hsts, so that the lists include only e topics

such that f' > f for some threshold 6 that specifies the
mimimum frequeency for a topic to be comsidered interesting;
5 valae is determined empirically.

Mergivr. Before any comparisen, the lists are merged 1o

describe the spme topics (1o have the same length). This s
achieved by adding (with zero values) to each list the topics

present in the other list: 0= {(ropic . p] 11 p) = 0or

plo# 0] Now that the new lists 1Y and I, have the same
lengrih, these lsis technically can be opersted upon in the

Tormulas Fike (1) below as wsmal veciors rather than sparse
vectors, ignarng the first member fopeic in each pair

Once this aperation s done, the li.'l'|1'Il.! probabilities are re-

normalized so that the new values of ;. give .

2o m=2, m=1
3 Comparison and Trend Analysis

The main goal of trend analkysis is to study the behavier of the
sochety interests, Le., determining if they change or remain
considerably stoble from one period (0 another.  Since the
behavior of only one of them is nof always a pood sign of their
general behavior, we use 0 method that considers all society
inteTest gt @ certmin time, in order to detect their peneral trend.
The method we use 15 3 genersl method for comparing two
news collections: two news sources, the nevspapers from
two geographic places, etc. We apply it to comparing the news
collections covering twa different periods of time, which gives
s therr temporal trend

Following this idea. we divide the trend analbysis task in two
ones: general trend discovery and identification of the topics
{lactors) that contribute to this trend. Trend discovery
attempts 1o determime if the society interests are noticeably
different of simikar between two tme spans.” Since we represend
sociely inferests for a given pertod as the set of all news topics

mendioned init, we uneover a tremd in the society interests by
determining if the sets of news wpics present s considerable
change or almost remain siable between the two periods

Onee a trend is uncoverad, il is important (o determing which
topics contributed most significantly to the trend. In case of
a change trend, it is important o discover the main sources of
the change, for instance, the topics with the highest change
rates. | case of stability trends, i1 is important o identily the
stability factors, for instance. those of the most actively
discussed topics that remained without significant change,

Additionally, we detect some topic deviations, that is, some
tispies hivwmyg o behavior significantly contrary to the general
bremad,

3.1 Comparison. Trend Discovery

We discover trends by comparing the probability disiributions
O = | p; 1 ofthe news topics for two given periods® = 1, 2.
Probabilivy disieibanions kad been wsed for the same porpose
i Febdman & Dagan, 1995 Lenter ad, 1997} but with a different

similarity measure. e.g. Feldman & Dagan {19%95) wsad 1he
relative entropy mecasure { K L-distance |

Since the KL-distance 15 not symmetric while we are
interested i the change regardless of the direction and a
reference information source, we use a different comparison
measure £ for twe distributions: the quotient of the change
wres and thie masimisl area, see Figore |, This measure reflects
an overall irend since we focused on general society inlerests,
11 cliwas ol measures gadividual proportions of change ol esch
individual factor

A
N change coefficien, whens

A= El..l’J

A, = inm-‘i.ﬂh rl

d=p-n

change arca

maximal area

individual topic change )

If the chonge coefficient between two probability
distributions is grester than some wser-specified threshold ¥,
i, O =y then there exists a global change trend between
the two given perieds: it C <y, then there exists a stabiliey
trend. iz, there is no significant differences between the two
perads. The typical numericol values for vser-defined
parameters such as ¥ wre given in Section 6.

B o Tes ADEICE . pererEpder ST Wk



M. Mantes v Gomes, & Gelbukh, & Lopaz L Mining the News: Trends, Associations, and Deviations

o [heeribudmom [
Livpric;
Chonge arca
- 1__1
B i i
| |
| I
!
|
topic,

Dmsinbution Dy r——
I | |
=i I
- i i
i I
T |
| 1 1
! 1 i
hape,
Madima] area —
n I 1
==
| I
='
I =
fogi,

Figirre 1. The comparison method

3.2 Identification of Change Factors

A global chamge tremd s caused essentially by abrupt changes
-ﬂ' of some individual topics; see (1) above, These changing
tn]:lu:! are what we call change factors. We define them as the
topics with a change noficeably greater thanthe tvpical change.

Les r.-l'# be a “typical” value of o, (see below)and &, bea
measure of the “width”™ of the distribution, Then the topics
rnpr'.,-. for which o, >d  + {'f-‘ht d_ } are identified as a

change Factors. The tuning constant O determines the criterion
used to identify an mdivadual change as noticeable

There are different ways (o define the “typical” value .-..n’Ju

and the "“width” measure o . The most straightforward way

is to define them as the average and standard deviation,
carresponding |y

average change
slandard deviaten of the chanpe

Anather way 15 1o define them as a median and the first

moment E[ o, — ﬁ'“ ] relative tothe median, correspondingly

(Cramir, 1999), 11}
X = m:.n. {.r such that .121:!'* =

I i

o
::Z.. }
xz_mux{xhuchlhal Zd, > Zﬁ"}}

iy w3 J.-.l

then medinn and the first moment £] .r.l"I —d" ] relative o
the medsan are defined as:

X +X

d = ’2 z medianchange
d, = .E'[rj —d, I Zn’ —d_,  momentrelativeto median

The median can be casily compited by ordering the values
and then summing them sturting from the greatest values ontil
half the total sum is reached.

The first method — average and standard devintion = has a
¢lear misthematical meaning’ and is more infuitive in e sense
that the en wsers can easier interpret the results and easéer
adjust the parameter £ On the other hand, this method s too
sensible 1o the threshold /7 used for filtering the data {ses
Section 2), ITthe value of the threshald is low, the great number
of topies with near-zero probabilities will greatly affect the
resulis.

With such very unbalanced distributions that have a great
number of near-sero elements, median works better than
average, singe it s not alfected by zero probability elements,
however great their number. On the other hand, it is more
expensive computationally and Bess muitive for the end users.

Choosing berween these two methods needs further
investigation and probably depends on the specific task.

3.3 Identification of Stability Factors

Generally speaking. a stability frend is produced by all topics,
but the most discussed topics are those contributing more
signiticantly to produce this trend. As the important stability
factors, we select the topics that remain almost stable and
maintain significant level of importance in both periods. Thus,

! Trr Cbcbpbey ikearem simes Bm @ femi =108 poereige of e dein Gl iee b ussdeed
dnlllr\rllru'lilrm": CULE ] Ll:p:rn:ldll- e BEFE cetarn ped vhat o gesd el o
Emby i Pombly b da & LT T dome il | el rpdd R gl

)



M. Kontes y Gomes, & Geloukh, A Ldpez L. Mining the News: Trends, Associations, and Deviations

E rd:l,|:I|‘n':|I is a stability factor if o, <d -{FK E-',,} and

F‘;'-:"FL for both perieds 7= 1, 2

determines the criterion to identify an individual topic as

Here, the constent O

sufficiently stable (a typical value of Cis 1} and -I':',Ir is the
average probability of the topics in the period § defined as:

27
i =

Fllr ~
where # is the number of fopics mentioned in the period £

Again, here for p, , the median can be used since it is not

affected by the noise of the numerous topecs with very low
frequency. As we have mentioned above, the tssue of choosimg
one of these variants needs further mvestigation

3.4 Topic Deviations

The trend of socicty interests indicates the general behavior
of the news topics for the two periods. A topie having a
behavior significantly contrary to this general behavior s a
news topic deviation.

Then, when there is a stability frend in the societly interests,
i news topic & can be considered a deviation if: (1}its change
F [ i

Iwverse Relation

Anuther topic

was noticeably greater than the typical {average or median)

change. ic, o, >d, + (Cxd_}and(2) there would exist
a change trend if all fopics had the chonge magnitude -ee".

ie.md, A, )>¥ .

When there is a change trend, a news topic & can be
considered a devintion (6 (1) it remains almost constant in the
two periods, that is, its change is considerably less than the

typical change (ie.d, <d, - {'f.' e if,] 1 and {2} there
would exist o stability trend if afl topics had the change
magnitude r.l'.. i, {_-I'J':'f. AL }{ ¥

In addizion, when there (s more than one topic deviation,
we mark as the most Impostant those ones that have significant
level of importance in both periods, that is, those satisfying

the condition f; > 2 for both periods (= 1, 2,

4 Ephemeral Association
Discovery

A usual phenomenon in news is the influsnce of a peak news
Togic, be., & topic with one-mme short-lerm peak of frequendy.
ower the other news topics. This influence shows itself in twao

Peak topx:

L 3

Direct Relation

Figure 2. Ephemernl nssociniions betwos news Hipics

different forms: the peak topic induces some topics o emerge
or become impoertant along with it, and the others 10 be
mpaentarily forgotien,

This kind of influences (time relations) is whot we call
ephemeral associations.' An ephemeral association can be
viewed ag a direct or inverse relation between the probability
distributions of the given lopics over a fixed time span. Figure
2 jllustrates theee ideas and shows an inverse and a direct
ephemeral association occurring between Two news fopics, A
direct ephemeral nssociation indicates that the peak topic
probably caused the momentary arising of the other topic,
while an imverse ephemeral association suggests that the peak
topic probably produces the momentary oblivion of the other
hews Lopic.

F ]

The statistical method we use to detect this ephemeral
assaciztion is the correluzion measure F (Freund and Walpoke,
00}, expressed a5

% 'I";III
L
[ II!' - I‘H’ " :
Sy 'E{P;Irl}_szFJ EI,F.-]-
Iu inl R}
kd=0.1.
i Thym imil pf dowaeld Jawn i hiTersat from ibe masiwiees ol (ke oo 5 os §F, beonna oy sai aely

ndicaie e co-cyiipeid of cercareees of oea epiee v g we ol lepies ©AbewercPdeka, 1665
Foajimai & Bemangon. R0 Febbvas & 1Wigh, (9% e mamly isdraic ks b e Do i W
il vt 0 Tocsad nores: el
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Here p, is the probability of the peak topic and py of
the other topic in the period /,

The correlation coefficient r measures how well o
variables are related 1o each other,” It takes values between -
| and |, where -1 indicates that there exisis an exact inverse
relation between the two variables (news lopics in this case);
| indicates the exigtence of an exact direct relation between
the variahbes and 0 the absence of any relation at all

Thus, if the correlation coefficient between the peak topic
and other news topic is greater than a user-specificd threshold

M, thigt s, of & 2 08, then there exists an ohservable direct

ephemeral association between the topics. Moseaver, if 1the
coqrelation coafficient is less than the threshold <. that i, if

r =0 | then there exists an foverse ephemeral associntion
between the 1opics

There nre two reasons for introducing the user-specified
threshold w: first, 1o soften the criterion so that we can
approxnmate the way a human visually detects the assocation,
and second, 10 fake care of the relatively amall data scis moour
application: since we have few data, one or two cutliers greatly
affect the value of the correlation coefficient,

There is an mteresting issue in the interpretation of inverse
ephemeral relations between the topics: they 'can indicate either
real-workd changes in the corresponding activitics (when &
war begins, there is less activity in football)y or just the effect
of limited capacity of the news medin (during the election
campaign, the newspapers just do not have place on their
front pages for football-related reporis). See the corresponding
discussion In (Montes-y-Gomez ef al, 2000}, where the
difference between the obsarvable (as is described here) and
the real-world pssociations is discussed and incorporated in
the method.

5 Deviation Detection

The detection of devintions in huge collections of data is an
imporant, but difficule task. It aims ot discovering irregular
elements in a great amount of data.

In data mining and iext mining. detection of deviations is
defined as the discovery of something out of the norm, ic..
the detection of anomalous instances that do not fit into the
stondard case or cases (Knorr ef al, 20005 Aming ef al., 190%6:;
Feldman & Dagon, 995, In many cases, this norm has been a
representation of the average element. For mstance, Feldman
and Dagan (Feldman & Dagan, 1995 consider o fopic o bea
deviation if this topic has a probability distribution
significantly different from the average probabiliy
distributions of its sithlings {similar topics, 1.e. leafs of the
same node in o hierarchy ),

Following this strategy, we have designed a method for
detecting irregular news sources (collection of news, eg.,

newspapers). Wedefine o deviation source as one that & (Ters
in their topic profike frem the other news sources. In particular,
we determine that o newspaper is a deviafion if it has a
noticeable difference in one topic with respect 1o the average
of the newspapers in hand. That is, i we have a se1 of

newspapers & = {n, E and represent each one of them as o

probability distribution,® <, =§J:’:r' , where p" i the
probability of occurrence of the 1opic & in the newspaper #,
P express the average probability for the topic & in all

newspapers, and p the standard deviation for the same

ropic, then the newspaper 15 a deviation i for some 1opics
l‘:. N

Py =pi | >Cx py

Here again, the user-specified constant © determines the
criterion 1o identify an individual probakility as noticeably
diffierent from the others,

Another eriterion for detecting deviations consistis in
detecting the elements in the collection unique with respect ta
some property, which in our case is the fuct that they do or do
not mention some topic. This criterion tends to give more
restricted results, and the deviations found tend to be more
interesting.

Apccording to this criterion, a newspaper is a deviation if it
differs from the rest of the newspapers in one of the topics.
Forinstance, a newspager is a deviation if it, say, mentions al
the front page o topic that the other newspapers do not, or if it
does net mention something that is mentioned by all the rest
of the newspapers,

Thus, given aset of newspapers N = [, | and representing
each one of them as a list of keywords or topics,
i, = {.rul.lil.l'-r.'* } we call the newspaper # o devintion if any
one of the following holds: i

[. 1 mentions i topic thal none of 1he ather newspapers
does,

3 tapic | : |[.rnpf1'l EH, }n [mpa’ul € U ul}

LR

2 It does ned mention & wopic that all ether newspapers do,

Jtopic, '.L’upnir.‘l € }n(mpe'rl (= ﬂnr]
L Iz

“The il | et an ol 1 ool i oIl w e Bl s e peeceniags of tha vanem
i e b of Ok al T sdibabies st pan b da platiod s /e ral@iss with e ihar secakla
Thrie @ iibalum iofopsi the save i ol acas wpes  Thsiriam, & probebd |y

pi owil
rubuiwic th i it d mii fid o] B Ber ot i
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& Topics . |
% ‘ i Pi Fi d,

I Hancoes (Banks) 7 4 0212 0125 0087
2 Meta inflacionaria (inflationary goal) 3 0 09 0090
A Politica monetaria (Monetary policy) 4 4 (121 125 R
4 Ajuste Fiscal (Fiscal adjustment) 2 i 0060 0 0.0
5 fegflacitan (Inflation} 4 0 0.3 0 N )
b Unide mowetaria (Monetary union) 2 (1] no6a0 0 0, (0
T Tara de interds (Interest rate) 3 B D0R0 DIR0 Fed
& Paolivica fiscal (Fiscal policy) 2 i s N .0
9 Economias asidicay (Asian economies) I I 0030 0031 .
10 Brasil {Bricail} I 4 030 D125 0.095
11 Economis macional {National economy | 2 i 000 003 029
12 Cambio de moneda (Change of currency ) 0 0 0w 0.094
13 Bolyva de valores (Stock market) 2 2 (06 02 s
14 Crivis fincwrciera ( Financial erisis) 0 2 il ih, (2 0062
L1 2 i 062 0.062

15 Mercade financiero (Financial market)

Tehbe | [dta Far the trend analysis

6 Experimental Results
6.1 Trend Analysis

A% an example, let us consider the cconomic news from £/
Universal,” a Mexican newspaper, for the last week of January
and for the first week of February of 1999, Therc are 47 different
topics in these two weeks, but afler merging and filtering { see
Section 2) we get only 15 wopics (# = | was used). Table |
shows these topics and their probabilities.

For this collection, 4 = LOIT, 4 = 1,304, and O = 0676,
Lising , we conclude that there is a glibal change trend between
these periods.

Simce d = 00678 and o = 0.048 for the piven topic sl using -
I, the chasige [actor ducoVered are; inflailon ns 0 disappearing topie.
nns itereEl Fale RS AR EMCTRing boqee.

We can detect that the news topics mometary palicy, Axian
economies, and stock marker are deviations, the most
impartant deviation being the topic monetary policy. This is
because i almost remained constant, d = 0.004, while at the
same time it was an imporant topic in both periods (jts
probabilities were greater than the average probabilities in
both periods),

6.2 Ephemeral Association Discovery

As another example, let us consider the national news from
the Mexican newspaper E! Universal for the ten doys
surrounding the visit of Pope John Paul 11 o Mexico Ciry, Le.
from January 20 to 29 of 1999, The topic viriof Pape is 1 peak
opic in this period,

“ip Mvwer plurevanal ooae e
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We detect two interesting ephemeral associations. A direct
association hobds between the peak topic and the topic Virgin
af Cnadalype,® with o correlation coefficient » = 0.050 for the
period between January 23 and January 25 (stay of the Pope in
Mexicol, and r= 0,7 1% for the period between the 20 and 29 of
January, Also, there is an inverse associntion between the
peak togic and the topic Rmil Salimes (brother of the Mexican
ex-president, Carlos Salinas de Gortari, senmtenced in those
days}, with a comrelation coefficient r=— 0.T03 between the 22
and 26 of January {peniod covering the visit of Pope and the
sentencing of Radl Salinas),

The direct association betwesn the peak topic and the wple
Virgin of Clucckalue indicotes that probably the topic Virgin
of Guadalupe became important because of the influence of
the peak topic, while the mverse association reveals a possible
influence of the peak topic over the topic Mol Salinay, s
indicates that the visit of Pope might have caused the ablivien
of the sentencing of Raol Salinas. Figure 3 illustrates these
cphemeral associations

6.3 Deviation Detection

A5 vet another example, let us consider the first-page news
from four Mexican newspapers, EV Universad, £f Excelsior,
El Fivernedera'”, and Livoiredi Do, correspondmg to the 4 of
Oictober of 1999, Table 2 lists the main topics for each one of
these newspapers in this period.

“ 8 Wenrar mei whene ievple e o vkl
Frip e et com ma
* bty (rwere Sy m1ooem o
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The following newspapers are deviations: £/ Lniversal,
since it did not mention the topic UNAM (acronyms of the

Mational Autonomous University of Mexico)'', and
LinewcsUno since it did ned mention the topics credity and
Fax'd,

Mewspapers Topics

El Excelsior Abiorzo (Alliance), corpoia (campaignh, cordicdare (candudate), Colosto, conflicie (con-
flict). crddito (oredith, efeccicn (election ), FOBAPROA, For, Modvuzo, narcalndfico
(narcedics), OV pariskr (striker), PRO. PRI, reformr (reform), Salinas, seferimia
(sovereigniy), UNAM vodoe (vodle).

El Universal Acapwico, banco (bank), crddite (credit), eleccidn (election), FOBAMROA, For, Mircdrea-

zo, PRD, PRI, secnwesiro (Kidnappingh, wiolencia (viokence), voro (volc).

El Financiern

Alianza { Alliance), hawco (hank), Bl compo (countryside), CGH, conflicto {eonflict).

crddito (credith, Fox, parisi (striker), PAN, PRO, presipeesio (budget estimate), pro-
puexta (proposal), seclor agropecuario {agriculture industry), UNAM

{fnmdsUiho

Acapdon, arociaciones religiosas (religios associations), candidato (condidute), decos-

tre (disaster), globalizacicn (glebalization), Crerreeo, imperiaciones (importations],
inflacién (inflation), tncremento (increment), Japda {Japan), Labastida, ONUL PRI,

presugaiesio (budget estimate), PRI, UNAL

Table 2. Dals for dey iation detection

Topics like UNAM and Fox seem to be the hot topics for
that period, which is the reason for almost every newspaper 10
mention them. However, the topic crediis is a possible
interesting deviation since it is not a hot topic in the larger
period," but seems 1o be an important news topic thit day,
Then we can ask ourselves: What happened with creoios
{credits)? And also, why the newspaper UnoamdsLime did not
mention it7?

Probability (%)
8

—¢— Visit of Pope
—@— Rail Salras
e \irggry of Guadalups | 0

All mewspapers have their own style: some prefer economis
news (£l Financiern, for instiance), and others used o fill
their fronl page with news coming from all sections. This couses
many news reports (o appear at the front page of only one
newspaper: in spite of this, sometimes the topics appearing in
only one of the newspapers are interesting deviations,

In our example there are, among some others, the following
pewspaper deviations,

123 24 2%

553 17.4 143261, 304 214162 231/714 0
GE5 434714 13 (434714908 0 0 |20
o olees13 794 00 olo0]

Days

Figume ¥, Analysis of the peak wpic §iser af Mape
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El Excelsior mentioned topics like Salinas and narcorics;
UnomdsUno discussed Lobasiida®, With this, we may xsk
ourselves: Is there a new fact in the Safinas case? Why other
newspapers did not mention 17 Why Labastice appears in
the first page of Unomdsting, and the other newspapers did
not mention him®

7  Conclusions and Future Work

Mews reports are an important source of information about
gociety, Their wnalyvsis allows to better understand 1s current
interests and to measure the social importance of many events
In this paper, we presented a method for automated analysis
of news topics. This method includes some of the basic
functions of text mining: trend analysis, association discovery,
and devistion detection.

Im contrast with other 1ext mining methods, our method is
domain independent, This is an important characteristic for
any methed emploved in the analysis of news repons.

We used only steaight statistical messures in the discovering
procedure, such as average, standard deviation, and
coarelation coefficient.

Some interesting features af our method are:

e We consider not only general change trends, bt also
stability trends. Other methods discover change trends
(Lent er af., 1997, Feldman & Dagan, 1995, bl do nol
consider stability trends because in domains other than
news, stability is nod an impostant state

= We detect not only general trends, but also their factors
(L.e. topics confributing in these trends).

& We discover not only associations indicating co-existence
of topics (associations of the form 4 = 8), but alse
ass0cislions expressing time relations between topics.

& We detect not anly irregular topics. but also irregular
collections (in this case, newspapers); for instance,
newspapers that did not mention something considered
imporiant by many athers,

Fially, it 15 important to point out that such discovery of
facts from news reports (trends, associations and deviations )
helps 1o interpret the social importance of news topics. In
addition, it allows finding some parameiers for an improved
characterization of news reports ond of society interests.

Ak future work we plan to fogus on the following twoe tasks;

*  Improve the extraction of the news topies, Herg, we plon
to wse recent information extraction and text calegorizition
techniques (Gelbukh e al, [999),

* Prewpaudnbie bo | bo couniry prewdrecy of PR Cnnsens Rerabaiseey Fami

TF

*  Increase the kind of the analysis operations, We plan 1o
design & method for the concepiual chestering of the news
reports, and 1 use this clustering in the constrection of a
news summary.  Additionally, we plan 1o study the
classification Favorable and unfavorable news {Garcia-
Mienier, | 9498).
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