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ABSTRACT

Towards computational journalism, we presemttWatcher, a sys-
tem that helps journalists identify data-backed, attensieizing
facts which serve as leads to news storiesctWatcher discov-
ers three types of facts, including situational facts, ofithe-few
facts, and prominent streaks, through a unified suite of miaidel,
algorithm framework, and fact ranking measure. Given areagp
only database, upon the arrival of a new tujlestWatcher mon-
itors if the tuple triggers any new facts. Its algorithms céfint-
ly search for facts without exhaustively testing all poksibnes.
Furthermore FactWatcher provides multiple features in striving
for an end-to-end system, including fact ranking, facstatement
translation and keyword-based fact search.

1. MOTIVATION
Computational journalism [1} [2] is a young field that assists
journalism using computing. One of its objectives is to firva
leads backed up by hard, factual data. In the last severed yaar
research in this thrust has been focused on automatic aadthig
mic fact finding by database and data mining techniques![&, 5,
6. Specifically, we studied how to monitor three types otgabat
can be expressed as the following factual statements:
Situational fact [4] “The social world’s most viral photo ever
generated 3.5 million likes, 170,000 comments and 460,886es
by Wednesday afternoon.htfp://www.cnbc.com/id/49728455A sit-
uational fact is about aontextual skyline object within a certain
context (e.g., all photos posted to Facebook) with regasgteral
measures (e.g., number of “likes”, number of “comments’d an
number of “shares”), i.e., the object is rdaminated by any object
in the context when they are compared by the measures.
One-of-the-few[5] “Victor Oladipo scored 30 points and hand-
ed out 14 assists ... only three other rookies have recordedst
30 points and 14 assists in a game .hitd://espn.go.com/espn/elias?
date=2014022p This statement is about a one-of-the-four object,
which is only dominated by at most three other objects.
Prominent streak [3,16] “This month the Chinese capital has
experienced 10 days with a maximum temperature in aroun@-35 d
grees Celsius—the most for the month of July in a decadeg:{
www.chinadaily.com.cn/china/2010-07/27/contdi055675. htrhA promi-
nent streak is a long consecutive subsequence (e.g., 10afays

This work is licensed under the Creatve Commons Attributio
NonCommercial-NoDerivs 3.0 Unported License. To view aycopthis
license, visit http://creativecommons.org/licensesibynd/3.0/.  Obtain
permission prior to any use beyond those covered by thes&e@ontact
copyright holder by emailing info@vldb.org. Articles frothis volume
were invited to present their results at the 40th Intermati€onference on
Very Large Data Bases, September 1st - 5th 2014, Hangzhawa Ch
Proceedings of the VLDB Endowment, Vol. 7, No. 13

Copyright 2014 VLDB Endowment 2150-8097/14/08.

id player| team pts|reb
t1|Larmar|Clippers|...| 12| 9 |...
t2|Larmar|Clippers|...| 8 | 11 |...

[> Algorithms
<

ional Facts |(<*,*,DAL> {pts,reb})
One-of-the-Few (<Jordan,**>, {pts, reb})

Prominent Streaks|(<Jordan,**>, {pts}’

17| House | Heal |...| 8 | 6 [...
[t8|Larmar| Clippers|...| 10 | 11 |...

Rules & T

Situational Facts

No other player scored more pts and reb against DAL than Jordan
One-of-the-Few

Jordan scored 10 pts & 10 reb. Only 3 others have similar performance
Prominent Streaks

Jordan scored 8+ pts in 5 consecutive games

L

& User
Figure 1: FactWatcher System Architecture
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temperature) consisting of only large (small) values (@ljabove
a value close to 35 degrees) within a sequence of valuesdaily.
maximum temperature of Beijing).

Automatic fact finding is helpful in multiple news domains, a
factual statements similar to the above ones can be foumd fro
not only social media, sports and weather data, but alsaireaim
records, government records and stock data. Several mare-ex
ples are 1) situational fact: “There were 35 DUI arrests a@d 2
collisions in city C yesterday, the first time in 2013.” 2) eole
the-few: “Rick Perry is one of the only three candidates ie th
2012 US federal election cycle to have received at least 600
from ‘lawyers & lobbyists’ (an interest group that is usygtiro-
Democrat) and $400k from ‘energy & natural resources’ (lisua
ly pro-Republican).” and 3) prominent streak: “The Nikke&d52
closed below 10000 for the 12th consecutive week, the |drsgeh
streak since June 2009.”

This paper demonstrat€actWatcher, a system for automated
monitoring of the aforementioned three types of facts. i
illustrates the components BictWatcher. Given an ever-growing
database, upon the arrival of a new tuglBactWatcher checks ift
triggers any new situational facts, one-of-the-few faats] promi-
nent streaks. It is impossible (especially with a manuateggh)
to exhaustively check all possible facts upon the arrivagwdry
new tuple in a large database, due to the large search sphee. T
systematic and efficient algorithms lactWatcher thus enable a
practical tool that assists journalists in identifying sawerthy sto-
ries. This is particularly valuable when we consider theidishing
readership and resources that traditional news mediairsgfac

FactWatcher is an integrated system beyond the piecemeal al-
gorithms in [3,[5, 4] 6]. It incorporates all three types oftfa
into a unified suite of data model, algorithm framework and fa


http://www.cnbc.com/id/49728455
http://espn.go.com/espn/elias?date=20140222
http://espn.go.com/espn/elias?date=20140222
http://www.chinadaily.com.cn/china/2010-07/27/content_11055675.htm
http://www.chinadaily.com.cn/china/2010-07/27/content_11055675.htm

id player team oppositionteam || pts | ast | reb
ty Lamar Odom | Clippers Nets 12 9 13
to Lamar Odom | Clippers Lakers 8 11 6
ts Lamar Odom | Clippers Lakers 9 9 7
ty Eddie House Heat Nets 9 7 8
ts Lamar Odom Heat Nets 10 | 11 | 12
te Eddie House | Clippers Nets 10 | 11 | 10
tr Eddie House Heat W zards 8 6 9
[ ts ][ Lamar Odom [ Clippers | Lakers [1I071I1] 11

Table 1: A Data Tablefor the Running Example

ranking measure. It enables monitoring one-of-the-fewisfac
all different subspaces of dimension and measure attsbuteich
was not considered in|[5]. It also supports a novel measure fo
ranking all types of facts by the elapsed time since theidaspa-
rable facts were discovered. FurthermdfectWatcher provides
multiple features in striving for an end-to-end system. Bjng
rules and templates, the discovered facts are translatieteixtual
news leads and presented to users; it allows users to custahd
system by choosing which attributes in the database to densi
and which measures to employ in ranking facts; it also suppor
keyword-based search of facts.

2. CONCEPTS

Consider an append-only tabl&D; M), whereD={d, ..., dx}
is a set ofdimension attributesand M = {m1,...,mq} is a set
of measure attributes. A constraint C' is a conjunctive expression
of the formdi=viA ... A dn=v, (also written aguv1, va, ..., vn)
for simplicity), wherev; edom(d;)U{*} anddom(d;) is the value
domain of dimension attribut& . The set of all possible constraints
is denotedC. Given a constrain€' € C, o¢(R) is the relational
algebra expression that chooses all tupleR ithat satisfyC'.

Given ameasure subspace M CM and two tuplest,t’'eR, ¢
dominates ¢’ with respect toM, denoted byt>art’ or ' <ast,
if ¢ is not worse thart’ on any measure attribute i/ andt is
better thant’ on at least one measure attribute. Bgt(R,t) de-
note the number of tuples iR that dominatet with regard to
M. The k-skyband (k>1) of R in M, denoted)\’,(R), is the
set of tuples inR dominated by fewer thak other tuples, i.e.,
My (R)={tcR | $m(R,t)<k}. Thel-skyband 4}, (R), or sim-
ply Aa(R)) is known as theskyline of R. Given a user-specified
thresholdr > 1, thetop-r skyband of R in M, denotedr;(R),
is the k-skyband wherd=max{k | 7 > |\%,(R)|}, i.e., k is the
largest such integer that tteskyband has no more thantuples.
(For rigor, we say\, (R)=0.)

When a new tuplé is appended td?, FactWatcher discovers
three types of interesting facts abaugs follows.

Situational fact FactWatcher finds S'={(C, M) | CeC, M
C M, teln(oc(R))}—the set of constraint-measure pdi€s M)
such that is in the correspondingontextual skyline, i.e., the sky-
line of those objects satisfying' with regard toM. Consider
Table[1, whereD={player, team, opposition team} and M={pts,
ast, reb}. The last appended tupie belongs to the contextual sky-
lines for several constraint-measure pairs, includitig*, Lakers),
{pts, ast}) and({Lamar Odom, Clippers, *), {ast}).

One-of-the-few FactWatcher discovers™ ={(C, M) | C €C,
MCM, tery (oc(R)) }—the set of such constraint-measure pairs
(C,M) thatt is in the corresponding top-skyband. Consider
Table[d again. For constraint-measure gairamar Odom, *, *),
{pts, reb}), the skyline2-skyband an@-skyband ardt,}, {t1,¢5}
and{ti,ts,ts}, respectively. Henceg belongs to the top-sky-
band but not the top-skyband of this constraint-measure pair.

Prominent streak Given a set of object identification attributes
ICD,G={IUS | Sc2P~} defines all considered ways of group-
ing tuples. In TablEl1, if ={player }, thenG={{player}, {player,

team}, {player, opposition team}, {player, team, opposition team} }.
Given grouping attribute&’€g, the corresponding group-by and
aggregation operation is denoteel; v¢(R). seq is an aggregate
function that, for each distinct valyeof G (i.e., a group), produces
anordered sequence Py=t., ...te, consisting of all tuples in the
group, i.e.V1<i<u, t.,[G]=g. The tuples are ordered by their
unique timestamps~¥4 <i<j<u, t., was inserted intd? before
te;s i.e., the real-world event far., happened before that fog]..

A streak s in a sequencé; =t., . .. t., iSany consecutive sub-
sequence,, . ..t... We uses.len to denote the length of (i.e.,
r—I[+1). We uses.v to denote the vector containing the minimal
value ins on every measure attribute, i.e.y=(min;<;<rte, [m1],

., ming<; <, te;[myq]), where{ms, ..., mq} forms the set of all
measure attributed. Given a set of streak§ and a measure
subspacelf C M, seS is prominent if s is not dominated by any
other streak (i.es is a skyline streak irt), where thedominance
relation is based on streaks’ lengths and the projectiortheif
minimal value vectors on\/. Hence, we USE\(jcnyun(S) tO
denote the set of all prominent streaksSinvith regard to)/.

Upon arrival of the latest tuplg FactWatcher discoversP’=
{(G, M) | Geg, MCM, 3 SEA{len}uM/(s(Pt[G])) S.t.s=... t},
whereS(Py¢)) denotes the set of all streaks in sequeRge;. In
other words, with regard t& and M, the arrival oft establishes
one or more new prominent streaks that end.atSuppose the
tuples in Tabl€1l are ordered by their ids. Consifteq player},
G={player, team} and groupg for player=Lamar Odom, team
= Clippers. Before arrival ofts, Py=tits2t3 and thusS(Py)=
{t1,t2,ts, tita, tats, t1tats}. The prominent streaks with regard
to M:{pts, ast} are)\{lenyptsyast} (S(Pg)):{t1, to, t1t2t3}. Note
that steaks=t1t2 (s.len=2, s.0=(8,9)) is not prominent because
it is dominated by streak =t1tot5 (s'.len=3, s’'.0=(8,9)). Upon
arrival ofts, P, = t1t2tsts, and the prominent streak;c., pts,ast}
(S(Py)) become{ti, ts, titatsts}. There are more than one new
prominent streaks ending &, corresponding to facts related#g

3. USERINTERFACE

Figure[2 shows actWatcher's customized GUI for NBA (Na-
tional Basketball Association) data, where new tuples-ygis s-
tatistics in individual games—come into the database whgsmae
is over. The GUI's structure is dataset-agnostic as longhas t
data table is modeled bfz(D; M) as given in Sectiof]2. For
instance, for data analytics of a social network servicgpeae
the dimension attributes arB={user age, user city, post type,
timestamp} and the measure attributes aké={number of likes,
number of comments, number of shares}. FactWatcher finds facts
such as “no one in Dallas has posted a photo that gets as rkagy li
comments and shares.” The GUI consists of four areas, asvill

1. Stories This area shows a ranked list of textual news leads
(stories) translated from facts that have ever been disedvand
are still valid. It also allows users search for translatiediss by
keywords. The translation is guided by a set of templatesualed.
For example, ifts in Table[1 triggers a situational fact with regard
to constraint-measure pait*, Clippers, Lakers), {pts, ast, reb}),
the story is “Lamar Odom had 10 points, 11 assists and 11 netsou
to become the first Clippers player with a 10/11/11 (poinssisis/
rebounds) game against the Lakers.”

If a story is clicked,FactWatcher shows below it more stories
for the same constraint-measure pdit, M) or grouping-measure
pair (G, M), as illustrated in Figurg]2. It also presents bar charts
to compare the stories by their values ih

2. Ranking FactWatcher allows users to choose from several
ways of ranking facts and their corresponding stories.

Recentness This default option simply orders facts by their trig-
gering tuples’ timestamps.
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more

Damon Stoudamire had 33 points, 12 rebounds and 13 assists at
January 24, 2005 in the Blazers victory against the Spars. No one
before had a better or equal performance in NBA history.

Facts like this

Allen Iverson had 38 points, 10 rebounds and 16 assists at|
April 14, 2004 in the Ters’ victory against the Heat. No one
before had a better or equal performance in NBA history.

Team
Chicago Bulls [42
Dallas Maverick [40]
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Season
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Lamar Odom had 30 points, 19 rebounds and 11 assists at
March 6, 2004 in the Lakers' victory against Pacers. No one
before had a better or equal performance in NBA history.
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Figure 2: FactWatcher User Interface

Popularity This option ranks facts by the frequencies of facts
appearing in search results within the lastnonths, where: can
be controlled using a slidebar.

Interestingness  This option ranks facts by the elapsed time since
their last comparable facts were discovered. Suppose tupig-
gers a new situational fa¢t with regard to constraint-measure pair
(C, M) and a new prominent streak with regard to grouping-
measure paifG, M). The interestingness ¢f (f2) is the elapsed
time since the last fact was discovered(@®, M) ((G, M)). The
longer the elapsed time is, the more interesting a fact igesa
long elapsed time indicates the fact does not come by easily.

3. Exploration This area presents a faceted interface for ex-
ploring the stories. Each facet corresponds to a dimengiomea-
sure attribute. Under the facet for a dimension attribute, at-
tribute values are associated with and ordered by numbdiishw
indicate how many facts involve the values. For instancguife[2
shows that there are 31 facts for sugh, M) that the constraint
C has a conjuncplayer=Lamar Odom. FactWatcher places a
checkbox beside each attribute value. A user can seleetégts
the checkboxes across multiple facets. The selected veaiitieis
one facet correspond to a disjunctive condition, and thigiaiss
from different facets form a conjunctive condition. Thegéther
correspond to multiple constraints. Each fact (story) ldiggd in
the “stories” area must satisfy one such constraint.

Beside the facet for a measure attributect\Watcher presents
a slidebar and a button. A user can click the button to enable o
disable a measure attribute. Accordingly the “storiesaatisplays
such stories whose corresponding measure subspdcesly in-
volve one or more enabled measure attributes. The usersanse

beside it. The top part of the “analytics” area is a line chattich
shows one line per selected object that represents the muhbe
facts (among the displayed facts in the “stories” areayaigd by
the object over each time period. When the user hovers thaenou
on a data point, a pop-up box shows, for each measure a#tyibut
the number of facts whose measure subspaces contain thamneas
attribute. The bottom part of this area is a radar chart, wBiows
one polygon per selected object that represents how maty fac
triggered by the object are related to each measure atribut

4. ALGORITHMS
Situational fact

In finding situational facts upon the arrival of a new tuplex
brute-force approach would comparavith all existing tuples to
determine whetheris dominated, repeatedly for each constraint
satisfied byt in each measure subspate This approach is clearly
exhaustive due to comparison with every tuple, for evenstramt,
and in every measure subspace. The algorithnfai\Watcher
respond to these inefficiencies by the following ideas.
Tuplereduction Instead of comparingwith every previous tuple,
it is sufficient to only compare with current skyline tupl&his is
based on the simple property that, if any tuple dominateékere
must exist a skyline tuple that also dominated-or example, in
Tabled, if the context is the whole table (i.e., no constjaind the
measure subspade ={pts, reb}, the contextual skyline has one
tuple—¢1. When the new tuplés comes, with regard to the same
constraint-measure pair, it suffices to comparith ¢; only.
Constraint pruning  If new tuplet is dominated by another tupté
in a measure subspadé, thent does not belong to the contextual
skyline of (C, M) for any constrainC satisfied by botht andt'.

the slidebar to set the minimum and maximum desired values on For example, sincés is dominated by, in the full measure space

an enabled attribute:;. Accordingly the displayed facts (stories)
must have values om; within the range.

4. Analytics This area visualizes statistics on facts related to
objects selected by a user. The “stories” area highligleotijects
(values on object identification attributes) in storiegy..eAllen
Iverson, Lamar Odom, etc. in Figuré 2. When a user clicks on an
object, it is added to the object list in the middle of the ‘igtias”

M, itis notin the contextual skylines ¢fLamar Odom, Clippers, *),
{M}), ((Lamer Odom, *, *), {M}), ({*, Clippers, *), {M}), and
((*,*,*), {M}). Based on thisFactWatcher examines the con-
straints satisfied by in a certain order, and comparisonstofith
skyline tuples associated with already examined constrane used
to prune remaining constraints.

Sharing computation across measure subspaces FactWatcher con-

area. The user can remove an object by clicking the crossmarksiders the full measure spad¢ first and prunes various constraints



for measure subspaces. For instance, after compayingth ¢s in
M, it realizes thats has equal value opts and smaller value on
ast and thuss is dominated by in {pts, ast} and{ast} under the
constraints satisfied by both tuples.

Based on these ideas, the algorithm&artWatcher efficiently
maintain contextual skylines for all constraint-measwaiep Upon
the arrival of a new tuple, for all measure subspaces starting
from M, constraints satisfied by(which form a lattice based on
subsumption relation between constraints and their qooreding
contexts) are visited in either a bottom-up or a top-downreord
The new tuple is compared with current skyline tuples asgedi
with the constraints. Various constraints are pruned basebove
ideas. Skylines for all constraint-measure pairs are ramet to
includet and/or purge current skyline tuples if necessary.
One-of-the-few

While situational facts are about skyline objects, oné¢heffew
facts are about top-skyband objects. For each constraint-measure
pair (C, M), the algorithms maintain thie-skyband\%, (o (R))
for such a dynamid: that A%, (o (R)) equals the top- skyband
v (oc(R)), e, k=max{k | 7 > |\k;(cc(R))|}. A dominated
tuple cannot be immediately discarded. Instead, a couhtarld
be maintained to recoréh; (cc(R), t) for tuplet. Below is the
core idea of maintaining top-skyband for a particulafC, M).

Let R’ denote the relation after inserting a new tuplento
relation R. Suppose’ satisfies constrainf. For anyteoc(R),
t’ may increasé (o (R), t) by at most 1. Hence, ifa (o (R))

is equal toAy; (o (R)), Tar (o (R')) must be ()X (oc (R')),
(i) N5, (o (R)), or (i) Ay (oc(R')). To support incremental
computation, we maintaint ;' (oc (R)) (instead of\%, (oc (R)))

and compute\: 1! (o¢(R')) from ¥ (o (R)). There are two

cases, depending on how many tuplesir( R) dominatet’:

I. 5am(oc(R),t')>k. By definition,t’ &7y (oo (R')), as it cannot
dominate any tuplécra (oc(R)). In this casern (oc(R'))=
Nir(oc(R)=Ny (oc(R)).

Il. dp(oc(R),t")<k. In this case, updaté (oc(R'),t) for te
M+ (oc(R)), and check ife’ should bek, k — 1, ork + 1 for

mm(oc(R')).
Prominent streak

Upon a new tuple, FactWatcher discovers new prominent streak-
s for all grouping-measure pai(¢7, M). To share computation
across differenf/, a data-cube style data structure and exploration
space is adopted. Below we outline the key ideas of how t@incr
mentally monitor prominent streaks for a particuléf, M ).

Our solution hinges upon the idea to separate two stepsédidate
streak generation which generates a small number of candidate
streaks ending at the new tuple without exhaustively camsid all
possible streaks, argiyline operation which maintains a dynam-
ic set of prominent streaks by performing dominance corspari
between existing prominent streaks and candidate stredke
effectiveness of pruning in the first step is critical to @leper-
formance, because execution time of skyline algorithmeemges
superlinearly by number of candidates.

A brute-force approach to candidate streak generationdveuli-
merate allw possible streaks in an-tuple sequence as can-
didates. We proposed the conceptafal prominent streak (LPS)
for substantially reducing candidate streaks. The irgnits, given
a prominent streak, there cannot be a super-sequence whose
minimal value vector dominates¢. In other words,s must be
locally prominent as well. Hence we only need to consider4.PS
as candidates, the number of which is at mestthe length of the
sequence. The algorithm incrementally maintains pos4ibi8s
while new tuples keep getting appended to the database.

5. DEMONSTRATION PLAN

We will demonstratedractWatcher on several datasets, includ-
ing an NBA dataset and a weather dataset. The NBA dataset has
317,371 tuples of NBA box scores from 1991-2004, 8rdimen-
sion and7 measure attributes. The weather datasetrttamillion
daily weather forecast records f®365 locations of UK from Dec.
2011 to Nov. 2012. It ha§ dimension attributes and measure
attributes. When we explain the demonstration steps belmwv,
refer to the GUI in FigurEl2 and its corresponding NBA scemari

Stories When a user visitfactWatcher, FactWatcher shows
a list of stories in area “stories” of Figufé 2. The user enter
keyword query in the search box. The list of stories will bdaied.
The faceted interface in area “exploration” and the linerchad
radar chart in area “analytics” will change accordingly.eTiser
then clicks a particular story. Similar stories will be shobelow
it, with bar charts to compare the stories.

Ranking By default, the stories are ordered by recentness. The
user explores other ranking schemes by choosing the radionbu
for interestingness or popularity in area “ranking”. Whenmpopular-
ity is chosen, the user further uses the slidebar beside it toaton
the period for assessing popularity of stories.

Exploration The user uses the faceted interface in area “ex-
ploration” to explore stories. The user chedl@nar Odom, Allen
Iverson and some others undptayer and2003-2004, 2004-2005
underseason. The area “stories” will show stories related to any
of the selected players when they played for or against aaay te
(as she did not select anything undeam) during 2003-2004 or
2004-2005 season. The user further uses the slidebars for measure
attributes to adjust the ranges of values on these attsbuidie
area “stories” will only show those stories whose measuriate
values do not fall out of the ranges. If the user wants to ek
measure attribute from the filtering criteria, she can diekbutton
beside its slidebar to disable it, e.gurnover in Figure[2.

Analytics When the user reads the stories, she can click on
any underlined objects, i.e., players. After a while, therusas
clicked on multiple objects, which are shown in the box in the
middle of area “analytics”. The top line chart and bottomarad
chart in that area visualize the statistics on facts relédetthese
objects, as described in Sectioh 3. If the user is not intedeis
an object anymore, she can remove the object from compabison
clicking the “X” beside the object in the middle box.
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