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(54) System and method for managing user attention by detecting hot and cold topics in social
indexes

(57) A system and method for managing user atten-
tion by detecting hot topics in social indexes is provided.
Articles of digital information and at least one social index
are maintained. The social index includes topics that
each relate to one or more of the articles. Topic models
matched to the digital information are retrieved for each
topic. The articles are classified under the topics using
the topic models. Each of the topics in the social index

is evaluated for hotness. A plurality of time periods pro-
jected from the present is defined. Counts of the articles
appearing under each time period are evaluated. The
topics exhibiting a rising curve in the count of the articles
that increases with recency during the time periods are
chosen. Quality of the articles within the topics chosen
is analyzed, The topics including the articles having ac-
ceptable quality are presented.
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Description

Field

[0001] This application relates in general to digital in-
formation search and sensemaking and, in particular, to
a system and method for managing user attention by
detecting hot and cold topics in social indexes.

Background

[0002] The Worldwide Web ("Web") is an open-ended
digital information repository into which information is
posted, with newer articles continually replacing less re-
cent ones or beginning entirely new subjects of discus-
sion. The information on the Web can, and often does,
originate from diverse sources, including authors, edi-
tors, collaborators, and outside contributors comment-
ing, for instance, through a Web log, or "Blog." Such di-
versity suggests a potentially expansive topical index,
which, like the underlying information, continuously
grows and changes. The diversity also suggests that
some of the topics in the index may be more timely, that
is, "hot," than others, which have since turned "cold" over
an extended time period or have moved to the periphery
of a topic.
[0003] Social indexing systems provide information
and search services that organize evergreen information
according to the topical categories of indexes built by
their users. Topically organizing an open-ended informa-
tion source, like the Web, into an evergreen social index
can facilitate information discovery and retrieval, such as
described in commonly-assigned U.S. Patent Applica-
tion, entitled "System and Method for Performing Discov-
ery of Digital Information in a Subject Area," Serial No.
12/190,552.
[0004] Social indexes organize evergreen information
by topic. A user defines topics for the social index and
organizes the topics into a hierarchy. The user then in-
teracts with the system to build robust models to classify
the articles under the topics in the social index. The topic
models can be created through example-based training,
such as described in Id., or by default training, such as
described in commonly-assigned U.S. Patent Applica-
tion, entitled "System and Method for Providing Default
Hierarchical Training for Social Indexing," Serial No.
12/360,825. Example-based training results in fine-
grained topic models generated as finite-state patterns
that appropriately match positive training example arti-
cles and do not match negative training example articles,
while default training forms topic models in a self-guided
fashion based on a hierarchical topic tree using both the
individual topic labels and their locations within the tree.
[0005] In addition, the system can build coarse-
grained topic models based on population sizes of char-
acteristic words, such as described in commonly-as-
signed U.S. Patent Application, entitled "System and
Method for Providing a Topic-Directed Search ," Serial

No. 12/354,681. The coarse-grained topic models are
used to recognize whether an article is roughly on topic.
Articles that match the fine-grained topic models, yet
have statistical word usage far from the norm of the pos-
itive training example articles are recognized as "noise"
articles. The coarse-grained topic models can also sug-
gest "near misses," that is, articles that are similar in word
usage to the training examples, but which fail to match
any of the preferred fine-grained topic models, such as
described in commonly-assigned U.S. Provisional Pat-
ent Application, entitled "System and Method for Provid-
ing Robust Topic Identification in Social Indexes," Serial
No. 61/115,024, filed November 14, 2008, pending, the
disclosure of which is incorporated by reference.
[0006] Thus, social indexing systems display articles
within a topically-organized subject area according to the
fine-grained topics in the social index, which can be se-
lected by a user through a user interface. The topical
indexing and search capabilities of these systems help
users to quickly access information on topics that they
specify. However, these capabilities do not address how
best to meet a user’s need for recent information. Rather,
to find new articles under "hot" topics, users must first
know what topics to pick and generally face having to
wade through the clutter and distraction of topics that are
no longer current.
[0007] In news reporting, choosing and highlighting the
topics representing recent information has long been per-
formed as a manual task. For instance, in daily newspa-
per publishing, the importance of headlines and lead ar-
ticles is crucial to the selling of newspapers and the build-
ing of circulation, yet the selection of the headlines and
lead articles has historically been through the judgment
of senior editors that manually decide what is "hot." As
well, this practice has carried over to the online news
Web sites published by these traditional newspapers,
where the lead articles for online newspapers are still
manually selected by human editors.
[0008] More recently, social media Web sites have
evolved for online sharing and collaborative discussion
of information. Social media aggregation Web sites, like
Digg (www.digg.com) and Redditt (www.redditt.com),
depend on individual readers to propose stories of po-
tential interest, which are then linked into the Web site.
Other users reading the stories vote for the stories that
they like and, using these votes, the most popular stories
are identified and featured as lead stories.
[0009] In contrast, automated news aggregation Web
sites, like Google News (news.google.com), aggregate
the opinions of expert human editors from selected news
sources. Each news source provides an overview page
presenting its news based on its own lead story selection
process, which may be manual, and contributes stories
that are organized by specific news section, such as En-
tertainment or Business. The stories from the multiple
sources are clustered to identify similar stories, which
are then presented by clusters in their corresponding sec-
tions according to the number of stories and other factors.
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[0010] Notwithstanding, the approaches used by on-
line news, social media aggregation, and automated
news aggregation Web sites presuppose a flat list of
sparse topics within which recent information can be dis-
played, which is unlike the rich and topically dynamic
organization of information in social indexing.

Summary

[0011] The publication times of articles that have been
classified under diverse pre-defined fine-grained topical
indexes are evaluated to determine which topics are cur-
rently "hot" and which topics have turned "cold." In sup-
port of information discovery, news articles are identified
as being not only hot, but also as fitting into one or more
of the topics. The hot topics and the hot articles within
those topics are identified and emphasized, while other
topics that have gone cold are elided.
[0012] One embodiment provides a system and meth-
od for managing user attention by detecting hot topics in
social indexes. Articles of digital information and at least
one social index are maintained. The social index in-
cludes topics that each relate to one or more of the arti-
cles. Topic models matched to the digital information are
retrieved for each topic. The articles are classified under
the topics using the topic models. Each of the topics in
the social index is evaluated for hotness. A plurality of
time periods projected from the present is defined.
Counts of the articles appearing under each time period
are evaluated. The topics exhibiting a rising curve in the
count of the articles that increases with recency during
the time periods are chosen. Quality of the articles within
the topics chosen is analyzed. The topics including the
articles having acceptable quality are presented.
[0013] In one embodiment of the system according to
claim 10, the processor and memory further comprise:

a training evaluation module determining a form of
training used to form the topic models;
a training scoring module generating a training score
under example-based training for each topic chosen,
comprising counting numbers of positive and nega-
tive training examples, setting a training score in pro-
portion to the positive and negative training exam-
ples numbers used, identifying a number of charac-
teristic words comprised in the articles relating to the
topic, and adjusting the training score in proportion
to the number of the characteristic words,

wherein those topics with the higher training scores are
favored.
[0014] In a further embodiment the quality of the arti-
cles comprises one or more of recent growth during the
time periods; source reputation, and increase in number
of sources.
[0015] In a further embodiment the topic models com-
prise at least one of fine-grained topic models and
coarse-grained topic models.

[0016] Still other embodiments of the present invention
will become readily apparent to those skilled in the art
from the following detailed description,
wherein are described embodiments by way of illustrat-
ing the best mode contemplated for carrying out the in-
vention. As will be realized, the invention is capable of
other and different embodiments and its several details
are capable of modifications in various obvious respects,
all without departing from the spirit and the scope of the
present invention. Accordingly, the drawings and de-
tailed description are to be regarded as illustrative in na-
ture and not as restrictive.

Brief Description of the Drawings

[0017]

FIGURE 1 is a block diagram showing an exemplary
environment for digital information.
FIGURE 2 is a functional block diagram showing
principal components used in the environment of
FIGURE 1.
FIGURES 3-5 are graphs respectively showing, by
way of example, patterns for hot, cold, and periodic
topics.
FIGURE 6 is a flow diagram showing a method for
managing user attention by detecting hot and cold
topics in social indexes in accordance with one em-
bodiment.
FIGURE 7 is a flow diagram showing a routine for
measuring topic hotness for use with the method of
FIGURE 6.
FIGURE 8 is a flow diagram showing a routine for
scoring hot topic candidates for use with the routine
of FIGURE 7.
FIGURE 9 is a screen shot diagram showing, by way
of example, hot topic candidates.
FIGURE 10 is a flow diagram showing a routine for
scoring training results for use with the routine of
FIGURE 8.
FIGURE 11 is a screen shot diagram showing, by
way of example, training results.
FIGURE 12 is a flow diagram showing a routine for
filtering topics for use with the method of FIGURE 6.
FIGURE 13 is a graph showing, by way of example,
article count and relevance decay for a cooling topic.
FIGURE 14 is a screen shot diagram showing, by
way of example, search results supporting the need
for cold topic identification.
FIGURE 15 is a flow diagram showing a routine for
detecting cold topics in accordance with a further
embodiment.

Detailed Description

Glossary

[0018] The following terms are used throughout and,
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unless indicated otherwise, have the following meanings:

Corpus: A collection or set of articles, documents,
Web pages, electronic books, or other digital infor-
mation available as printed material.
Document: An individual article within a corpus. A
document can also include a chapter or section of a
book, or other subdivision of a larger work. A docu-
ment may contain several cited pages on different
topics.
Cited Page: A location within a document to which
a citation in an index, such as a page number, refers.
A cited page can be a single page or a set of pages,
for instance, where a subtopic is extended by virtue
of a fine-grained topic model for indexing and the set
of pages contains all of the pages that match the
fine-grained topic model. A cited page can also be
smaller than an entire page, such as a paragraph,
which can be matched by a fine-grained topic model.
Subject Area: The set of topics and subtopics in a
social index, including an evergreen index or its
equivalent.
Topic: A single entry within a social index character-
izing a topical category. In an evergreen index, a
topic has a descriptive label and is accompanied by
a fine-grained topic model, such as a pattern, that is
used to match documents within a corpus.
Subtopic: A single entry hierarchically listed under
a topic within a social index. In an evergreen index,
a subtopic is also accompanied by one or more topic
models.
Fine-grained topic model: This topic model is based
on finite state computing and is used to determine
whether an article falls under a particular topic. Each
saved fine-grained topic model is a finite-state pat-
tern, similar to a query. This topic model is created
by training a finite state machine against positive and
negative training examples.
Coarse-grained topic model: This topic model is
based on characteristic words and is used in decid-
ing which topics correspond to a query. Each saved
coarse-grained topic model is a set of characteristic
words, which are important to a topic, and a score
indicating the importance of each characteristic
word. This topic model is also created from positive
training examples, plus a baseline sample of articles
on all topics in an index. The baseline sample es-
tablishes baseline frequencies for each of the topics
and the frequencies of words in the positive training
examples are compared with the frequencies in the
baseline samples. In addition to use in generating
topical sub-indexes, coarse-grained models can be
used for advertisement targeting, noisy article de-
tection, near-miss detection, and other purposes.
Community: A group of people sharing main topics
of interest in a particular subject area online and
whose interactions are intermediated, at least in part,
by a computer network. A subject area is broadly

defined, such as a hobby, like sailboat racing or or-
ganic gardening; a professional interest, like dentist-
ry or internal medicine; or a medical interest, like
management of late-onset diabetes.
Augmented Community: A community that has a so-
cial index on a subject area. The augmented com-
munity participates in reading and voting on docu-
ments within the subject area that have been cited
by the social index.
Evergreen Index: An evergreen index is a social in-
dex that continually remains current with the corpus.
Social Indexing System: An online information ex-
change infrastructure that facilitates information ex-
change among augmented communities, provides
status indicators, and enables the passing of docu-
ments of interest from one augmented community
to another. An interconnected set of augmented
communities form a social network of communities.
Information Diet: An information diet characterizes
the information that a user "consumes," that is, reads
across subjects of interest. For example, in his in-
formation consuming activities, a user may spend
25% of his time on election news, 15% on local com-
munity news, 10% on entertainment topics, 10% on
new information on a health topic related to a relative,
20% on new developments in their specific profes-
sional interests, 10% on economic developments,
and 10% on developments in ecology and new en-
ergy sources. Given a system for social indexing,
the user may join or monitor a separate augmented
community for each of his major interests in his in-
formation diet.

Digital Information Environment

[0019] A digital information infrastructure includes
public data networks, such as the Internet, standalone
computer systems, and other open-ended repositories
of electronically-stored information. FIGURE 1 is a block
diagram showing an exemplary environment 10 for digital
information, which includes a social indexing system 11
that supports social indexing activities. A digital data
communications network 16, such as the Internet, pro-
vides an infrastructure for exchange of digital informa-
tion. Other digital information exchange infrastructures,
for instance, a non-public corporate enterprise network,
are possible. The network 16 provides interconnectivity
to diverse and distributed information sources and con-
sumers that respectively supply and consume the digital
information. Authors, editors, collaborators, and outside
contributors continually post articles, Web pages, and
the like to the network 16, which are maintained as a
distributed data corpus though Web servers 14a, news
aggregator servers 14b, news servers with voting 14c,
and other data repositories that serve as information
sources. These sources respectively serve Web content
15a, news content 15b, community-voted or "vetted" con-
tent 15c, and other information to users that access the
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network 16 through user devices 13a-c, such as personal
computers, as well as other servers that all function as
information consumers. For simplicity, only user devices
will be discussed, although servers and other non-user
device information consumers may similarly search, re-
trieve, and use information in the corpus.
[0020] In general, each user device 13a-c is a Web-
enabled device that executes a Web browser or similar
application, which supports interfacing to and information
exchange and retrieval with the servers 14a-c. Both the
user devices 13a-c and servers 14a-c include compo-
nents conventionally found in general purpose program-
mable computing devices, such as a central processing
unit, memory, input/output ports, network interfaces, and
non-volatile storage, although other components are
possible. Moreover, other information sources in lieu of
or in addition to the servers 14a-c, and other information
consumers, in lieu of or in addition to user devices 13a-
c, are possible.
[0021] A social indexing system 11 supplies articles
topically organized under an evergreen index through
social indexing, such as described in commonly-as-
signed U.S. Patent Application, entitled "System and
Method for Performing Discovery of Digital Information
in a Subject Area," Serial No. 12/190,552, filed August
12, 2008, pending, the disclosure of which is incorporated
by reference. The social indexing system 11 also deter-
mines which topics are currently "hot" and which topics
have turned "cold" to meet a user’s need for recent in-
formation, as further described below beginning with ref-
erence to FIGURE 3. Finally, the social indexing system
11 groups and displays articles by relevance bands,
which are sorted by time and filtered by time regions,
such as described in commonly-assigned U.S. Patent
Application, entitled "System and Method for Using
Banded Topic Relevance and Time for Article Prioritiza-
tion," Serial No. 12/360,823, filed January 27, 2009,
pending, the disclosure of which is incorporated by ref-
erence.
[0022] From a user’s point of view, the environment
10 for digital information retrieval appears as a single
information portal, but is actually a set of separate but
integrated services. FIGURE 2 is a functional block dia-
gram showing principal components 20 used in the en-
vironment 10 of FIGURE 1. Additional components may
be required to provide other related digital information
activities, such as digital information discovery, prospect-
ing, orienting, and retrieval.
[0023] The components 20 can be loosely grouped in-
to three primary functional modules, information collec-
tion 21, social indexing 22, and user services 23. Other
functional modules are possible. Additionally, the func-
tional modules can be implemented on the same or sep-
arate computational platform. Information collection 21
obtains incoming content 24, such as Web content 15a,
news content 1 sub, and "vetted" content 15c, from the
open-ended information sources, including Web servers
14a, news aggregator servers 14b, and news servers

with voting 14, which collectively form a distributed cor-
pus of electronically-stored information. The incoming
content 24 is collected by a media collector to harvest
new digital information from the corpus. The incoming
content 24 can typically be stored in a structured repos-
itory, or indirectly stored by saving hyperlinks or citations
to the incoming content in lieu of maintaining actual cop-
ies.
[0024] The incoming content 24 may be stored in mul-
tiple representations, which differ from the representa-
tions in which the information was originally stored. Dif-
ferent representations could be used to facilitate display-
ing titles, presenting article summaries, keeping track of
topical classifications, and deriving and using fine-
grained topic models. Words in the articles could also be
stemmed and saved in tokenized form, minus punctua-
tion, capitalization, and so forth. Moreover, fine-grained
topic models created by the social indexing system 11
represent fairly abstract versions of the incoming content
24 where many of the words are discarded and mainly
word frequencies are kept.
[0025] The incoming content 24 is preferably organ-
ized under at least one topical index 29 that is maintained
in a storage device 25. The topical index 29 may be part
of a larger set of topical indexes 26 that covers all of the
information. The topical index 29 can be an evergreen
index built through social indexing 22, such as described
in commonly-assigned U.S. Patent Application "System
and Method for Performing Discovery of Digital Informa-
tion in a Subject Area," Serial No. 12/190,552, filed Au-
gust 12, 2008, pending, the disclosure of which is incor-
porated by reference. The evergreen index contains fine-
grained topic models, such as finite state patterns, that
can be used to test whether new information falls under
one or more of the topics in the index. Social indexing
22 applies supervised machine learning to bootstrap
training material into the fine-grained topic models for
each topic and subtopic in the topical index 29. Alterna-
tively, social indexing 22 can perform default training to
form topic models in a self-guided fashion based on a
hierarchical topic tree using both the individual topic la-
bels and their locations within the tree, such as described
in commonly-assigned U.S. Patent Application, entitled
"System and Method for Providing Default Hierarchical
Training for Social Indexing," Serial No. 12/360,825, filed
January 27, 2009, pending, the disclosure of which is
incorporated by reference. Once trained, the evergreen
index can be used for index extrapolation to automatically
categorize new incoming content 24 into topics for pre-
selected subject areas.
[0026] User services 23 provide a front-end to users
27a-b to access the set of topical indexes 26 and the
incoming content 24, to perform search queries on the
set of topical indexes 26 or a single topical index 29, and
to access search results, top indexes, and focused sub-
indexes. In a still further embodiment, each topical index
29 is tied to a community of users, known as an "aug-
mented" community, which has an ongoing interest in a
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core subject area. The community "vets" information cit-
ed by voting 28 within the topic to which the information
has been assigned.

Social Indexing versus News Delivery

[0027] Fundamental differences exist between social
indexing and news delivery. These differences include:

Diverse User-defined Perspectives. Social indexes
provide multiple, user-defined perspectives on infor-
mation as reflected in indexes that organize infor-
mation according to the specialized purposes of in-
terest groups. Diverse perspectives are supported
by competing and fluid topical organizational struc-
tures. Information may appear in a social index or-
ganized in multiple places for different purposes. Us-
ers within each interest group can define new organ-
izations at any time. In contrast, online news delivery
systems depend upon limited numbers of publishers
and editors to select and organize information for a
targeted audience. This approach does not scale to
the diversity of online users and interest groups.
Pre-defined fine-grained topical organization. So-
cial indexes are intended to cover information organ-
ized in potentially millions of subject areas, rather
than a few newspaper-style sections, such as World,
National, Entertainment, and so on. In addition, with-
in each subject area of a social index, information is
further organized into 40-100 fine-grained topics.
These fine-grained topics are pre-defined and or-
ganized to provide a perspective on the information
that is appropriate for understanding the subject ar-
ea. The fine-grained organization of information in
social indexes applies to all information, including
the most recent information. Recent information in
a social indexing system is reported together with
the fine-grained topical structure appropriate for
each subject matter.
Archive Information versus Recent News. Social in-
dexing systems collect information over extended
periods of time. Supporting user access to archive
information requires temporal analysis that distin-
guishes different temporal regions and scales, such
as very recent news, reasonably current information,
and information that is old and possibly out-dated for
current purposes. In contrast, online news delivery
focuses primarily on recent information.

Hot Topics and Cold Topics

[0028] Over time, the topical organization of a social
index will typically change. For instance, as information
gets complex or overly rich under a particular topic, an
index manager may decide to split a topic to provide a
finer-grained classification of incoming information.
These kinds of changes to topical organization reflect the
life cycle of topics. A topic is created when an index is

defined or later through topic-splitting and other topic ed-
iting operations. Once topic models are trained, new ar-
ticles are collected regularly and added to the topic in the
social index.
[0029] The number of articles appearing under a topic
tend to flow in patterns. FIGURES 3-5 are graphs 40, 50,
60 respectively showing, by way of example, patterns for
hot, cold, and periodic topics 41, 51, 61. The x-axis rep-
resents time moving away from the present and the y-axis
represents the number of articles counted over one-day
time periods. Referring first to FIGURE 3, a topic be-
comes "hot" when a larger than normal number of articles
arrives in a recent time interval. Various extrinsic factors
can account for a topic becoming hot. For example, the
announcement of a breakthrough or exciting product may
trigger a marked increase in the number of articles, there-
by making the corresponding topic hot. Similarly, a storm
or natural disaster could lead to a flurry of articles. Be-
sides article counts, signals, such as user votes and rep-
utation measures, can be combined to create composite
measures of topic hotness. Referring next to FIGURE 4,
a topic becomes "cold" when just a few on-topic articles
have arrived over an extended time period or articles are
only appearing on the topic’s periphery. Finally, referring
to FIGURE 5, some topics heat up and cool down peri-
odically. For example, news stories about the Olympic
games and other sports events are reported on a periodic
calendar basis, as are articles about government elec-
tions.

Identifying_Hot Topics

[0030] Topics in a social index have names and persist
over time. On the other hand, interest in particular articles
under a topic may come and go. For instance, the topic
"school taxes" in a social index would capture articles on
a recent school bond measure and might also capture a
dispute about property tax rates from six months earlier,
or a debate about taxes on gambling revenues being
used to fund schools. Different threads of stories can
appear over time, yet each thread would be classified
under the same topic "school taxes." This type of dynamic
story-following is different in nature from just clustering
stories appearing in today’s news to see whether the sto-
ries are about the same event. As topics in a social index
persist, the topics give structure to the information in a
subject area. Moreover, hot topics encompass more than
simply hot stories, but also that the stories fall under a
"topic" that is currently hot and thus, that the stories are
related, at least in a conceptual sense, to other stories
from the past on the same topic.
[0031] Succinctly, a topic is "hot" when many more
than the usual number of articles on the topic has recently
appeared and a topic is "cold" when there are very few
recent articles, or only articles on the topic’s periphery.
FIGURE 6 is a flow diagram showing a method 80 for
managing user attention by detecting hot and cold topics
in social indexes in accordance with one embodiment.

9 10



EP 2 211 282 A2

7

5

10

15

20

25

30

35

40

45

50

55

The method is performed as a series of process or meth-
od steps performed by, for instance, a general purpose
programmed computer, such as server.
[0032] To create a social index, an index manager
specifies a subject area, topics within the subject areas,
and sources of information (step 81). The social indexes
can be created by a user as a hierarchically-structured
topic tree to specify the index topics, or can originate
from some other index source. Topic models for each
topic are retrieved (step 82). The topic models are used
to recognize articles and to classify newly-arriving arti-
cles by topic, which renders the social index evergreen.
The social index contains fine-grained topic models, such
as finite state patterns, that can be used to test whether
new information falls under one or more of the topics in
the index. The social index can optionally include coarse-
grained topic models to recognize whether an article is
roughly on topic.
[0033] Thereafter, articles are collected and classified
into the social index from the information sources (step
83). Each article includes both the article’s content and
publication date, or other indication of recency. The hot-
ness of the topics into which the articles are collected is
measured (step 84), as further described below with ref-
erence to FIGURE 7. The candidate hot topics are filtered
(step 85), as further described below with reference to
FIGURE 12. Finally, the remaining hot topics are reported
(step 86), along with information about their location with-
in the topical organization of the social index. Recent hot
articles within the hot topics are reported and the hot
articles are clustered as required to remove duplication.
[0034] In a further embodiment, the methodology can
be applied to one or more social indexes within a social
indexing system. The results of hot and cold topic iden-
tification can be reported as an aggregate over all of the
indexes, or over sets of indexes. Similarly, entire indexes
can be filtered that are not sufficiently popular or which
do not enjoy good reputations.

Measuring Topic Hotness

[0035] Whether a topic and its articles are "hot" or
"cold" depend upon several factors. FIGURE 7 is a flow
diagram showing a routine 90 for measuring topic hot-
ness for use with the method 80 of FIGURE 6. The routine
identifies candidate hot topics.
[0036] Hot topics are selected based on the evaluation
of several factors. First, candidate hot topics are identi-
fied and scored (step 91), as further described below with
reference to FIGURE 8. The number of articles that ap-
pear under each topic in a social index in the current time
period is determined (step 92), as article counts are a
strong indication of "hotness." The current time period
can be any predetermined set interval, such as day,
week, or month, depending upon the topic and user com-
munity’s needs for recent information. In one embodi-
ment, the current system is primarily concerned with top-
ics that have become hot over the last day, although other

temporal horizons could be selected. In each case, the
determination of hotness involves not only a count of the
articles on topic in the current period, but also consider-
ation of article counts in previous periods. For example,
the average daily count over the previous week and the
average daily count over the previous month can be con-
sidered. Such consideration distinguishes between top-
ics that typically collect a large number of articles and
topics for which there has been a sudden recent growth
in the number of articles collected. Notwithstanding, the
count of recent articles is most meaningful at the finest
level of topic granularity.
[0037] In addition, user metrics for the articles counted
can be determined. User metrics include, for example,
the number of times that an article has been read (step
93) and the number of votes, where available, by users
on new articles under a topic (step 94). The user metrics
are included in hotness evaluation and those topics hav-
ing articles with stronger user metrics are preferred.
[0038] Raw article counts by themselves cannot dis-
tinguish between broad topics that always collect many
articles and regular or narrow topics that have a spike
with many articles. Another important factor in identifying
an existing topic as hot is detecting an influx of articles
highly relevant to the topic. Given a metric that measures
the closeness of an article to the center of a topic, hotness
detection requires that the count of articles close to the
center of the topic be sufficiently high (step 95). In con-
trast, an influx of articles on the fringes of a topic does
not make a topic hot. For example, topic score is a linear
metric that can act as a closeness-to-center-of-topic met-
ric, which registers one hundred points for articles at the
center of a topic and approaches zero for articles at the
fringes of the topic. Topic score can be computed using
characteristic words, such as described in commonly-
assigned U.S. Patent Application, entitled "System and
Method for Providing a Topic-Directed Search ," Serial
No. 12/354,681, filed January 15, 2009, pending, the dis-
closure of which is incorporated by reference. As an
aside, an influx of articles on the fringes of a topic may
help signal a emerging hot topic, as opposed to an ex-
isting hot topic.
[0039] As appropriate, several time periods may be
assessed to determine whether a high number of articles
for a topic in the recent period signifies a significant rise
over typical earlier periods (step 96). Additionally, sole
reliance on article counts can invite excessive gaming
to, for instance, set up social indexes with bogus infor-
mation sources and nonsense topics, which are then
flooded with articles to attract attention as "hot" topics.
Thus, due to the wide-ranging nature of online informa-
tion sources, articles often reflect different qualities and
may originate from sources with dissimilar reputations
(step 97), which must be evaluated along with any in-
crease in the number of sources providing articles (step
98). The various factors, including hot topic candidate
score and training results score, are evaluated (step 99),
such as whether an information source is used by mul-
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tiple user communities, that the community for a social
index has sufficient members to warrant legitimate au-
thoritative weight, that people are actually reading the
articles appearing in a social index, that the community
is referenced by other user communities, that the topics
are well-trained, and so on.

Hot Topic Candidate Scoring

[0040] Candidate hot topics are identified by looking
for signals of rising interest in a topic. FIGURE 8 is a flow
diagram showing a routine 110 for scoring hot topic can-
didates for use with the routine 90 of FIGURE 7. The
routine removes insufficiently hot topics from further con-
sideration during the current time period.
[0041] An initial candidate score is formed based on
any increase in article counts (step 111), which can be
determined day over week, day over month, and week
over month. Each of these periods are respectively
weighted by 35, 60, and 60 percent. Variations in the
periods and weights are possible. Those candidates that
have high article count percentile rises, but low articles
counts (step 112) are penalized (step 113). The penalty
can be scaled to the maximum number of articles report-
ed. Thus, scoring focuses on the rising curve in the
number of articles and large scores will not be awarded
to hot topic candidates only due to high article counts.
As well, roll-up topics (step 114), that is, topics whose
numbers roll up from subtopics, are also penalized (step
115). A bonus is awarded for popular articles, as reflect-
ed, for instance, by user subscriptions to the social index
(step 116). Finally, a bonus is awarded for candidates
on topics that appear to be well-trained (step 117), as
further described below with reference to FIGURE 10.
The hot topic candidate score is then returned (step 118).
[0042] Hot topics are topics on the rise. FIGURE 9 is
a screen shot diagram 120 showing, by way of example,
hot topic candidates. A social index for "USA" is depicted,
as observed on January 20, 2009, the date of the pres-
idential inauguration. There were 17 stories pertaining to
the inauguration as of the preceding day. The daily av-
erage over the last week was eight. The daily average
over the last month was two. The increasing article count
signals rising interest in the story. The next few columns
reflect percentage differences over time periods, includ-
ing the daily increase over the weekly average, the per-
centage rise in the daily average day over month, and
the percentage rise in the daily rate week over month.
The number of subscribers, who are people that have
selected this social index on their personal home page,
and an estimate of training quality are provided. The train-
ing quality estimate is based on the characteristic word
scores for the topic and on considerations of the positive
and negative training examples used. For example, if the
user trained with positive training examples, yet provided
no negative training examples, the score would be pe-
nalized.

Training Results Scoring

[0043] Topic training is evaluated to avoid identifying
as hot poorly trained topics that sweep in lots of articles.
FIGURE 10 is a flow diagram showing a routine 130 for
scoring training results for use with the routine 110 of
FIGURE 8. A social indexing system that includes exam-
ple-based training, such as described in commonly-as-
signed U.S. Patent Application, entitled "System and
Method for Performing Discovery of Digital Information
in a Subject Area," Serial No. 12/190,552, filed August
12, 2008, pending, the disclosure of which is incorporated
by reference, relies upon a user to interacts with the sys-
tem to build robust models to classify the articles under
the topics in the social index. Where example-based
training is used, the number of positive and negative
training examples are respectively counted (steps 131
and 132) and scored in proportion to the number of ex-
amples used (step 133). If there are no positive training
examples, the topic is being default trained, such as de-
scribed in commonly-assigned U.S. Patent Application,
entitled "System and Method for Providing Default Hier-
archical Training for Social Indexing," Serial No.
12/360,825, filed January 27, 2009, pending, the disclo-
sure of which is incorporated by reference, rather than
example trained. If the topic is example trained, yet there
are no negative training examples, a penalty is applied
to the score. Otherwise, more positive examples results
in a better score. Typically, between four to six articles
are sufficient for good training.
[0044] Next, a maximum characteristic word score is
determined (step 134). Article scores are normalized to
a 100% maximum and are pruned when the scores fall
below 30% of the maximum score. In one embodiment,
maximum characteristic word scores of 100-700 reflect
poorly trained topics while scores of 10K-12K reflect well-
trained topics. These scores can be divided over 1,000
to create a ten-point quality scale based on the maximum
characteristic word score. Thus, higher characteristic
word scores result in stronger training results scores.
[0045] In a further embodiment, training results can be
scored by evaluating the positive and negative training
examples and article lengths, in which training on short
articles can be penalized. Finally, the training results
score is normalized to not fall below zero and returned
(step 135).
[0046] Hot topic results can appear across a plurality
of indexes. FIGURE 11 is a screen shot diagram 150
showing, by way of example, training results. The index-
es are again depicted, as observed on January 20, 2009
and the inauguration story dominates. However, hot sto-
ries are also present for the secretary of energy and
homeland security. Although not reflected in U.S. nation-
al press coverage, there were many stories in the world
press about a bomb blast in Sri Lanka that occurred on
January 19, 2009, as reflected in the story count profile.
A third story shows financial news, including Wells Fargo
Bank selling $10B in stock and receiving $25B from the
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Treasury Department. As well, Citigroup posted a $8B
loss. These stores reflect the increase in breaking news
in the banking sector. A fourth story, about Afghanistan,
reflects a number of stories about the expected change
in U.S. foreign policy on Afghanistan under President
Obama. The next two stories are U.S. news about cabinet
appointments.

Filtering Topics

[0047] Not all candidate hot topics qualify as repre-
senting recent information of use to the user community
to whose social index the candidate hot topics belong.
FIGURE 12 is a flow diagram showing a routine 160 for
filtering topics for use with the method 80 of FIGURE 6.
The routine removes insufficiently hot topics from further
consideration during the current time period.
[0048] Social indexes categorize articles according to
their centrality within a topic. Topics where the count for
the current period is not sufficiently greater than the
counts of other time periods (step 161) are filtered (step
164). Similarly, topics where the articles counted do not
come from quality information sources, which include in-
formation sources used by multiple social indexes or in-
formation sources that enjoy strong reputations (step
162), are filtered (step 164). Finally, the counting of arti-
cles is limited to those articles that are close to the center
of a topic (step 163), else the topic is filtered (step 164).
Typically, all of the articles under a topic, except those
articles the periphery of the topic are included.

Identifying Cold Topics

[0049] A simple cold topic identifier for a social index
finds those indexes that have had no articles over a par-
ticular recent period. However, simply looking for an ab-
sence of articles is typically not adequate for reliable de-
tection of cold topics. During the life cycle of a topic, the
counts and relative relevance of articles under the topic
can change. FIGURE 13 is a graph 170 showing, by way
of example, article count and relevance decay for a cool-
ing topic. The x-axis represents time decreasing away
from the present and the y-axis represents the topic
scores as a measure of relevancy. The time scale is
roughly logarithmic. The topic score is a linear metric,
which registers one hundred points for articles at the
center of a topic and approaches zero for articles at the
fringes of the topic. Topic score can be computed using
characteristic words, such as described in commonly-
assigned U.S. Patent Application, entitled "System and
Method for Providing a Topic-Directed Search ," Serial
No. 12/354,681, filed January 15, 2009, pending, the dis-
closure of which is incorporated by reference. A flurry of
published articles appeared about one month prior to the
present, when the topic was hot. However, there are few-
er articles per unit time approaching the present. A no-
ticeable shift in the topical relevance of the articles has
also occurred. The most relevant articles appeared at

the peak of numbers of articles and over the next period,
the best new articles were of lower topical relevance.
There is also a band of low topical relevance articles that
makes up a kind of background noise.
[0050] The articles are grouped into clusters A, B, C,
D, E, and F, which can be used to illustrate the typical
goals for a "news reader" and a "relevance reader" on a
cooling topic. These goals can be expressed as exem-
plary usage cases, which include:

• Hot topic (as happening a month ago).

s Case 1: News reader. The article groups C,
D, and E all include very recent articles on the
hot topic. Even if some articles in groups D or E
are earlier than the articles in group C, many
readers would still prefer to see the articles in
group C first. The articles in group E are so low
in topic relevance that many readers would pre-
fer not to see them at all.
s Case 2: Relevance reader. These readers
want to see the available articles in group C first.
If they are revisiting the news frequently to keep
up on the hot topic, the readers would prefer to
start with the newest articles in group C.

• Cold topic (as happening in the present).

s Case 3: News reader. Some readers want to
see the latest articles, while other readers prefer
not to be distracted since no recent articles on
the topic exist.
s Case 4: Relevance reader. Relevance read-
ers want to first see the top articles in group C
and would probably want to see the article in
group F before comparable articles in groups A
or D.

• Recurring topic.

s Case 5: News reader. These readers want to
see the articles on the latest cycle first and prob-
ably have little interest in older cycles.
s Case 6: Relevance reader. These readers
are focused on the most topical articles. They
prefer these articles to be organized coherently
by cycle because recurrence patterns may re-
flect topical variations.

• Two-day review (starting now).

sCase 7: News reader. There is a recent article
in group F. Articles in groups A, B, C, D, and E
are too old and should not be shown. Most read-
ers have low interests in the lowest scoring ar-
ticles.
s Case 8: Relevance reader. As these readers
also want a two-day review, only the article in
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group F is of interest. The readers’ goals are
similar to those of a news reader goal in that
articles are sorted temporally and limited over
two days.

[0051] Some observations can be made from the cas-
es:

• The reader goals are typically mixed, rather than
pure. Considerations of time enter, even when rele-
vance is the main focus and considerations of rele-
vance arise, even when news is the main focus.

• When time is a critical preference, even small differ-
ences in time matter in ordering the articles. For ex-
ample, when a reader is following breaking news,
differences of a few hours or even minutes matter
affect the reader’s information goals and should be
reflected in the order of presentation.

• Relevance comparisons are more qualitative than
quantitative. Large differences in relevance are im-
portant, but small differences are not. Articles that
are significantly more topically-relevant should ap-
pear first.

• There is little or no interest in articles of low rele-
vance.

Specifically, there is typically a decrease not only in the
number of articles appearing on the topic, but also in the
relevance of the articles. As a topic decays, the articles
appearing tend to be on the edges of the topic, rather
than the core.
[0052] In the life-cycle of topics, topic boundaries are
generally defined during example-based training by us-
ing the first articles that appear. Throughout each day of
training, additional articles arrive and the topic bounda-
ries are sometimes adjusted. However, as interest in the
topic fades, the number of articles on the topic goes down
and any articles that do appear tend to be on the periph-
ery, rather than the center, of the topic. FIGURE 14 is a
screen shot diagram 180 showing, by way of example,
search results 181 supporting the need for cold topic
identification. The topics depicted were selected in re-
sponse to a search query performed several months fol-
lowing the presidential election with the search terms "pa-
lin clothing purchase" in a social index on the "Presiden-
tial Election." The topics in the topic tree reflect little con-
tinuing interest to a reader browsing through the topics
of this index. By removing these topics from the topic
tree, the user can focus more on topics of recent interest.
Similarly, no articles appeared under "Palin and Fruit
Flies," which ought therefore be deleted as a topic.
[0053] Cold topic detection involves two parts: a pre-
computation part and an identification part. The pre-com-
putation part of cold-topic detection can be carried out
effectively during article classification. FIGURE 15 is a
flow diagram showing a routine 190 for detecting cold
topics in accordance with a further embodiment. Articles
are classified in a social indexing system under three

circumstances: (1) after the system collects new articles
for a source; (2) when a topic is trained, so that articles
in the archive need to be re-considered according to new
criteria; and (3) when a source with previously-collected
articles is added to an index. Classification includes
matching articles against a fine-grained topic model and
scoring the articles against a coarse-grained topic model.
The database for articles includes a publication date, or
other indication of recency (step 191). When an article
is classified under a topic, the social indexing system
checks whether the score for the article is above a cold-
ness threshold (step 192), such as 50 out of a 100. If the
article is above the threshold, the system compares the
article’s publication date, or other indication of recency,
to a "last-high-score date" associated with the topic. If
the article’s date is later than the last-high-score date
(step 193), the last-high-score date is set to the article’s
date. In this way, the last-high-score date is maintained
as the date of the last high-scoring article for the topic.
This computation of the last-high-score date (steps
191-194) is the pre-computed part of cold topic detection.
[0054] The cold topic identification part can be carried
out just prior to any display of topical information. Given
that the last-high-score dates are maintained, a cold topic
is any topic (step 196) where the difference between the
current time and the topic’s last-high-score date is greater
than some threshold (step 195), such as a month. This
computation (steps 195-196) is the identification part of
cold topic detection. In a further embodiment, popularity
metrics, such as how often people read articles in the
topic or search for the topic, could also be used to influ-
ence the measure of when a topic is identified as "cold."

Managing User Attention

[0055] Hot and cold topic detection enables a social
indexing system to better focus the presentation of infor-
mation in ways that effectively satisfy user information
needs. Social indexing systems often have controls that
indicate a presentational focus on either recent events
or events over long periods of time, such as described
in commonly-assigned U.S. Patent Application, entitled
"System and Method for Using Banded Topic Relevance
and Time for Article Prioritization," Serial No. 12/360,823,
filed January 27, 2009, pending, the disclosure of which
is incorporated by reference. By providing a user with a
enhanced display of hot topics, the system helps a user
to discover the most recent changes through hot topic
detection. The social indexing system can take note of
the user’s focus and act to enhance the display of infor-
mation within that focus.
[0056] Similarly, a user’s experience in using a social
indexing system is further focused through cold topic de-
tection by removing from view information, which has
become increasingly out-of-date. In conventional Web
information retrieval systems, old articles are typically
not shown. A cold topic detector, however, does more
than merely skipping old articles. Rather, a cold topic

17 18



EP 2 211 282 A2

11

5

10

15

20

25

30

35

40

45

50

55

detector makes possible not only eliding out-of-date ar-
ticles, but also eliding the topics themselves from navi-
gational guides, such as indexes and topic trees, for top-
ics that have become cold.
[0057] Finally, information, which includes both arti-
cles and topics, from hot and cold topic detectors can be
used selectively. For example, indicating "no results
found" when search results correspond to topics that
have gone cold would be confusing to a user. To avoid
confusion, search results can instead include both nav-
igational guides and articles that selectively include cold
topics in response to a user’s query. Thus, the selected
cold topics would be displayed if a topic happened to be
older than the user’s current temporal focus, but was
clearly the most relevant material for their attention.

Claims

1. A computer-implemented method for managing user
attention by detecting hot topics in social indexes,
comprising:

maintaining articles of digital information and at
least one social index comprising topics that
each relate to one or more of the articles;
retrieving topic models matched to the digital in-
formation for each topic;
classifying the articles under the topics using the
topic models;
evaluating each of the topics in the social index
for hotness, comprising:

defining a plurality of time periods projected
from the present;
evaluating counts of the articles appearing
under each time period;
choosing the topics exhibiting a rising curve
in the count of the articles that increases
with recency during the time periods; and
analyzing quality of the articles within the
topics chosen; and presenting the topics
comprised of the articles having acceptable
quality.

2. A method according to Claim 1, wherein the time
periods comprise, in order of decreasing weight, one
or more of day over week, day over month, and week
over month.

3. A method according to Claim 1, further comprising:

for each of the topics chosen, determining close-
ness of the topic to a center of the topic; and
favoring those topics comprised of the articles
close to the center of the topic.

4. A method according to Claim 1, further comprising:

determining user metrics for the articles count-
ed, comprising:

counting a number of times that each article
appearing under each time period has been
read; and
finding a number of votes on each article
appearing under each time period has been
read; and

favoring those topics comprised of the articles
with the stronger user metrics.

5. A method according to Claim 1, further comprising:

setting a candidate score for each of the topics
based on an increase in the count of the articles
under each time period;
discounting each candidate score for those top-
ics comprised of a high article count percentile
rise and low article count;
discounting each candidate score for those top-
ics comprised of a roll-up topic;
enhancing each candidate score comprised of
popular articles; and
favoring those topics with the higher candidate
scores.

6. A method according to Claim 1, further comprising:

determining a form of training used to form the
topic models;
generating a training score under example-
based training for each topic chosen, compris-
ing:

counting numbers of positive and negative
training examples;
setting a training score in proportion to the
positive and negative training examples
numbers used;
identifying a number of characteristic words
comprised in the articles relating to the top-
ic; and
adjusting the training score in proportion to
the number of the characteristic words; and

favoring those topics with the higher training
scores.

7. A method according to Claim 1, wherein the quality
of the articles comprises one or more of recent
growth during the time periods; source reputation,
and increase in number of sources.

8. A method according to Claim 1, wherein the topic
models comprise at least one of fine-grained topic
models and coarse-grained topic models.
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9. A computer-implemented method for managing user
attention by detecting cold topics in social indexes,
comprising:

maintaining articles of digital information and at
least one social index comprising topics that
each relate to one or more of the articles, where-
in each article includes each of content and an
indication of recency;
retrieving topic models matched to the digital in-
formation for each topic;
classifying the articles under the topics using the
topic models;
evaluating each of the topics in the social index
for coldness, comprising:

maintaining a coldness threshold time peri-
od; and
eliding those articles comprised of the indi-
cation of recency that exceeds the coldness
threshold time period; and

presenting the topics that were not elided.

10. A computer-implemented system for managing user
attention by detecting hot topics in social indexes,
comprising:

an electronic database, comprising:

articles of digital information and at least
one social index comprising topics that each
relate to one or more of the articles main-
tained for social indexing; and
topic models matched to the digital informa-
tion for each topic;

a processor and memory within which code for
execution by the processor is stored, further
comprising:

a classifier module classifying the articles
under the topics using the topic models;
an evaluation module evaluating each of the
topics in the social index for hotness, com-
prising:

a plurality of electronically-stored time
periods projected from the present;
an article count evaluation module
evaluating counts of the articles ap-
pearing under each time period;
a topic chooser module choosing the
topics exhibiting a rising curve in the
count of the articles that increases with
recency during the time periods; and
an analysis module analyzing quality of
the articles within the topics chosen;

and

a user interface visually presenting the topics
comprised of the articles having acceptable
quality.

11. A system according to Claim 10, wherein the time
periods comprise, in order of decreasing weight, one
or more of day over week, day over month, and week
over month.

12. A system according to Claim 10, wherein the proc-
essor and memory further comprise:

an topic evaluation module determining, for
each of the topics chosen, closeness of the topic
to a center of the topic, and favoring those topics
comprised of the articles close to the center of
the topic.

13. A system according to Claim 10, wherein the proc-
essor and memory further comprise:

a user metrics evaluation module determining
user metrics for the articles counted, comprising

a read count module counting a number of
times that each article appearing under
each time period has been read; and
a vote count module finding a number of
votes on each article appearing under each
time period has been read,

wherein those topics comprised of the articles with
the stronger user metrics are favored.

14. A system according to Claim 10, wherein the proc-
essor and memory further comprise:

a candidate scoring module setting a candidate
score for each of the topics based on an increase
in the count of the articles under each time pe-
riod, discounting each candidate score for those
topics comprised of a high article count percen-
tile rise and low article count, discounting each
candidate score for those topics comprised of a
roll-up topic, enhancing each candidate score
comprised of popular articles, and favoring
those topics with the higher candidate scores.

15. A computer-implemented system for managing user
attention by detecting cold topics in social indexes,
comprising:

an electronic database, comprising:

articles of digital information and at least
one social index comprising topics that each
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relate to one or more of the articles main-
tained for social indexing, wherein each ar-
ticle includes each of content and an indi-
cation of recency; and
topic models matched to the digital informa-
tion for each topic;

a processor and memory within which code for
execution by the processor is stored, further
comprising:

a classifier module classifying the articles
under the topics using the topic models;
an evaluation module evaluating each of the
topics in the social index for coldness, com-
prising:

a electronically-stored coldness
threshold time period; and
an elision module eliding those articles
comprised of the indication of recency
that exceeds the coldness threshold
time period; and

a user interface visually presenting the topics
that were not elided.
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