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SYSTEMS AND METHODS FOR CROSS-MEDIA
EVENT DETECTION AND COREFERENCING

CROSS REFERENCE TO RELATED APPLICATIONS

[01] This application claims priority to U.S. Provisional Patent Application No. 62/559,079,
filed on September 15, 2017, and U.S. Provisional Patent Application No. 62/579,218, filed
on October 31, 2017; is a continuation-in-part of and claims priority to U.S. Patent
Application No. 15/143,730, filed on May 2, 2016, which claims priority to U.S. Provisional
Patent Application No. 62/158,609, filed on May 8, 2015, and U.S. Provisional Patent
Application No. 62/186,419, filed on June 30, 2015; and claims priority to U.S. Patent
Application No. 16/130,390, filed on September 13, 2018; each of the above applications
being hereby incorporated by reference herein in their entireties.

BACKGROUND INFORMATION

[02] Timely knowledge of events enables better decision-making in a broad range of
fields including finance, security, policy, governance, planning and disaster coordination
efforts. For example, a government may use knowledge of an event to make better
decisions regarding political unrest in a region, a trader may use event knowledge to gain
insights into companies vulnerable to natural disasters, and a non-governmental
organization may use event knowledge to optimize the allocation of aid workers to where
they are needed most.

[03] Extracting attributes of events, such as one or more of the who, what, where, when,
why and how of the event, in real time from the text of media, entails many challenges. For
example, postings of social media platforms may be mostly noise, such as spam, chit chat,
etc., be related to events that are not newsworthy or otherwise of interest for decision
making, be one of many postings that discuss a same event, and use custom lingo that
obscures the attributes of the event. News articles, while in some respects inherently more
event-related than an average social media posting, nonetheless also present difficulties
corresponding to their particular format, such correctly extracting the event attributes from

a relatively larger amount of information.

[04] Additionally, event information extracted from any given type of media may be
subject to limits on its usefulness related to limitations of the type of media itself. For
example, while social media, such as Twitter, has proven to be a major source of breaking
news across a variety of topics, with one study indicating that Twitter led mainstream news
media in more than 20% of disaster-related stories, it is often unreliable, and only provides

limited information about the event. By contrast, while traditional news articles are typically
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rigorously verified before publication, and thus more reliable, and present a rich context that
completes the semantic picture about an event, news articles may report breaking news

slower than social media.

[05] Finally, extracting event information from more than one media type, such as from
both social media and news articles, is challenging due to their difference in text length and
reporting style.

[06] Thus, a need exists for systems and methods to perform event extraction on multiple
different types of media, in @ manner to both correctly extract event information from these

sources, and overcome the potential limitations of any given one of these types of media.
BRIEF DESCRIPTION OF THE DRAWINGS

[07] So that the features of the present invention can be understood, a number of
drawings are described below. However, the appended drawings illustrate only particular
embodiments of the invention and are therefore not to be considered limiting of its scope,
for the invention may encompass other equally effective embodiments.

[08] FIG. 1is an exemplary architectural diagram of the system.

[09] FIG. 2 is an exemplary event processing server.

[10] FIG. 3ais an exemplary flow chart of one implementation of the disclosure.
[11] FIG. 3bis an exemplary flow chart of another implementation of the disclosure.
[12] FIG. 4a illustrates exemplary elements in a veracity calculation.

[13] FIG. 4b illustrates exemplary elements in an alternative verification calculation.
[14] FIG. 5a illustrates an exemplary processing of an item of social media data.

[15] FIG. 5billustrates an example table representation of mapping key concepts to the
respective social media data.

[16] FIG. 5cillustrates an example database representation in relation to the exemplary
social media data of Fig. 5a.

[17] FIG. 5d illustrates an example unit cluster.
[18] FIG. 5eillustrates an exemplary ingested data.
[19] FIGS. 5f-5k is an exemplary metadata of ingested data in Fig. 5e.

[20] FIGS. 5lI-5n is an exemplary metadata of an event detected cluster with ingested

data of Fig. 5e as one of the related unit data.
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[21] FIG. 6a illustrate default event detected clusters viewable through an exemplary
graphical user interface (GUI).

[22] FIG. 6b illustrate exemplary event detected clusters viewable through an exemplary
graphical user interface (GUI).

[23] FIG. écillustrate a selected event detected cluster viewable through an exemplary
graphical user interface (GUI).

[24] FIG. 7a-7e illustrate additional filters on event detected clusters available through an

exemplary graphical user interface (GUI).

[25] FIG. 8 is a schematic diagram depicting an embodiment of a system for detecting
and coreferencing events across media types.

[26] FIG. 9 is a schematic diagram depicting an embodiment of a cross-media event

detection and coreferencing system.

[27] FIG. 10 is a flowchart depicting an embodiment of a method of detecting and

coreferencing events across media types.

[28] FIG. 11 is a schematic diagram depicting an embodiment of a news event extraction

module.

[29] FIG. 12 is a flowchart depicting an embodiment of a method of detecting and

generating representations of events referenced by news articles.

[30] FIGS. 13A-13C depict embodiments of news articles, social media postings and
corresponding generated event representations for events that are coreferenced by the
depicted news articles and social media postings.

[31] FIGS. 13D-13F depict embodiments of displays of coreferenced events of the event
types in FIGS. 13A-13C, respectively, detected for a predetermined time period.

[32] FIG. 14 is a schematic diagram depicting an embodiment of a social media event
extraction module.

[33] FIG. 15 is a flowchart depicting an embodiment of a method of detecting and
generating representations of events referenced by social media postings.

[34] FIG. 16 is a schematic diagram depicting an embodiment of an event coreferencing

module.

[35] FIG. 17 is flowchart depicting an embodiment of a method of determining event
coreferencing across media types.
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[36] FIG. 18 is a schematic diagram depicting an embodiment of a similarity calculation

module.

[37] FIG. 19 is a flowchart depicting an embodiment of @ method of calculating similarities

between a news article and a social media cluster.

[38] FIG. 20 is a schematic diagram depicting an embodiment of a computer system for
implementing components of the system for detecting and coreferencing events across

media types.

[39] FIG. 21 is a schematic diagram depicting further embodiments of the cross-media

event extraction and coreferencing system and user system.

[40] FIG. 22 is a flowchart depicting an embodiment of a method of providing an alert for

a coreferenced event.

[41] FIG. 23A-23C depict embodiments of email, text, and feed alerts, respectively, for a

coreferenced event.

[42] FIG. 24 depicts an embodiment of an alert application of the user system for

interfacing with an API of the cross-media event extraction and coreferencing system.

[43] FIG. 25 is a map depicting embodiments of event information of an event production

system.

[44] FIG. 26 is a chart depicting embodiments of event information of an event

production system.
DETAILED DESCRIPTION OF EXAMPLE EMBODIMENTS
Social Media Event Detection and Verification

[45] FIG. 1 shows an exemplary system 100 for detecting and verifying an event from
social media data. As shown in FIG.1, in one implementation, the system 100 is configured
to include an event detection server 110 that is in communication with a social media
platform 180 over a network 160. The system 100 further comprises an access device 170
that is in communication with an event processing server 210 over the network 160. Further
details of an exemplary event processing server 210 are illustrated in FIG. 2. The event
detection server 110 is in communication with the event processing server 210 over the
network 160. Access device 170 can include a personal computer, laptop computer, or other
type of electronic device, such as a mobile phone, smart phone, tablet, PDA or PDA phone.
In one implementation, for example, the access device 170 is coupled to I/O devices (not
shown) that include a keyboard in combination with a point device such as a mouse for
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sending an event request to the event processing server 210. Preferably, the access device
170 is configured to include a browser 172 that is used to request and receive information
from the event processing server 210. Communication between the browser 172 of the
access device 170 and event processing server 210 may utilize one or more networking
protocols, which may include HTTP, HTTPS, RTSP, or RTMP. Although one access device

170 is shown in FIG. 1, the system 100 can support one or multiple access devices.

[46] The network 160 can include various devices such as routers, servers, and switching
elements connected in an Intranet, Extranet or Internet configuration. In some
implementations, the network 160 uses wired communications to transfer information
between the access device 170 and the event processing server 210, the social media
platform 180 and the event detection server 110. In another implementation, the network
160 employs wireless communication protocols. In yet other implementations, the network
160 employs a combination of wired and wireless technologies.

[47] Asshown in FIG. 1, in one implementation, the event detection server 110, may be a
special purpose server, and preferably includes a processor 112, such as a central
processing unit ("CPU"), random access memory (‘RAM") 114, input-output devices 116, such
as a display device (not shown), and non-volatile memory 120, all of which are interconnect
via a common bus 111 and controlled by the processor 112.

[48] In one implementation, as shown in the FIG. 1 example, the non-volatile memory
120 is configured to include an ingestion module 122 for receiving social media data from
the social media platform 180. Exemplary social media platforms are, but not limited to,
Twitter®, Reddit®, Facebook®, Instagram® or LinkedIn®. As used herein, the phase
“ingested data” refers to received social media data, which may be but is not limited to,
tweets and/or online messages, from the social media platform 180.

[49] The non-volatile memory 120 also includes a filtering module 124 for processing
ingested data. In one implementation, processing of the ingested data may comprise but is
not limited to, detecting language of the ingested data and filtering out ingested data that
contains profanity, spam, chat and advertisements.

[50] The non-volatile memory 120 is also configured to include an organization module
126 for analyzing semantic and syntactic structures in the ingested data. In one
implementation, the organization module 126 may apply part-of-speech tagging of the
ingested data. In another implementation, the organization module 126 detects key
concepts included in the ingested data.



10

20

25

30

WO 2019/055654 PCT/US2018/050885

[51] Asshown in the FIG. 1 example, the non-volatile memory 120 may also be
configured to include a clustering module 128 for storing key concepts identified by the
organization module 126 into a database, an example of which may be but is not limited to
a hashmap, and generating an event detected cluster upon reaching a threshold of distinct

ingested data containing common key concepts.

[52] The non-volatile memory 120 is also further configured to include a topic
categorization module 131 for classifying the event detected cluster by topics; a
summarization module 132 for selecting a representative description for the event detected
cluster; and a newsworthiness module 133 for determining a newsworthy score to indicate
the importance of the event detected cluster.

[53] The non-volatile memory 120 is also configured to include an opinion module 134 for
detecting if the each ingested data in the event detected cluster contains an opinion of a
particular person or is factual (e.g., non-opinionated tone), and a credibility module 135, for
determining the credibility score of the ingested data. In one implementation, the credibility
score is associated with three components: user/source credibility: who is providing the
information, cluster credibility: what is the information, and tweet credibility: how is the

information related to other information.

[54] The non-volatile memory 120 is further configured to include verification module 150
for determining the accuracy of the event detected cluster. In one implementation,
verification may be done by a veracity algorithm which generates a veracity score. In
another implementation, the verification module 150 may generate a probability score for an

assertion being true based on evidences collected from ingested data.

[55] The non-volatile memory 120 is further configured to include a knowledge base
module 152 for developing a database of information pertaining to credible sources and
stores the information in a knowledge base data store 248 (FIG. 2).

[56] As shown in the exemplary FIG. 1, a data store 140 is provided that is utilized by one
or more of the software modules 124, 126, 128, 131, 132, 133, 134, 135,150, 152 to
access and store information relating to the ingested data. In one implementation, the data
store 140 is a relational database. In another implementation, the data store 140 is a file
server. In yet other implementations, the data store 140 is a configured area in the non-
volatile memory 120 of the event detection server 110. Although the data store 140 shown
in FIG. 1 is part of the event detection server 110, it will be appreciated by one skilled in the
art that the data store 140 can be distributed across various servers and be accessible to the
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server 110 over the network 160. As shown in FIG. 1, in one implementation, the data
store 140 is configured to include a filtered data store 141, an organization data store 142, a
cluster data store 143, a topic categorization data store 144, a summarization data store
145, a newsworthiness data store 146, an opinion fact data store 147, a credibility data
store 148 and a veracity data store 154.

[57] The filtered data store 141 includes ingested data that has been processed by the
filtering module 124. For example, in one implementation, the ingested data processed by
filtering module 124 may be English language tweets that do not contain profanity,
advertisements, spam, chat or advertisement.

[58] The organization data store 142 includes ingested data that has been processed by
the organization module 126. In one implementation, the ingested data in organization data
store 142 may include parts-of-speech tagging notations or identified key concepts, which
are stored as a part of ingested data metadata.

[59] The cluster data store 143 includes ingested data that has been processed by
filtering module 124 and organization module 126 and is queued to be formed into a cluster.
In a further implementation, the cluster data store 143 may also contain a data store or
database of key concepts (e.g. hashmap) identified by the organization module 126
matched to corresponding ingested data. As used herein with relation to the database of
key concepts, ingested data (e.g., tweets and/or online messages) may also be referred to
as unit data.

[60] The topic categorization data store 144 includes the classification of the event
detected cluster determined by the topic categorization module 131. Exemplary topics may
include but are not limited to business/finance, technology/science, politics, sports,
entertainment, health/medical, crisis(war/disaster), weather, law/crime, life/society, and
other.

[61] The summarization data store 145 includes a selected unit data that is representative
of the event detected cluster as determined by the summarization module 132.

[62] The newsworthiness data store 146 includes the newsworthy score computed by
newsworthiness module 133. For example, a higher score would imply that the event
detected cluster is likely to be important from a journalistic standard.

[63] The opinion data store 147 includes information pertaining to the determination by
the opinion module 134 of whether a given unit data comprises an opinion of a particular

person or an assertion of a fact.
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[64] The credibility data store 148 includes a credibility or confidence score as determined
by the credibility module 135.

[65] The veracity data store 154 includes metrics generated by the verification module
150 regarding the level of accuracy of the event detected cluster. In one implementation, it
may be the veracity score determined through a veracity algorithm. In another
implementation, it may be a verification score indicating the probability of accuracy based on
all the evidences collected from social media.

[66] In a further implementation, as shown in FIG. 1, the Event Processing Server 210
includes a processor (not shown), random access memory (not shown) and non-volatile
memory (not shown) which are interconnected via a common bus and controlled by the
processor. In one implementation, the Event Processing Server 210 is responsible for
storing processed information generated or to be used by the Event Detection Server 110.
In another implementation, the Event Processing Server 210 also communicates directly
with the user. The Event Processing Server 210 is further illustrated in relation to FIG. 2.

[67] It should be noted that the system 100 shown in FIG. 1 is one implementation of the
disclosure. Other system implementations of the disclosure may include additional
structures that are not shown, such as secondary storage and additional computational
devices. In addition, various other implementations of the disclosure include fewer

structures than those shown in FIG. 1.

[68] Turning now to FIG. 2, the Event Processing Server 210 in one implementation
contains a web server 220 with a non-volatile memory 230 and a UI (user interface) module
232.

[69] The UI module 232 communicates with the access device 170 over the network 160
via a browser 172. The UI module 232 may present to a user through the browser 172
detected events clusters and their associated metadata. Exemplary associated metadata
may be but are not limited to the topic, newsworthiness indication and verification score
associated with one or more event detected clusters.

[70] The event processing server 210 may further comprise a data store 240 to host an
ingested data store 242, a generated cluster data store 244, an emitted data store 246 and
the knowledge base data store 248.

[71] The ingested data store 242 includes ingested data received from social platform 180

and processed by ingestion module 122.
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[72] The generated cluster datastore 244 includes the event detected clusters that have
been processed by modules 122, 124, 126, 128, 131, 132, 133, 134,135 and 150.

[73] The emitted data store 246 includes key concepts and corresponding ingested data
that were discarded by the clustering module 128, as explained in relation to steps 330-332
of FIG. 3a. In an alternative implementation, the emitted data store may be located in the
event detection server 110.

[74] The knowledge base data store 248 includes a list of credible sources as determined
by knowledge base module 152.

[75] In one implementation, the Event Processing Server 210 communicates with the
Event Detection Server 110 over the network 160. In another implementation, the Event
Processing Server 210 is included in the nonvolatile memory 120 of Event Detection Server
110. In yet another implementation, the Event Processing Server 210 is configured to
communicate directly with the Event Detection Server 110. An exemplary event processing

server 210 may be but is not limited to MongoDB® or ElasticSearch® .

[76] Referring now to FIG. 3, an exemplary method 300 of detecting and verifying social
media events is disclosed. As shown in the FIG. 3, at step 302, information from social
media platform 180 is retrieved by the ingestion module 122 of event detection server 110.
In one implementation, the ingestion module 122 may include scripts or code that interface
with the social media platform 180 application API. The scripts or code are also able to
request and pull information from the APIs. In another implementation, the ingestion
module 122 may determine the location of the ingested data and the user and append
location information as metadata to the ingested data.

[77] Next at step 304, upon receiving the ingested data, the ingestion module 122 stores
the ingested data into the ingested data store 242 of event processing server 210. Ina
further implementation, metadata may also be generated by the ingestion module 122 and
appended to the ingested data prior to storage in the ingested data store 242.

[78] In an alternative implementation, the knowledge base module 152 may compile the
list of credible sources using information gathered from the ingested data. The knowledge
base module 152 stores the list of credible sources in the knowledge base data store 248.
In one implementation, the knowledge base module 152 may analyze user profiles from the
ingested data to capture information such as user affiliations or geography to be used for
compilation of the list of credible sources. In a further implementation, the knowledge base
module 152 takes established credible users and reviews lists generated by the user for
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relevant information that may be used to generate the list of credible sources. For example,
if a credible user has a tech list containing a list of tech users, user IDs and related
information (e.g., a related tech list associated with the user ID) associated with the tech
users are also mined for information. The knowledge base module 152 continually updates
knowledge base data store 248 as further social media data are ingested and may be

evaluated at a predetermined frequency to ensure the information is current.

[79] Continuing onto step 306, the filtering module 124 retrieves the ingested data from
ingested data store 242 and processes the ingested data. Exemplary processing by the
filtering module 124 may include language detection and profanity detection. In one
implementation, the filtering module 124 determines the language of the ingested data and
eliminates ingested data that are not in English. In an alternative implementation,
elimination of ingested data can be for other languages.

[80] The filtering module 124 may also detect profane terms in the ingested data and flag
the ingested data that contains profanity. Ingested data containing profanity is then
eliminated by the filtering module 124. In one implementation, the detection of profanity is

based on querying a dictionary set of profane terms.

[81] In a further implementation, the filtering module 124 may utilize a classification
algorithm that removes ingested data that is recognized to be spam, chat or advertisements.
Exemplary indication of spam would be ingested data saying “follow me @xyz”. Exemplary
chat in ingested data may be general chatter about daily lives like “good morning”.
Exemplary advertisements in ingested data may contain language such as “click here to buy
this superb T-shirt for $10.” In one implementation, the classification algorithm is based on
a machine learning model that has been trained on a number of features based on language
(i.e., terms used in constructing the data), message quality (i.e., presence of capitalization,
emoticons), user features (i.e., average registration age). Exemplary machine learning
models include, but are not limited to, Support Vector Machines, Random Forests, and
Regression Models. The filtered ingested data is then stored in filtered data store 141.

[82] Once filtering has been completed by the filtering module 124, at step 308, the
organization module 126 retrieves the now filtered ingested data from filtered data store
141 and detects key concepts in the ingested data. In one implementation, the organization

module 126 detects semantic and syntactic structures in the ingested data.

[83] Inanocther implementation, the organization module 126 may apply part-of-speech
tagging, through a Part-Of-Speech tagger, on the ingested data. For example, the
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organization module 126 recognizes verbs, adverbs, proper nouns, and adjectives in the
ingested data. In a further implementation, there may be a predefined list of terms used for
recognition by the organization module 126 that includes, but are not limited to, crisis terms
like “fire,” “tornado”, or “blast”. The predefined list of terms may also be further customized
based on concepts that are not proper nouns but are a good proxy for the main context of

the ingested data.

[84] Part-of-speech tagging notations or identified key concepts may then be stored into
the organization data store 142. In one implementation, the Part-of-speech tagging
notations or identified key concepts may be appended to the ingested data metadata and
stored into the organization data store 142.

[85] All key concepts, proper nouns, hashtags, and any list terms found in the ingested
data are designated as a ‘markable’. In a further implementation, the markable may be
further concatenated to produce markables that are more meaningful. For example, if
“"New” followed by “York” has been identified as a markable, then the terms are
concatenated to indicate the revised markable as “"New_York” and removing individual
“New” and “York”.

[86] Once the key concepts are identified by the organization module 126, the clustering
module 128 at step 310, obtains organized ingested data from organization data store 142
and creates a database of key concepts with a reference to the corresponding ingested data.
In one implementation, the referenced corresponding ingested data maybe in the form of a
unit data. This database is then stored in cluster data store 143.

[87] Atstep 312, each key concept has a predefined time frame to grow to a minimum
count of unit data required to be considered an unit cluster or else it is discarded. An
exemplary threshold count, may be but is not limited to, three (3) unit data for a key
concept. To illustrate, if collective users (i.e., authorship value) are mentioning similar key

concepts in their social media data, there maybe a likelihood of an emerging event.

[88] Once a threshold number of unit data containing common markables have been met,
in step 314, the clustering module 128 generates a unit cluster. In a further implementation,
the unit data corresponding to the markable are generated as the unit cluster in step 314

and are removed from the database in step 316.

[89] However, if the threshold has not been met, at step 330, the markables in the
database may be reviewed. For markables that have not exceeded a predefined time

window, (i.e. 2 hours), the process starts again from step 302 with newly ingested data. To
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illustrate, this may be social media information that is so fresh that other collective users did
not get to mention it yet.

[90] However, markables that never grow to the minimum threshold of unit data after a
predefined time window (i.e., 2 hours) are removed from the database at step 332. The
discarded markables and unit data may be sent to the emitted data store 246 along with
other metadata about it. To illustrate, social media information that no other users are

mentioning might not be an event of importance to a professional consumer.

[91] Returning to step 314, once the unit cluster is generated, its corresponding
markables and unit data are removed from the database in step 316. The newly generated
unit cluster is checked against a set of previously generated event detected clusters, at step
318. The set of previously generated event detected clusters may be located in the cluster
data store 143. In an alternative implementation, generated clusters may be located in the
generated cluster data store 244 of the event processing server 210.

[92] If thereis not @ match to the set of previously generated event detected clusters,
continuing onto step 324, the unit cluster is determined to be a new event detected cluster
by the clustering module 128 and is stored into cluster data store 143.

[93] However, if there is @ match to existing generated event detected clusters, based on
a set of predefined rules, at step 320, a decision to either merge two similar clusters or keep
them as two separate clusters is made. In one implementation, the decision to merge may
be based on the same underlying concepts.

[94] If the decision is to merge two similar clusters, continuing onto step 322, the cluster
module 128 merges the clusters and stores the merged event detected cluster is stored into
cluster data store 143. For example, if social media information is the same as a previously

detected event, the social media information is then merged with the previously detected

event.

[95] However, if the clusters are to remain distinct, continuing onto step 324, the unit
cluster is determined to be a new event detected cluster and is stored into cluster data store
143. For example, social media information that is distinct from the previously detected
events maybe an event of importance to a professional consumer and should be noted as
such, therefore the unit cluster is considered by the clustering module 128 as an event
detected cluster.

[96] Turning now to FIG. 3b, in a further implementation, upon storing the event

detected cluster, at step 342, enrichments may be applied to the event detected cluster.
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Exemplary enrichments are, but not limited to, topic categorization, summarization,
newsworthiness, opinion and credibility.

[97] As mentioned previously, the topic categorization module 131 may determine one or
more classification for the event detected cluster. The classification may be a taxonomy of
predefined categories (i.e., politics, entertainment). The classification is added to the
metadata for the event detected cluster.

[98] The summarization module 132 may select a unit data in the event detected cluster
that best describes the cluster. The selected unit data is used as a summary for the event
detected cluster. In a further implementation, the summarization module 132 may also
utilize metrics such as the earliest unit data or a popular unit data in the generation of the
summary for the event detected cluster. The summary is added to the metadata for the
event detected cluster.

[99] The newsworthiness module 133 uses a newsworthiness algorithm to calculate a
newsworthy score. The newsworthy score is an indication of the importance of the event
detected cluster from a journalistic standard. For example, an event detected cluster
concerning an airplane crash for a breaking news event is considered more important than a
cluster around a viral celebrity picture. In one implementation, the newsworthiness
algorithm is a supervised Machine Learning algorithm that has been trained on a
newsworthy set of ingested data and predicts a newsworthy score for any ingested data that
is passed through it. The newsworthy score is added to the metadata for the event
detected cluster.

[100] The opinion module 134 determines if the each unit data in the event detected
cluster contains an opinion of a particular person or an assertion of a fact. In one
implementation, for unit data that are an assertion of fact, a score indicative of an assertion
as a fact is also assigned to the unit data and likewise for an opinion. In a further
implementation, the opinion module 134 executes in a two stage process. In the first stage,
a rule based classifier is applied that uses simple rules based on presence/absence of certain
types of opinion/sentiment words, and/or usage of personal pronouns to identify opinions.
In the second stage, all unit data that are indicated to be non-opinions are passed through a
bag-of-words classifier that has been trained specifically to recognize fact assertions. The
determination of fact or opinion is then stored as a part of the event detected cluster

metadata.
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[101] The credibility module 135 determines the confidence score of each unit data in the
event detected cluster. In one implementation, the confidence score is associated with
three components: source credibility, cluster credibility, and tweet credibility. The score and
information generated by the components are then stored as a part of the event detected
cluster metadata.

[102] Source credibility relates to the source of the unit data. If the source is a credible
source, for example, an authority such as the White House stating an event is more credible
than a random unknown user. In one implementation, source credibility is measured by an
algorithm that uses features like, but not limited to, age of the user, description, and
presence of a profile image of the social media account.

[103] Cluster credibility relates to what the information is. Typically, detected events
clusters containing genuine events may have different growth patterns from fake detected
events clusters, such as a fake event might be driven by negative motivations like purposely
spreading rumors. A supervised learning model is used based on historical data that
identifies likelihood of the event detected cluster being true or false based on growth
patterns.

[104] Tweet credibility relates to the content of the individual tweets in the unit data and
the language being mentioned therein. In one implementation, the unit data is evaluated

against a set of textual words trained on credible and noncredible unit data.

[105] Next, at step 344, the verification module 150 analyzes the enrichments applied to
the event detected cluster and its related unit data to determine the level of accuracy of the
event detected cluster. In one implementation, the verification module 150 may generate a
veracity calculation based on three categories: user, tweet-level or social media data level
and event, from the unit data. In another implementation, the verification module 150 may
compute a probability of the propagating rumor being true using extracted language, user
and other metadata features from event detected cluster and its related unit data.
Verification is explained in greater detail in relation to FIG. 4a and 4b.

[106] Finally, at step 346, the enriched event detected cluster is then stored in generated

cluster data store 244 of the event processing server 210.

[107] FIG. 4a illustrates an exemplary description of categories used in a veracity
calculation. The first category for consideration pertains to a user category. In one
implementation, the user features 402a are boolean and may include, but are not limited to:
name, description, url, location, matches cluster location, witness, protected (i.e., private or
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not), verified, as illustrated in FIG. 4a. The user category captures user specific information
gathered from their social media profile. Exemplary features like location or url can weigh
into the credibility of the user. For example, if the user is anonymous for their location, it is
hard to determine the accuracy of what they are saying. However, if their location matches
the location of the event detected cluster, the incident as gathered from the ingested data

might be viewed in a more favorable way as being accurate.

[108] The secondary category for consideration is on the social media level. In one
implementation, the social media features 402b of boolean type, may include, but are not
limited to: multimedia, elongated word, url and news url, as illustrated in FIG. 4a. The
social medial category may further include numerical type: number sentiment positive
words, number sentiment negative words, and sentiment score, which is of numerical type.
For example, if a user is attaching a picture or multimedia to the reported incident, that can
be a clear indication of the accuracy of the reporting on the social media data. In another
example, the type of words used by the user, especially elongated words, i.e.
“OMMMMMMGGG!!" might convey the user’s shock related to the event and lend itself to a
more credible event. However, if the user uses a url in the social media data, the user might
be sharing by reiteration. In a further implementation, the sentiment of the ingested data is
also examined. The ingested data may be checked against a set of positive and negative
words for an indication of the sentiment. As an example, if the event detected cluster
pertains to a disaster, the general tone of the ingested data should be negative.

[109] The third category for consideration is event features. In one implementation, the
event features 402c may include: event topic, which may be categorical type, and highest
retweet count, retweet sum, hashtag sum, negation fraction, support fraction, question
fraction, which may be of numerical type, as illustrated in FIG. 4a. In one implementation, if
the ingested data are twitter tweets, the retweeting count and sum are valued, with the
assumption that the count correlates to the popularity of the event which weighs more in
favor of being accurate. In ancther implementation, hashtags may also be an indicator of
the event. For example, sports related ingested data may contain many hashtags, while a
disaster related ingested data may not have many hashtags, as there might not be time to
list so many hashtags when a disaster is unfolding at the location of the user. In yet another
implementation, the algorithm also takes into consideration the fraction of ingested data
that deny, believe or question the event.

[110] The verification module 150 generates a matrix that is aggregated based on the
three categories to generate a veracity score between -1 to 1, ranging from a false rumor to
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a true story. In one implementation, as illustrated in FIG. 5n, the veracity score 550 may be
added to the metadata of the event detected cluster. In a further implementation, as
illustrated in FIG. 6b, the veracity score 614 may be presented to the user in the form of

circle representations.

[111] FIG. 4b illustrates the determination by the verification module 150 a probability
score for the event detected cluster being true based on information collected from social
media. In the FIG. 4b example, Twitter is used as an exemplary social media platform. In
one implementation, the verification module 150 first determines if the unit data of the
event detected cluster is an expert type assertion or a witness type assertion.

[112] Expert type assertions are assertions that likely to be made only by people or
organizations that are considered authoritative for that assertion. An exemplary expert type
assertion may be the company Apple® asserting that they will be releasing a new iPhone®.
The verification module 150 may invoke the knowledge base module 152 to determine if the
identified user of the unit data (i.e., Apple®) is a credible source and awards a higher score

if the unit data is originating from a credible source.

[113] In a further implementation, if the user of the unit data is from the list of credible
sources determined by the knowledge base module 152 as authoritative on that topic, then
a higher score is given. If the user of the ingested data is not authoritative, then other
experts and their recent tweets are considered by the knowledge base module 152 to collect

or negate the user assertion.

[114] Witness type assertions are assertions any random user may potentially make. These
include crises type of events (for example, User123 assets that an explosion took place in a
particular area.) In one implementation, the verification module 150 compares either the
topic or the geography of the unit data against other unit data from the same geographic
area. If other users are not mentioning the same assertion during the same time period,

then a lower score may be assigned.

[115] In yet a further implementation, a knowledge base of organizations as determined by
the knowledge base module 152 may also be considered. Social media data from the
collective knowledge base of organizations may also be processed by the Event Detection
Server 110 to determine if they are discussing about a similar assertion and are used to
compare with the current unit data to determine level of authenticity.

[116] The verification module 150 may then assign a probability that indicates its likeliness

to be true or false. In one implementation, the verification module may algorithmically
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compute a score between -1 and 1, where 0 is neutral depicting our lack of information in
the matter, 1 depicts highest level of confidence in the assertion being true and -1 being the
highest level of confidence in it being false. For example, if information from very credible
sources have confirmed that an assertion is true, then its score is likely 1. However for cases
that we cannot find concrete evidences for near accuracy of its authenticity or truthfulness,
the score will then fall between -1 and 1 depending on the type of evidences collected. The

confidence may be re-evaluated when new evidences are included in its assessment.

[117] Referring now to FIG. 5a, an exemplary ingested data is illustrated. In one
implementation, the ingested data may be but is not limited to a tweet. The organization
module 126 analyzes semantic and syntactic structures in the ingested data to identify key

”w

concepts. In this example, terms 502a - 502d, such as “confederate flag” “rally” “Linn Park”
“Birmingham” are identified key concepts by organization module 126. Although four key
concepts are identified in this example, there may be n number of terms identified by the
organization module 126. In one implementation, the key concepts are stored in a database
500, with the key concepts designated as a “markable” and the corresponding originating
ingested data as a “unit data”, as illustrated in FIG. 5b. As shown in FIG. 5b, there may be
a column 504 for n number of markables, each with corresponding column 506 pertaining to
n number of unit datas. In one implementation, the database may be a hash table or a

hashmap.

[118] Turning to FIG. 5¢c, an example of the database using information from FIG. 5a is
disclosed. In this example, the ingested data in FIG. 5a is represented as Unit data 1. The
identified key concepts 502a - 502d are listed as markable 508a — 508d in the markable
column 504, and the originating ingested data as Unit data 1 is also noted in the
corresponding column 506. As additional ingested data are processed in accordance with
steps 302-310 of FIG. 3a, each xth ingested data is represented as “Unit data x". For
example, the second ingested data may be represented as “Unit data 2”. If “Unit data 2”
also contains the markable “Linn Park”, it may be added to the row for Linn Park in the
database 500 and “Unit data 2" will be noted along with “Unit data 1” in the corresponding
column 506. Once the unit data for @ markable grows and reaches a predefined threshold,
it is then emitted as an event detected cluster. To put it a different way, this is an indication

that multiple users are reporting similar events and therefore, may be an emerging event.

[119] Turning to FIG. 5d, an exemplary unit cluster is illustrated. In one implementation,
the unit cluster becomes the event detected cluster if the clustering module 128 determines
that there is not already an existing cluster, or if there is an existing cluster but based on
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predetermined rules, the clustering module 128 determines not to merge with an existing
cluster. The unit cluster comprises a threshold number n of n unit data (e.g., 3 unit

cClusters).

[120] FIG. 5e is another exemplary ingested data in the form of a tweet. This ingested
data is one of the many unit data from an exemplary event detected cluster pertaining to
“Mugabe: Foreign firms ‘stole diamonds’: Zimbabwean President Robert Mugabe accuse

”

foreign mining companies of ...”. This ingested data was also selected by the summarization

module 132 as a representative summary of the event detected cluster.

[121] FIGS. 5f-5k are exemplary metadata of ingested data in FIG. 5e. The ingested data
comprises default metadata generated by the social media platform (i.e, twitter metadata)
as illustrated in FIGS. 5f — 5h and 5k. The Event Detection Server generates additional
metadata and is appended to metadata of ingested data described above, and is illustrated
in FIGS. 5i and 5j.

[122] Referring now to FIG. 5i, the added metadata includes, but is not limited to, the
credibility score 535 as determined by the credibility module 135; the opinion score 534 as
determined by the opinion module 134; the profanity indicator 524 as determined by
filtering module 124 and the markables 526 as determined by organization module 126.

[123] FIGS. 5l — 5n are an exemplary metadata of an event detected cluster with ingested
data of FIG. 5e as one of the related unit data.

[124] In FIG. 51 - 5m, the cluster metadata includes, but is not limited to, the
newsworthiness score 533 as determined by newsworthiness module 133; the topic 531 as
determined by topic categorization module 131; the summary 532 as determined by
summarization module 132 and markables 504a as identified in the unit data by the
organization module 126 and selected to form the event detected cluster. Each markables
504a may also include the respective unit data 506a information.

[125] Continuing on to FIG. 5n, the cluster metadata includes, but is not limited to, unit
data 506b forming the event detected cluster and the veracity score 550 as computed by

verification module 150.

[126] Now turning to FIG. 6a, an exemplary graphical user interface (GUI) available
through a browser 172 of access device 170 is disclosed. In one implementation, the
browser 172 includes an application interface 600 that includes a plurality of columns for
viewing of a list of event detected clusters pertaining to channels 602. Within each channel

are the event detected clusters relating to the topic of the channel.
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[127] In one implementation, in the FIG. 6a example, there may be channel 602a for
“newest” and another channel 602b for “trending”. However, although only two channels
are presented on the application interface 600 to the user in this example, there may be n
number of channels displayed on the application interface 600. The default channels
provided by the application interface 600 allow the user to be notified of events that might

be new or trending without having to search by key terms.

[128] In ancther implementation, continuing onto FIG. 6b, a user through the browser 172
of access device 170 may enter a search term in search field 601 to tailor the application
interface 600 to their needs. The UI module 232 of Event Processing Server 210 will then
retrieve any event detected clusters matching the user’s search term from the generated
cluster datastore 244. The results are rendered by the UI module 232 and presented to the
user through browser 172 under channel 602a of program interface 600, with the channel
representing the search term. As shown in FIG. 6b example, channel 602¢ representing the
search term “"GOP” and channel 602d for “Democrats” may be presented for viewing.

[129] In one implementation, the indication 604 provided before the text of the event
detected cluster depicts the number of unit data in the event detected cluster. In a further
implementation, there may be additional designation 605 indicating the event detected
cluster importance based on the topic to a professional consumer (e.g. topic relating to
crises, conflicts (political or geopolitical) or criminal activity).

[130] In a further implementation, the event detected cluster may also be presented with
the topic 606 as determined by topic categorization module 131; categories 608 which may
be customized terms; summary 616 as determined by summarization module 132, The
event detected cluster may also contain concepts 610, which are the markables from the
unit data that formed the event detected cluster, as determined by organization module
126.

[131] The event detected cluster may further be presented with the hashtags 612 used in
the ingested data as detected by the organization module 126, newsworthiness indication
618 as determined by newsworthiness module 133. In one implementation, newsworthiness
indication 618 might be depicted as a filled in star.

[132] The event detected cluster may also be presented with veracity score 614 as
determined by verification module 150. In one implementation, the veracity score may be in
the form of filled-in circles indicative of the strength of the veracity determination, with 5

solid circles as near accurate.
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[133] In yet another implementation, the user may select create new channel 620 based
on concepts in an event detected cluster. The newly created channel is based on identified
concepts 610.

[134] Using the critical event detected cluster as an example, the selection of the cluster is
illustrated in FIG. 6c. The set of unit data 632a-632n corresponding to the selected event
detected cluster 631 is presented. In a further implementation, the user may utilize link 634
to view a specific unit data.

[135] Returning back to FIG. 6b, in another implementation, channel options 622 allows for
filtering of the event detected cluster results presented by UI module 232 onto browser 172
of the access device 170. The UI module 232 receives the filter designation as selected by
the user in the application interface 600 and processes the request in accordance with the
filters illustrated in relation to FIG. 7a-7e.

[136] In one implementation, as shown in FIG. 7a, filtering is available based on topic 710,

sort method 720, category 730 and advance 740 filtering.

[137] FIG. 7b illustrates an exemplary topic filter 710. The topic filter 710 contains list of
topic filters 712a — 712n. They may be, but not limited to, topics pertaining to:
business/finance, crisis, entertainment, hard news, health/medical, law/crime, life/society,
politics, sports, technology, weather, or other as identified by the topic categorization
module 131.

[138] FIG. 7c illustrates an exemplary sort filter 720. The sort filter 720 contains options
722a - 722n and they may be but are not limited to sorting by: newest, updated, most
popular, tending, newsworthy, and veracity.

[139] FIG. 7d illustrates an exemplary category filter 730. The category filter 730 contains
a list of category filters 732a — 732n. The category options may be but are not limited to:
breaking news, conflict, disaster, dow, financial risks, geopolitical risks, legal, legal risks,
markets, oil, politics, shootings, U.S. elections.

[140] FIG. 7e are the advanced options upon selection of advance 740 on application
interface 600. In one implementation, the advance options for the selected channel may be,
reset defaults 744, timeline 746 with a time frame selection, minimum posts 748 count, and
three levels of strict 760, medium 762 or loose 764 for fact 750, newsworthiness 752 and
veracity 754.
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[141] FIGS. 1 through 7e are conceptual illustrations allowing for an explanation of the
present disclosure. Various features of the system may be implemented in hardware,
software, or a combination of hardware and software. For example, some features of the
system may be implemented in one or more computer programs executing on
programmable computer. Each program may be implemented in a high level procedural or
object-oriented programming language to communicate with a computer system or other
machine. Furthermore, each such computer program may be stored on a storage medium
such as read-only-memory (ROM) readable by a general or special purpose programmable
computer or processor, for configuring and operating the computer to perform the functions
described above.

Cross-Media Event Detection and Coreferencing

[142] FIG. 8 depicts an embodiment of a system 800 for detecting and coreferencing
events across media types, the system 800 including a cross-media event detection and
coreferencing system 804, a news production system 808, a social media system 812, an

event production system 816, and a user system 820.

[143] The cross-media event detection and coreferencing system 804 includes a news
event extraction module 824, a social media event extraction module 828, an event system

interface module 832, and an event coreferencing and alerting module 836.

[144] The news event extraction module 824 intakes a stream of news articles from the
news production system 808, detects and extracts information about events referenced by
the news articles, and generates and stores representations of the events. The news
production system 808 may be any system that produces news articles, such as a
newspaper system or online service, news content system or online service, etc.

[145] The social media event extraction module 828 intakes a stream of social media
postings from the social media system 812, detects and extracts information about events
referenced by the postings, and generates and stores representations of the events. The
social media system 812 may be any social media platform that produces social media

postings, such as Twitter, Facebook, Instagram, etc.

[146] An optional event system interface module 832 intakes a stream of event information
from the event production system 816, and stores representations of the events. The event
production system 816 may be any system that produces event information, such as
scientific systems that directly produce weather data, earthquake data, tsunami data, etc.
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[147] The event coreferencing and alerting module 836 receives the representations of
events generated by the news and social media event extraction modules 824, 828,
determines whether any of the news articles and social media postings reference the same
event, i.e., coreference the event, and generates and stores a coreferenced event
representation for any such coreferenced events. In embodiments including the event
system interface module 832, the event coreferencing and alerting module 836 also receives
the event representations from the event system interface module 832, and integrate these
into its event coreferencing. The event coreferencing and alerting module 836 further
generates and outputs alerts for coreferenced events to the user system 820, for use in
decision making and/or system control by the user and/or user system 820.

[148] The user system 820 may be any system used by a user, such as an individual,
organizational, or governmental entity, etc., to receive coreferenced event alerting from the

cross-media event detection and coreferencing system 804.

[149] The cross-media event detection and coreferencing system 804 thus detects,
extracts and provides coreferenced event representations for events referenced across
different media types, including both news articles and social media, and therefore greatly
improves the quality of generated event information by combining aspects of different media
types, including the ubiquitous coverage of social media and the reliability and context of
news articles, which provides a correspondingly improved basis for decision making and/or
control by users and user systems 820.

[150] In embodiments, a system for detecting and coreferencing events across media
types may include only any subset of, or an alternative connection or ordering of, the

features depicted in or discussed herein in regard to FIG. 8.

[151] FIG. 9 depicts an embodiment of the cross-media event detection and coreferencing
system 804, showing embodiments of the news event extraction module 824, social media
event extraction module 828, event system interface module 832, and event coreferencing
and alerting module 836 in more detail.

[152] The news event extraction module 824 includes a news intake module 840, a news
event extraction module 844, and a news event database module 848. The news intake
module 840 retrieves a stream of news articles from the news production system 808. The
news event extraction module 844 detects events referenced by the news articles, extracts
information about the detected events, and generates an event representation including
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attributes of the event based on the extracted information. The news event database
module 848 stores the generated event representations.

[153] The social media event extraction module 828 includes a social media intake module
852, a social media event extraction module 856, and a social media event database module
860. The social media intake module 852 retrieves a stream of social media postings from
the social media system 812. The social media event extraction module 856 detects events
referenced by the social media postings, extracts information about the detected events,
and generates an event representation including attributes of the event based on the
extracted information. The social media event database module 860 stores the generated

event representations.

[154] The event system interface module 832 includes an event system intake module 864,
an event system processing module 868, and an event database module 872. The event
system intake module 864 retrieves a stream of event information from the event production
system 816. The event processing module 868 processes the received event information to
generate event representations including attributes of the events based on the event
information. The event database module 872 stores the generated event representations.

[155] The event coreferencing and alerting module 836 includes an event coreferencing
module 876, a coreferenced event database module 880, and an event alerting module 884.
The event coreferencing module 876 retrieves the event representations stored for the
stream of news articles and for the stream of social media postings, determines whether any
news article and social media posting references a same event, and generates a
coreferenced event representation for such a coreferenced event. In embodiments also
intaking externally generated event information from the event production system 816, the
event coreferencing module 876 also retrieves the event representations stored from the
retrieved external event information, determines whether any news article, social media
posting and external event information reference a same event, and generates a
coreferenced event representation for such a coreferenced event. The coreferenced event
database module 880 stores the generated coreferenced event representations. The event
altering module 884 provides an alert to the user system 820 including coreferenced event
representations, for use by the user or user system in decision making and/or system
control.

[156] In embodiments, a cross-media event detection and coreferencing system may
include only any subset of, or an alternative connection or ordering of, the features depicted
in or discussed herein in regard to FIG. 9.
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[157] FIG. 10 depicts an embodiment of a method 1000 of detecting and coreferencing
events across media types. The method may be performed by or involving components of
the system 800 for detecting and coreferencing events across media types of FIG. 8, such as
by embodiments of the cross-media event detection and coreferencing system 804 of FIG.
9. The method detects, extracts and provides to the user system 820 alerts with
coreferenced event representations for events referenced by both news articles and social
media. The method thus greatly improves the quality of generated event information by
combining aspects of different media types, including the ubiquitous coverage of social
media and the reliability and context of news articles. The method also thus provides a
correspondingly improved basis for decision making and/or control by the user and/or user
system 804. The method begins at step 1002.

[158] At step 1004, a stream of news articles is retrieved. The stream of news articles
may be retrieved by the news article intake module 840, such as by communicating over
one or more communication networks with an interface module 890 of the news production
system 808. For example, the news article intake module 840 may generate and transmit
over the communication network one or more requests to the interface module 890 of the
news production system 808, which may be an application programming interface (API),
and receive from the interface module 890 one or more transmissions over the
communication network including the stream of social media postings in response. At step
1006, event representations for events referenced by the news articles are generated and
stored. The event representations may be generated by the news event extraction module
844, such as discussed in more detail below. The generated event representations may be

stored by the news event database module 848.

[159] In parallel with the news article intake and event representation generation, at step
1008, a stream of social media postings are retrieved. The stream of social media postings
may be retrieved by the social media intake module 852, such as by communicating over
one or more communication networks with an interface module 894 of the social media
system 812. For example, the social media intake module 852 may generate and transmit
over the communication network one or more requests for the interface module 894 of the
social media system 812, which may be an API, and receive from the interface module 894
one or more transmissions over the communication network including the stream of social
media postings in response. At step 1010, event representations for events referenced by
the social media postings are generated and stored. The event representations may be

generated by the social media event extraction module 856, such as discussed in more
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detail below. The generated event representations may be stored by the social media event
database module 860.

[160] Also in parallel with the other intake and event representation generation, at step
1012, a stream of externally generated event information is retrieved. The stream of
externally generated event information may be retrieved by the event system intake module
832, such as by communicating over one or more communication networks with an interface
module 898 of the event production system 816. For example, the event system intake
module 864 may be configured to receive a feed of event information from the interface
module 898 of the event production system 816, which may be an API. At step 1014, event
representations corresponding to the externally generated event information are generated
and stored. The event representations may be generated by the event processing module
868. The generated event representations may be stored by the event database module
872.

[161] Although FIG. 9 separately depicts the news event database module 848, social
media event database module 860, event database module 872, and coreferenced event
database module 880, in embodiments these modules may be implemented using either
separate databases or a single database.

[162] At step 1016, it is determined whether any of the news article and social media
postings reference a same event. A news article and a social media posting referencing a
same event is referrend to herein as the news article and a social media posting
coreferencing the event, and the event is referred to herein as a coreferenced event. Event
coreferencing is determined by the event coreferencing module 876, such as discussed in
more detail below. At step 1018, coreferenced event representations are generated and
stored for determined coreferenced events. The coreferenced event representations are
generated by the event coreferencing module 876, and stored by the event database
module 880.

[163] At step 1020, alerts regarding any corefernced events are provided. The alerts may
be provided by the event alerting module 884, such as by communicating over one or more
communication networks with an interface module 902 of the user system 820. For
example, the alerting module 884 may generate and transmit over the communication
network one or more alert emails, text messages, feed items, APl messages, etc. containing
the coreferenced event representations to the interface module 902 of the user system 820.
In embodiments, the alerting module 884 may receive a transmission from the interface
module 902 of the user system 820 containing one or more criteria defining what types of
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alerts are to be provided to the user system 820, such as defining the type, location, time,
etc., of events, and the alerts transmitted by the alerting module 884 may containing
information for correspondingly selected coreferenced events.

[164] At step 1022, the user and/or user system 820 performs control of components of
the user system 820 based on the received alert. The type of control performed will
generally depend upon the type of user system 820. For manufacturing and other business-
operations user systems, manufacturing, supply chain management, or other business-
operations action may be performed based on the alert. For example, a manufacturing
system may contain a control component that performs supply chain management control,
such as scheduling or routing supply chain deliveries, in response to an alert regarding an
event in a region also containing a manufacturing plant. For financial trading user systems,
a trading action may be performed based on the alert. For example, a financial trading
system may contain a control component that performs trading, such as selling or buying
financial commodities, in response to an alert regarding an event affecting a business stance
of an organization. Other types of control are also possible. The method ends at step 1024.

[165] In embodiments, a method of detecting and co-referencing events across media
types may include only any subset of, or an alternative ordering of, the features depicted in
or discussed above in regard to FIG. 10.

[166] The event representations generated by the event detection and coreferencing
system 804 provide a number of functionalities, including for storage by the event detection
and coreferencing system 804, for use in comparing events by the event detection and
coreferencing system 804, and for use to perform decision making and system control based

on events in the user system 820.

[167] The event representations may include one or more attributes defining the event. In
exemplary embodiments of the event detection and co-referencing system 804 discussed
herein, event representations include an event type, an event location, an event time, and
an event impact. In other examples, event representations may include one or more of the
who, what, where, when, why and how of the event (i.e., who was involved in the event,
what type of event was it and/or what type of human and/or material impact did it have,
where did the event occur, when did the event occur, why did the event occur, and how did
the event occur), or variations thereof. Other embodiments may use other event attributes

for event representations.
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[168] The event representations also may include one or more of the news article and/or
social media posting referencing the event, or links thereto. For example, an event
representation generated for an event referenced by a news articled may include the news
article or a link to the news article. An event representation generated for an event
referenced by a social media posting or cluster of social media postings may include the
social media postings or cluster of social media postings or a link or links thereto. An event
representation generated for an event coreferenced by both a news article and a social
media posting or cluster of social media postings may include the news article, the social
media postings or cluster of social media postings, a link or links thereto, or any combination
thereof.

[169] FIG. 11 depicts an embodiment of the news event extraction module 824, including
an event detection module 906 and an event attribute extraction module 910.

[170] The event detection module 906 detects events, and corresponding event types,
referenced by the retrieved news articles. The event detection module 906 includes a filter
module 914 and an event classifier module 918. The filter module 914 removes non-event
related news articles from the stream of news articles. The event classifier module 918
classifies the type of event referenced by the remaining articles.

[171] The event attribute extraction module 910 extracts further information about the
detected events, and generates an event representation including attributes of the event
based on the extracted information. The event attribute extraction module 910 includes a
candidate attribute extraction module 922, a location attribute extraction module 926, a time
attribute extraction module 930, and an impact attribute extraction module 934. The
candidate attribute extraction module 922 processes the news article to generate candidate
event attributes. The location attribute extraction module 926 generates a location attribute
for the event using the candidate attributes. The time attribute extraction module 930
generates a time attribute for the event using the candidate attributes. The impact attribute
extraction module 934 generates an impact attribute for the event using the candidate

attributes.

[172] In embodiments, a news event extraction module may include only any subset of, or
an alternative connection or ordering of, the features depicted in or discussed herein in
regard to FIG. 11.

[173] FIG. 12 depicts an embodiment of a method 1200 of detecting and generating an
representation of events referenced by news articles. Embodiments of the method of FIG.
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12 may be used to perform the event representation generation and storage step 1006 of
the method 1000 of FIG. 10. The method may be performed by or involving components of
the event detection and coreferencing system 804, such as by or involving components of
the news event extraction module 844 of FIG. 11. The method processes each of the
retrieved stream of news articles to detect whether the article references an event of a
predetermined set of event types, and, if so, generates a representation of the event
referenced by the article. The method may operate on the stream of news articles in real
time to provide a corresponding stream of detected and generated event representations.
The method may be performed for each article in the stream. The method begins at step
1202.

[174] At step 1204, a filtering may be performed to remove articles not related to events.
The filtering may be performed by comparing the article to a set of key words related to
events, and if the article does not have any of the key words, deeming the article to be non-
event related, and if it has any of the key words, deeming it to be event related.

[175] At step 1206, if in step 1204 the article is deemed to be not event-related, the
method proceeds to step 1222, where the method ends, but if in step 1204 the article is
deemed to be event-related, the method proceeds to step 1208.

[176] At step 1208, the type of event referenced by the article is determined. The
determination may be performed using supervised machine learning, including composing a
feature vector based on the news article, inputting the vector to a classifier, and the
classifier predicting that the news article is one of a predetermined set of event types, or
none of these event types, based on the vector. The predetermined set of event types may
be selected to include types of events that will be useful for the user system to have
knowledge of. For example, for a user system focused on events relevant to manufacturing,
finance, security, policy, governance, planning and disaster coordination, in embodiments
the event types may include: conflict, fire, flood, infrastructure breakdown, labor
unavailability, storms, terrorism. That is, the classifier predicts a discrete class label vi ,
where yi € {"conflict’, ‘fire’, ‘flood’, ‘infrastructure breakdown’, ‘labour unavailability’, ‘storms’,
‘terrorism’, ‘none’}, for a given news article xi . Different types of classifiers may be used,
such as Support Vector Machine (SVM), Random Forest, Convolution Neural Network,
Hierarchical Attention Network, etc. An SVM-based approach may provide particularly good
results. The input feature vector may be composed to include word embeddings for words
of the news article. The word embeddings may be customized by training a word
embedding model using a combination of data sources, such as a filtered English Wikipedia
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dump and tokens extracted from news articles tagged with disaster or accident topic codes,
allowing the model to capture the semantic structure of event-related news.

[177] At step 1210, if at step 1208 the article is classified as related to none of the
predetermined set of event types, the method proceeds to step 1222, where the method
ends, but if at step 1208 the article is classified as related to one of the predetermined set
of event types, the event type attribute for the event is selected as the predicted event type,
and the method proceeds to step 1212.

[178] At step 1212, the article is processed to extract candidates for remaining attributes
of the event representation. The processing may include natural language processing the
article to split the raw text into tokens based on morphological aspects of the text, and also
provide additional information for each token, such as a part-of-speech tag, a named entity
type, and a dependency tree, and using these determined enriched tokens as candidate
attributes. For example, mentions of entity types such as locations, dates, numerals etc. in
the text, provides a set of candidate event attributes that efficiently narrows down the
search space for extracting the true event attributes such as the event location, event time
and event impact. The generated enriched tokens also provide leverage in the further
stages of the news event extraction module. For example, the part-of-speech tags capture
the syntactic structure around the words, while the dependency trees can resolve structural
ambiguity.

[179] At step 1214, the location attribute is determined. The location attribute may be
determined by classifying locations of the candidate attributes. For example, the
classification may be performed using supervised machine learning, such as SVM, including
for each candidate location composing a feature vector, inputting the vector to a classifier,
the classifier predicting whether or not that candidate location is the event location with an
associated confidence level, and selecting the candidate location predicted as the event
location with the highest confidence as the event location attribute. The determination of
the location attribute may also include determining geographical coordinates of the selected

location.

[180] The location attribute may be organized using a four-level hierarchy: country as level
0; first administrative area (e.g., state, province, etc.) as level 1; second administrative area
(e.g. county, department, etc.) as level 2; and localities (e.g. city, towns, villages, etc.) as

level 3.
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[181] The feature vector for each candidate location may be composed based on the news
article and candidate attributes. For example, feature vector for each candidate location
may be composed as a concatenation of the following: (1) a vector representing an average
of the word embedding vectors corresponding to the sentence in which the candidate
location is present; (2) a binary vector whose dimensions correspond to the possible entity
types, with the value at each dimension set to 1 only if the entity type appears in the
surrounding k tokens of the candidate location (e.g., for k = 5); (3) a binary vector whose
dimensions correspond to the possible part-of-speech tags, with the value at each dimension
is set similar to above; (4) a position offset of the candidate location in the news article; (5)
a 4-dimensional binary vector that encodes the location representation in the four-level
hierarchy; and (6) a binary value which is set to 1 if the article contains another location
that is more specific (i.e., has a higher lever in the taxonomy) than the candidate location.
The last two components of the feature vector encode the geographical taxonomy while the
rest of the features capture the syntactic and semantic context.

[182] As indicated above, the determination of the location attribute may also include
determining geographical coordinates of the selected location. A problem to address may
be location ambiguity: several distinct locations may have the same name. For example, if
the event location is identified as “Naples", it may be important to disambiguate whether the
location referred is “Naples, Italy" or “Naples, Florida (US)" or “Naples, Illinois (US)". The
ambiguity in the event location may be resolved based on spatial proximity clues. It is
assumed that all the candidate locations are likely to be near to each other (hence to the
event location). When the event location is ambiguous, all potential addresses for the
selected event location are compared with the remaining candidate locations to
disambiguate it. That is, a geocoder is queried to retrieve all the potential addresses
corresponding to all candidate locations. Each address is arranged in the four-level
hierarchy described above. For each potential address of the event location we compute a
score that is the linear combination of an overlap score and a popularity score. The overlap
score is computed by summing the height of the common subtrees between the potential
event location address and all other candidate locations addresses. The popularity score is
returned by the geocoder and is calculated using frequency-based statistics over Wikipedia
articles. Finally, the address with the maximum score is selected and the corresponding
geographical coordinates are used as the coordinates of the location attribute.

[183] At step 1216, the time attribute is determined. The time attribute may be

determined by using a rule-based model to select one of the temporal expressions of the

_30_



10

20

30

WO 2019/055654 PCT/US2018/050885

candidate attributes as the time attribute for the event. For example, a rule-based model
may select as the time attribute the first occurring temporal expression in the article text.
The following four types of temporal expressions may be considered: absolute values (e.g.
12-March), explicit offsets (e.g. yesterday), implicit offsets (e.g. Thursday) and positional
offsets (e.g. last week). An exception to the above rule of the rule-based model may be
when the following two conditions are simultaneously true: (1) the news article began with
an absolute value (usually the publication date/time) and (2) the first sentence of the news
article contains multiple temporal expressions. In such a case, the rule-based model may
ignore the first absolute value and select the second temporal expression as the time
attribute of the event. The time attribute may be composed as a date and time. Generating
the time attribute may include converting the selected temporal expression to a canonical
form, with the publication timestamp of the article used to resolve offsets (e.g, yesterday,

last week).

[184] At step 1218, the impact attribute is determined. The impact of an event may
include one or more of a human impact (e.g., how were humans impacted), a material
impact (e.g., how were material things such as structures, goods, financial quantities, etc.
impacted), etc. For example, an impact attribute may indicate one or more of: a number of
human casualties, a number of humans relocated, or an amount of financial damages.
Typically, the impact of large-scale events is expressed in quantifiable units in association
with an effect (e.g., ten people injured, 15 drowned). The impact attribute may be
determined by classifying numeric references of the candidate attributes and adjacent word
sequences as either representing an impact of the event or not. For example, for each
sentence of the article that contained tokens with a cardinal number part-of-speech tag, that
numeric value is considered as a putative unit of human impact (e.g., ten, 15). The vicinity
of this value in the text is then searched for word sequences that may describe the effect
(e.g., injured, drowned), with putative effect word sequences generated by constructing all
n-grams, e.g., where 1 <= n < 5, from each side of the cardinal token within the sentence.
For each word sequence, a feature vector is generated as a concatenation of: (1) an
average embedding vector corresponding to the word sequence, (2) a length of the word
sequence (n), (3) a pre and post token offset of the cardinal number token, relative to the
word sequence, (4) a binary vector corresponding to one part-of-speech tag for each word
in the word sequence, (5) a binary vector corresponding to the entity types of the word
sequence, and (6) a binary vector corresponding to the dependency tree relations of the
word sequence. Each generated pair of numeric value and feature vector for a word

sequence is then input to a classifier, such as an SVM classifier, and the classifier classifies
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the input numeric value and word sequence as either indicating a human impact or not.
The determined impacts may be mapped into broad categories such as dead, injured,
missing and displaced. The mapped impacts predicted by the classifier may be selected as
the impact attribute. In the case of multiple predicted impacts, the impact attribute may
include all of the predicted impacts, or a single or predetermined number of impacts may be

selected as the impact attribute, such as the impacts predicted with the highest confidence.

[185] At step 1220, the event representation, including the determined event attributes,
for the event referenced by the news article is stored. The event representation may be
stored by the news event database module 848. As discussed above, the stored event
representation also may include the news article itself, or a link to the news article.

[186] In embodiments, a method of a method of detecting and generating a representation
of events referenced by news articles may include only any subset of, or an alternative
ordering of, the features depicted in or discussed above in regard to FIG. 12.

[187] FIGS. 13A-13C depict embodiments of news articles and social media postings from
the month of October 2017 that an embodiment of the cross-media event detection and
coreferencing system 804 determined coreference the same events. FIG. 13A depicts in the
top half of the figure a news article that references an event related to the wildfires that
affected California, and a corresponding event representation extracted by the event
detection and coreferencing system 804 having a fire event type. FIG. 13B depicts in the
top half of the figure a news article that references an event related to the Hurricane
Ophelia storms in Ireland and United Kingdom, and a corresponding event representation
extracted by the event detection and coreferencing system 804 having a storm event type.
FIG. 13C depicts in the top half of the figure a news article that references an event related
to armed conflicts in Afghanistan, and a corresponding event representation extracted by
the event detection and coreferencing system 804 having a conflict event type. FIGS. 13D-
13F depict embodiments of a display of coreferenced events of the event types in FIGS.
13A-13C, respectively, detected by embodiments of the event detection and coreferencing
system 804 for the first three weeks of October 2017, shown as points on a map having the
coordinates of the coreferenced event representations.

[188] FIG. 14 depicts an embodiment of the social media event extraction maodule 856,
including an event detection module 938, an event filtering module 942, and an event

attribute extraction module 946.
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[189] The event detection module 938 detects events referenced by the retrieved social
media postings, and clusters social media postings that reference the same event. The
event detection module 938 includes a noise filter module 950 and an event detection and
clustering module 954. The noise filter module 950 removes non-event related social media
postings from the stream of social media postings. The event detection and clustering
module 954 detects events in the social media postings, and clusters social media postings

that reference a same event.

[190] The event filtering module 942 removes social media clusters that are not related to
events of predetermined event types, such as newsworthy events, and that are not related
to current events. The event filtering module 942 includes a topic classification module 958
and a novelty detection module 962. The topic classification module 958 classifies the type
of event referenced by the social media cluster. The novelty detection module 962
determines whether the event referenced by the social media cluster is a current event.

[191] The event attribute extraction module 946 extracts further information about the
detected events, and generates an event representation including attributes of the event
based on the extracted information. The event attribute extraction module 946 includes an
event summarization module 966, a location attribute extraction module 970, a time
attribute extraction module 974, and an impact attribute extraction module 978. The event
summarization module 966 produces a summary of the social media cluster. The location
attribute extraction module 970 generates a location attribute for the event referenced by
the social media cluster. The time attribute extraction module 974 generates a time
attribute for the event referenced by the social media cluster. The impact attribute
extraction module 978 generates an impact attribute for the event referenced by the social

media cluster.

[192] In embodiments, a social media event extraction module may include only any
subset of, or an alternative connection or ordering of, the features depicted in or discussed
herein in regard to FIG. 14.

[193] In embodiments, the social media event extraction module 856 may instead be, or
be composed of components of, the system 100 for detecting and verifying an event from
social media data. For example, the social media event extraction module 856 may include
components of the system 100 that perform the event detection and extraction
functionalities discussed herein with respect to the embodiment of the social media event
extraction module of FIG. 14, method of detecting and generating an representation of
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events referenced by social media postings of FIG. 15, or subsets or combinations of the
features thereof.

[194] In embodiments, the social media event extraction module 856 may include any
combination the components and/or features of the embodiment of the social media event
extraction module of FIG. 14 and the embodiment of the system 100 for detecting and
verifying an event from social media data of FIG. 1, or any combination of any subset of, or

connection or ordering of, such components and/or features.

[195] FIG. 15 depicts an embodiment of a method 1500 of detecting and generating an
representation of events referenced by social media postings. Embodiments of the method
of FIG. 15 may be used to perform the event representation generation and storage step
1010 of the method 1000 of FIG. 10. The method may be performed by or involving
components of the event detection and coreferencing system 804, such as by or involving
components of the social media event extraction module 856 of FIG. 14. The method
processes the retrieved stream of social media postings to detect whether the postings
reference events of a predetermined set of event types, clusters postings that refer to the
same event, and generates representations of the referenced events. The method may
operate on the stream of social media postings in real time to provide a corresponding
stream of detected and generated event representations. The method begins at step 1502.

[196] At step 1504, the social media postings are filtered to remove postings not related to
events. Postings not related to an event may be considered to be noise, and may include
spam, such as advertisements and bot-generated content, and daily chit-chat. In the
Twitter universe, for example, the signal-to-noise ratio is very small, with only a tiny
minority of about 0.2% of Tweets discussing news events. The filtering of the social media
posting may include applying an iterative set of filters to the postings to remove the noise.
First, a rule-based classifier is used to filter suspicious spam users or messages from certain
domains such as ebay.com. Second, a topic model is used to identify and filter out chit-
chat. The model is trained on two corpora of online conversations that are unrelated to
news. Third, cost-sensitive learning is used to filter the remaining postings. Since the
signal-to-noise ratio is very small, the model is tuned to penalize false positives, so that
messages that may have some valuable content in them are not filtered.

[197] At step 1506, event detection and clustering is performed on the remaining social
media postings. The event detection and clustering detects events referenced by the social
media postings, and groups into a cluster, or collection, postings that refer to the same
event. For example, the postings may be processed using natural language processing to
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identify attributes of a referenced event. For this purpose, an event may be conceptualized
as a semantic entity with four main dimensions: what, where, who, and when. A natural
language processing tool may be used to identify the first three dimensions, if present, in
each posting. A rule-based model that identifies explicit or implicit expressions of time such
as “on Monday,” “this morning,” or *1926"” may be used to identify the fourth dimension.
Next, a soft-matching process is used to align postings along each dimension, and a linear
classifier, trained on the interpolation of these dimensions to group postings around real-
world events, is used to group into clusters postings that refer to the same event. The result
is a cache of clusters, where each cluster consists of postings that discuss a particular event.
This identifies events dynamically and in real-time, and if a cluster forms around an event,
as new postings emerge about the same event, they can be dynamically added to the

cluster.

[198] At step 1508, the type of event referenced by the social media cluster is classified.
The event type classification may be performed similarly to as for the news event type
classification. For example, the event referenced by the clusters may be classified by
determining a feature vector for one or more postings of the cluster, providing the feature
vector as an input to a classifier, and predicting by the classifier whether the posting
references one of a predetermined set of event types, or none of these event types, based
on the vector. The feature vector may include word embeddings for words of the social
media postings of the social media cluster.

[199] For example, in one embodiment, step 1508 may be performed as follows. First, we
induce a Latent Dirichlet Allocation (LDA) model on 500 million postings, setting k=300 as
the number of desired topics, and producing 300 topic distributions. Next, we train a skip-
gram model to jointly predict the word as well as its topic, representing each tweet by a
two-hot vector (one representing the word’s index in the dictionary and another
representing its topic). That is, the two-hot vector comprises the concatenation of two
individual vectors in one-hot encoding, the first of which constituting a redundant encoding
of the word itself (where the 4-th bit set to 1 means the word is the 4th word in the lexicon
and all other bits are set to 0), and the second of which is the topic. The resulting 600-
dimensional embeddings are used as features for a Sequential Minimal Optimization (SMO)
Support Vector Machine (SVM) model to predict the topic. It is trained on a set of 26,300
postings using n+1 topics, including the topic model induced as described above modified to
include a new catch-all topic (the n+1st) to capture tweets that do not fall under any of the

target topics. Tweets predicted as the catch-all rejection class can be removed.
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[200] At step 1510, clusters not related to current events are removed. Current events
may be defined as events occurring within a predetermined time period from a current time
of the real time processing of the social media stream. To remove clusters not related to
current events, a hybrid approach may be utilized. First, clusters are analyzed for
expressions of time, with clusters having expressions of time referencing a time period
before a time period of current events being removed. For example, postings that explicitly
mention a historical event such as WWII or 9/11 are removed by a taxonomy-based filter,
and postings that mention an expression of time such as “last week” are removed by
another filter. Secondly, a similarity score may be calculated for newly formed clusters
relative to previously formed clusters, with newly formed clusters similar to previously
formed clusters to within a predetermined degree being regarded as mere updates on the
event of the previous cluster, and thus also removed. For example, a pairwise similarity
score may be calculated between a newly formed cluster and every other cluster in the
cache, and if the incoming cluster closely resembles an older one to a predetermined degree
based on the scorg, it is likely to be an update on an event that is previously reported, and
these residual updates are ignored and the new cluster removed.

[201] At step 1512, a summary of each cluster is determined for inclusion in the event
representation for that cluster. The summary may be generated as a selected one of the
postings in the cluster that may be most representative, objective, and/or informative. For
example, given a cluster, each posting is treated as a document and represented by a tf-idf
vector. Each cluster is then represented by a centroid vector. Each posting vector is then
scored based on its similarity to the centroid. A rule-based approach is utilized to penalize
tweets that include opinionated terms or patterns such as repeated characters or
punctuation. The posting with the highest score is selected as the summary.

[202] At step 1514, a location attribute of the event referenced by the social media cluster
is determined. Since social media postings may have a character limit, the number of
locations mentioned in them is often limited. For example, more than 60% of tweets in one
dataset mention a single location, and fewer than 2% have more than three locations in
them. The location attribute may be selected for the cluster using a rule-based approach. If
multiple locations are mentioned but some are included within others, the less granular
locations are ignored. If the remaining pool of locations includes more than one location, it
is handled based on the nature of the event. For example, floods can span multiple locations
but terror attacks are often limited to one. In cases when the event is limited to one

location, the location mentioned last in the tweet is selected. This is based on the
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observation that in most cases, the last location mentioned in the tweet is the primary
location of the event (e.g. in “Six Islamic State leaders escaping Hawija killed in Diyala.”).
Using this approach, each posting generates one location for the cluster. The location for
the cluster is selected using a voting system to select from among the locations selected for
the postings of the cluster. Additionally, a least-common-distance metric may be used to
disambiguate toponyms such as “Paris” that can be mapped to multiple coordinates around
the word.

[203] At step 1516, a time attribute for the event referenced by the social media cluster is
determined. For social media clusters, the timestamp of the realtime formation of the
cluster by the social media event extraction module 828 may be selected as the time
attribute. For clusters including only a single social media posting, the timestamp of the
posting may be selected as the time attribute.

[204] At step 1518, an impact attribute for the event referenced by the social media cluster
is determined. The impact attribute may be selected as done for the news article in step
1218 of the method of FIG. 12, with the social media cluster or postings of the cluster being
analyzed instead of a news article. Each of the postings of a cluster may be analyzed to
determine impacts, or a single or predetermined number of representative posting of the
cluster, such as the posting used for the summary, may be analyzed to determine impact.

[205] At step 1520, the event representation, including the determined event attributes,
for the event referenced by the social media cluster is stored. The event representation
may be stored by the social media event database module 860. As discussed above, the
stored event representation also may include the some or all of the social media postings of

the social media cluster, or a link or links thereto. The method ends at step 1522.

[206] In embodiments, a method of a method of detecting and generating an
representation of events referenced by social media postings may include only any subset
of, or an alternative ordering of, the features depicted in or discussed above in regard to
FIG. 15.

[207] Returning to FIGS. 13A-13C, FIG. 13A depicts in the bottom half of the figure a
cluster of social media postings that references the event related to the wildfires that
affected California, and a corresponding extracted event representation; FIG. 13B depicts in
the bottom half of the figure a cluster of social media postings that references the event
related to the Hurricane Ophelia storms in Ireland and United Kingdom, and a corresponding
extracted event representation; and FIG. 13C depicts in the bottom half of the figure a

_37_



10

20

25

30

WO 2019/055654 PCT/US2018/050885

cluster of social media postings that references the event related to armed conflicts in
Afghanistan, and a corresponding extracted event representation.

[208] FIG. 16 depicts an embodiment of the event coreferencing module 876, including a
similarity calculation module 982 and a coreferencing module 986.

[209] The similarity calculation module 982 receives the event representations generated
for the stream of news articles and for the stream of social media postings, and determines
one or more similarity measures between the news article event representations and the
social media event representations. The coreferencing module 986 receives the determined
similarity measures, and determines whether any news articles and social media clusters
retrieved from corresponding streams within a predetermined timeframe, anchored back

from the current time, reference the same event, i.e., coreference the event.

[210] In embodiments, an event coreferencing module may include only any subset of, or
an alternative connection or ordering of, the features depicted in or discussed herein in
regard to FIG. 16.

[211] FIG. 17 depicts an embodiment of a method 170 of determining event coreferencing
across media types. Embodiments of the method of FIG. 17 may be used to perform the
event coreferencing and coreferenced event representation generation and storage of steps
1016 and 1018 of the method 1000 of FIG. 10. The method may be performed by or
involving components of the event detection and coreferencing system 804, such as the
event coreferencing module 876 of FIG. 16. The method determines one or more similarity
measures between a given pair of a news article and social media cluster, classifies the pair
as coreferencing a same event or not based on the similarity measures, and for those pairs
that coreference a same event, generates a coreferenced event representation for the
coreferenced event. The method may operate on the streams of event representations
produced from the streams of news articles and social media postings in real time to provide
a corresponding stream of detected and generated coreferenced event representations. The
steps of the method may be performed for each possible pair of news article and social
media cluster generating event representations within a predetermined time window
anchored back from the current time. The method thus greatly improves the quality of
generated event information, by combining qualities of the different media types, including
the ubiquitous coverage of social media and the reliability and context of news articles, to
produce coreferenced event representations, which provides a correspondingly improved
basis for decision making and/or control by the user and/or user system 820. The method
begins at step 1702.
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[212] At step 1704, one or more similarity measure is determined between the news
article, or the event representation for the news article, and the social media cluster, or the
event representation for the social media cluster. The one or more similarity measures may
be based on values of corresponding attributes of the event representation for the news
article and the event representation for the social media cluster. For example, the one or
more similarity measures may include one or more of a similarity measure based on a
location attribute of the news article event representation and a location attribute of the
social media event representation, or a similarity measure based on a time attribute of the
news article event representation and a time attribute of the social media cluster event
representation. The one or more similarity measures also may be based on the text of or
information extracted from the news the news articles and social media clusters, such as
candidate attributes, tokens, etc. For example, the one or more similarity measures may
include one or more of a similarity measure based on a person or organization entity
extracted from the news article and a person or organization entity extracted from the social
media cluster, or a similarity measure based on a title or text of the news article and a text
of the social media cluster.

[213] At step 1706, a classification of whether a pair of a news article and a social media
cluster coreference the same event is performed. The classification may be performed by
composing a feature vector for the pair of the news article and social media cluster based on
the determined one or more similarity measures between the news article and social media
cluster, inputting the feature vector into a trained classifier, such as an SVM classifier, and
the classifier then determining if the news article and social media cluster coreference the
same event or not based on the input vector. The feature vector for the pair of the news
article and social media cluster may be composed from the determined one or more
similarity measures between the news article and social media cluster, such as by

concatenating each of the determined one or more similarity measures into a vector.

[214] At step 1708, if at step 1706, it is determined that the news article and social media
cluster pair do not coreference the same event, the method proceeds to step 1712, where
the method ends, but if at step 1706 it is determined that the news article and social media
cluster pair coreference the same event, the method proceeds to step 1710, where an event
representation for the coreferenced event is generated and stored. The coreferenced event
representation may use the event representation of one or the other of the news article or
social media cluster, or combine these event representations, such as where corresponding

attributes of the event representation agree, using that attribute value, where corresponding
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attributes of the event representation do not fully agree, either selecting one or the other of
the attribute values or using no value, and where one of the event representations includes
an attribute value but the other does not, using that value or no value. The coreferenced
event representation also may include the corresponding news article, social media cluster,
a link or links thereto, or combinations thereof. The coreferenced event representation may

be stored by the coreferenced event database module 880.

[215] In embodiments, a method of determining event coreferencing across media types
may include only any subset of, or an alternative ordering of, the features depicted in or
discussed above in regard to FIG. 17.

[216] FIG. 18 depicts an embodiment of the similarity calculation module 982, including a
spatial similarity calculation module 990, a temporal similarity calculation module 992, an
entity similarity calculation module 994, and a text similarity calculation module 996. The
spatial similarity calculation module 990 calculates a similarity based on the location
attributes of the event representations of the news article and social media cluster. The
temporal similarity calculation module 992 calculates a similarity based on the temporal
attributes of the event representations of the news article and social media cluster. The
entity similarity calculation module 994 calculates one or more similarities based on entities,
such as persons or organizations, extracted from the news article and social media cluster.
The text similarity calculation module 996 calculates a similarity based on text, such as the
title or body, of the news article and the text of the social media cluster.

[217] In embodiments, a similarity calculation module may include only any subset of, or
an alternative connection or ordering of, the features depicted in or discussed herein in
regard to FIG. 18.

[218] FIG. 19 depicts an embodiment of a method 1900 of calculating similarities between
a news article and social media cluster. Embodiments of the method of FIG. 19 may be
used to perform the similarity determining step 1704 of the method 1700 of FIG. 17. The
method may be performed by or involving components of the event detection and
coreferencing system 804, such as the similarity calculation module 984 of FIG. 18. The
method begins at step 1902.

[219] At step 1904, a spatial similarity S between the news article and social media cluster
is determined as a similarity based on locations of the event representations of and/or
extracted from the news article and social media cluster. The determining of the spatial
similarity S. may include determining feature vectors for the news article and the social

_40_



10

15

20

30

WO 2019/055654 PCT/US2018/050885

media cluster based on the candidate locations extracted from the news article and the
candidate locations extracted from the social media cluster, calculating similarities between
each potential pair of such locations of the news article and the social media cluster using
the feature vectors, and determining the spatial similarity S. as function of the determined
candidate location similarities. For example, let X = [x1, x2, ..., xn] be the vector of all
locations extracted from the news article rx, and let Y = [y1,y2, ...,ym] be a vector of all m
locations extracted from a social media cluster ry. Using the geographical taxonomy to
describe locations as discussed above, where a location is split into a four-level hierarchy,
each location can be represented as a tree. A similarity between two locations x and y can
be calculated based on the length of the common path, as follows:

_ _AxNy) |

where x Ny is the maximum common subtree between x and y and A(x) is the height of
tree x. For instance, the similarity between “Lyon” and “Paris” is 1/8, since these two cities
share only the country (i.e., “France”), while the similarity between “Lyon” and “Grenoble” is
2/8, since these two cities additionally share the region (i.e., “Auvergne-Rhéne-Alpes”). The
spatial similarity S. between the news article and social media cluster can then be calculated

based on the location vectors X and Y as:

S, (X,Y) = e, max({u (g, y;)|Vy; € Y))+s, max({u(xs, ;)| vx; € X})

m+n

[220] At step 1906, a temporal similarity St between the news article and social media
cluster is determined as a similarity based on the temporal attributes of the event
representations of and/or temporal expressions extracted from the news article and social
media cluster. The determining of the temporal similarity St may include determining
feature vectors of temporal expressions extracted from the news article and of temporal
expressions extracted from the social media cluster, and determining the temporal similarity
Sr as the minimum time difference between temporal expressions in the news temporal
vector and in the social media temporal vector. For example, let T = [t1,t2,...,tz] bea
vector of all z temporal expressions extracted from the news article rx, and let V = [v1,v2,
...,vw] be a vector of all w temporal expressions extracted from ry. The temporal similarity
St between the news article and social media cluster can then be calculated between two
temporal vectors T and V as the minimum absolute time interval between temporal

expressions in vector T and in vector V, as follows:
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Sp(T,V) = min({|t; — v;||vt; € T,v; € V}).

[221] At step 1908, a person entity similarity Sp between the news article and social media
cluster is determined. The determining of the person entity similarity S may include
determining sets of person entities extracted from the news article and the social media
cluster using natural language processing on the news article and social media cluster, and
determining a similarity, such as Jaccard similarity, between the sets of extracted persons
for the news article and the social media cluster as the person entity similarity Sp.

[222] At step 1910, an organization entity similarity So between the news article and social
media cluster is determined. The determining of the organization entity similarity So may
include determining sets of organization entities extracted from the news article and the
social media cluster using natural language processing on the news article and social media
cluster, and determining a similarity, such as Jaccard similarity, between the sets of
extracted organizations for the news article and the social media cluster as the organization

entity similarity So.

[223] At step 1912, a text similarity Ss between the body of the news article and one or
more postings of the social media cluster is determined. The determining of the text
similarity Ss may include generating vectors for tokenized text of the news article and the
social media posting based on word embeddings, and determining a similarity, such as a
cosine similarity, between the determined vectors. For example, given a tokenized text A =
{a1, ..., aq } for the body of the text of the news article rx or the text of the social media
posting ry, and a pre-trained word embedding model that maps each token ai to a word

vector V_V), for each of the news article and social media posting, the vector representing the

text of the body of the news article or social media posting is computed as:

>t _ zAVi
lal -
The text similarity Sz may be calculated as the cosine similarity between the vector rt%t for
the news article and the vector r**¢ for the social media posting. The text similarity may be
determined for one or more postings of the cluster, such as a representative posting of the

cluster, such as the posting used for the summary.

[224] At step 1912, a text similarity St between the title of the news article and one or
more postings of the social media cluster is determined. The text similarity St may be
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determined in the same way as for the similarity between the body of the news article and
the posting, except the title of the news article is used instead of the body of the news
article.

[225] In embodiments, a method of a method of calculating one or more similarities
between a news article and social media cluster may include only any subset of, or an
alternative ordering of, the features depicted in or discussed above in regard to FIG. 19.

[226] Returning to FIG. 17, for embodiments of the method 1700 using embodiments of
the method 1900 of FIG. 19 to perform the determining of one or more similarities of step
1704, the classification at step 1706 of if the pair of news article and social media cluster
coreference the same event or not may input a feature vector into a classifier composed as
a concatenation of the similarities determined by the method 1900 as follows:

frx; ry = {SL; ST; SO; SP' SE! SB}

[227] Returning to FIGS. 13A-13F, as indicated above, FIGS. 13A-13C depict embodiments
of news articles, social media postings, and corresponding event representations, for events
that an embodiment of the cross-media event detection and coreferencing system 804
determined to be coreferenced by both the depicted news articles and social media postings,
and FIGS. 13D-13F depict embodiments of a display of coreferenced events of the event
types in FIGS. 13A-13C, respectively, detected by the embodiment of the cross-media event
detection and coreferencing system 804 for a predetermined time period, shown as points
on a map having the coordinates of the coreferenced event representations.

[228] Embodiments of the cross-media event detection and coreferencing system 804, user
system 820, news production system 808, social media system 812, and/or event production
system 816, and/or any individual one or subset of these, and/or any individual one, subset,
or all of the components of thereof, such as the news event extraction module 824, social
media event extraction module 828, event system interface module 832, event
coreferencing module 836, and/or components thereof, etc., may be implemented as
hardware, software, or a mixture of hardware and software. For example, each of cross-
media event detection and coreferencing system 804, user system 820, news production
system 808, social media system 812, and/or event production system 816, and/or any
individual one, subset, or all of the components thereof, may be implemented using a
processor and a non-transitory storage medium, where the non-transitory machine-readable
storage medium includes program instructions that when executed by the processor perform

embodiments of the functions of such components discussed herein. In exemplary
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embodiments, each of cross-media event detection and coreferencing system 804, user
system 820, news production system 808, social media system 812, and/or event production
system 816, and/or any individual one, subset, or all of the components thereof, may be
implemented using one or more computer systems, such as, e.g., a mobile computing
device, a desktop computer, laptop computer, network device, server, Internet server, cloud

server, etc.

[229] FIG. 20 depicts an embodiment of a computer system 1030 that may be used to
implement any of cross-media event detection and coreferencing system 804, user system
820, news production system 808, social media system 812, and/or event production system
816, and/or any individual one, subset, or all of the components thereof. The computer
system 1030 includes a processor 1034, a non-transitory machine-readable storage medium
1042, a communication circuit 1038, and optionally other components 1046. The processor
1034 executes program instructions stored in the non-transitory machine-readable storage
medium 1042 to perform the functionality of the system or component that the computer
system 1034 is implementing, as discussed herein. The communication circuit 1038 can be
controlled by the processor 1034 to communicate with other devices, such as any other of
the any of cross-media event detection and coreferencing system 804, user system 820,
news production system 808, social media system 812, and/or event production system 816,
to perform the functionality of the system or component that the computer system 1034 is
implementing, as discussed herein. The optional other components 1046 may include any
further components required by the computer system 1034 to perform this functionality.

[230] In embodiments, a computer system that may be used to implement any of the
cross-media event extraction and coreferencing system, user system, news production
system, social media system, or event production system, and/or any individual one, subset,
or all of the components thereof, may include only any subset of, or an alternative
connection or ordering of, the features depicted in or discussed herein in regard to FIG. 20.

[231] FIG. 21 depicts embodiments of the cross-media event detection and coreferencing
system 804 and user system 820, showing further details of the event alerting module of the
event detection and coreferencing system 804 and the interface module 902 and other
components of the user system 820. In FIG. 21, for clarity of illustration, only component of
the cross-media event detection and coreferencing system 804 and the user system 820

discussed further with respect to the figure are shown, and other components are omitted.

[232] The event alerting module 884 may include an interface component including one or
more of a publishing module 1050 or an API module 1054. The publishing module 1050
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publishes alerts containing generated coreferenced event representations. The publishing
module 1050 may publishes the alerts in a variety of ways, such as by transmitting emails
containing the alerts to the user system 820, sending text messages containing the alerts to
the user or user system 820, or providing a feed received by the user system 820 containing
the alerts, etc. The API module 1054 implements an API that provides the alerts containing
the generated coreferenced event representations. The API module 1054 may provide the
alerts in a variety of ways, such as by transmitting responses to the user system 820
responsive to specific requests for alerts of the API module 1054 by the user system, by
periodically transmitting alerts to the user system 820 based on established preferences for
receiving alerts received by the API module 1054 from the user system 820, etc.

[233] The user system 820 includes the interface module 902, a control module 1058, and
other system components 1062. The interface module 902 interfaces with the event
alerting module 884 over the one or more communication networks to receive the alerts,

such as from the publication module 1050 or API module 1054, as discussed above.

[234] The control module 1058 implements control of the user system 820 in response to
the alerts, such as to implement the control of step 1022 of FIG. 10. The control module
1058 may include a standalone controller or processor, or may be implemented by a
processor of a computer system implementing the control module 1058 and other
components of the user system 820. The control module 1058 receives the alert and
transmits control instructions to the other components 1062 of the user system 820 to
implement control of these components 1062 based on the alert. The type of control and
other components 1062 may depend on the context and uses of the user system. In one
embodiment, the user system 820 is a supply chain management system for a
manufacturing or other business organization, and the control module 1058 transmits a
signal to a supply chain management module 1062 to control a supply chain, such as to
schedule or reschedule a supply chain delivery, based upon the coreferenced event of the
alert, such as an event near the manufacturing or business organization. In another
embodiment, the user system 820 is a financial trading system, and the control module
1058 transmits a signal to a trading module 1062 to control trading of financial commaodities,
such as to buy or sell the financial commodities, based on the coreferenced event of the
alert, such as an event affecting an organization related to the financial commodities. In
another embodiment, the user system 820 is @ manufacturing system, and the control
module 1058 transmits a signal to a manufacturing module 1062 to control manufacturing

activities, such as to suspend manufacturing activities, based on the coreferenced event of
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the alert, such as an event affecting an area of the manufacturing. Many other types of
alert-based control are possible.

[235] In embodiments, a cross-media event detection and coreferencing system 804 and
user system may include only any subset of, or an alternative connection or ordering of, the

features depicted in or discussed herein in regard to FIG. 21.

[236] FIG. 22 depicts an embodiment of a method 2200 of providing an alert for a
coreferenced event. Embodiments of the method of FIG. 22 may be used to perform the
alerting of step 1020 of the method 1000 of FIG. 10. The method may be performed by or
involving components of the event detection and coreferencing system 804, such as the
event alerting module 884 of the event coreferencing and alerting module 836 of FIG. 9.
The method begins at step 2202. At step 2204, a trigger condition for providing an alert
may be determined to have occurred. The trigger condition may be one or more of the
generation of the coreferenced event by the event coreferencing and alerting module 804,
passage of predetermined amount of time since a previous alert, receipt of a request for an
alert by the API module 1054, etc. At step 2206, the types and recipients of the alert may
be determined. For example, an operator of the event detection and coreferencing system
804 may provide both an alert publishing service and an alert API service that may be
subscribed to by persons and organizations desiring to receive alerts. The event alerting
module 884 may maintain a list of recipients for different types of alerts, such as for
publication or provision by API, and determine from the list a set of recipients and
corresponding alert types for alert generation upon occurrence of the alert trigger. At step
2208, for embodiments including alert publication, the alert is generated and published by
the publication module 1050. The alert publication may take a variety of forms. For
example, the alert may be included in an email or text message addressed to a recipient,
such as the user or user system 820, that has subscribed to such a service, and the
publishing include transmitting the email or text message to the recipient. In another
example, the alert may be included in a feed, such as an RSS feed, and the publishing
include providing the feed to the recipient that has subscribed to such a service. At step
2210, for embodiments including event provision by API, the alert is generated and provided
by the API module 1054. For example, the alert may by transmitted to the interface module
902 of the user system 820 in response to a request to the API module 1054 from an alert
application executing on the user system 820. The method ends at step 2212.
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[237] In embodiments, a method of providing an alert for a coreferenced event may
include only any subset of, or an alternative ordering of, the features depicted in or
discussed above in regard to FIG. 22.

[238] FIGS. 23A-23C depict embodiments of an email, text message, and feed item,
respectively, that the publishing module may transmit to the user system. In FIG. 23A, the
email is addressed to a subscriber of an alert service, and contains a coreferenced event
representation, a copy or link to a news article referencing the coreferenced event, a copy of
or link to a social media cluster referencing the coreferenced event, and a link for further
information such as additional coreferenced event representation attributes, additional news
articles referencing the coreferenced event, additional social media postings referencing the
coreferenced event, etc. In FIG. 23B, the text is addressed to a subscriber of an alert
service, and contains a summary of the coreferenced event, and a link for further
information such as coreferenced event representation attributes, news articles referencing
the coreferenced event, social media postings referencing the coreferenced event, etc. In
FIG. 24C, the feed item contains a coreferenced event representation, a copy or link to a
news article referencing the coreferenced event, a copy of or link to a social media cluster
referencing the coreferenced event, and a link for further information such as additional
coreferenced event representation attributes, additional news articles referencing the
coreferenced event, additional social media postings referencing the coreferenced event,
etc.

[239] FIG. 24 depicts an embodiment of a display of an alert application that the interface
module of the user system may execute and display to the user for interfaceing with the API
module of the cross-media event extraction and coreferencing system to request and receive
alerts. The application display includes a section 1066 for the user to indicate the types,
timeframe and location of events that it wants to request and receive alerts for, a section
1070 to display alerts and included event representations that it has received in response to

requests, and a section 1074 to display further information for the events.

[240] As indicated above, in embodiments, the cross-media event detection and
coreferencing system 804 also may receive event information from the event production
system 816, and process and store this event information in an event representation form as
used for the news article, social media and coreferenced events. In embodiments that
receive such event information, the event coreferencing and alerting module 836 may
incorporate such event representations into its coreferencing, coreferenced event

representation generation, and alerting. That is, the event coreferencing and alerting
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module 836 may determine whether the event referenced by the event representation based
on the information received from the event production system 816 coreferences an event
referenced by either a news article, or a social media cluster, or coreferenced by both a

news article and social media cluster.

[241] FIGS. 25 and 26 depict embodiments of event information of the event production
system 816 that may be retrieved and utilized by the cross-media event detection and
coreferencing system 804. FIG. 25 depicts a map showing flood event information output by
the National Oceanic and Atmospheric Administration, and FIG. 26 shows a detailed set of
flood information for one location on the map in FIG. 25, showing a timewise evolution of a
flooding state at the location.

[242] In embodiments, the event coreferencing and alerting module 836, in addition to
determining coreferencing between news articles and social media clusters, may also
determine coreferencing between news articles and news articles, social media clusters and
social media cluster, etc. That is, the event coreferencing and alerting module 836 may
determine coreferencing between any event representation resulting from any source, and

generate corresponding coreferenced event representations and alerts.

[243] In embodiments, the event coreferencing and alerting module 836 may use the
above system and methods to determine coreferencing between any two different types of

media instead of or in addition to between news articles and social media.

[244] Additional embodiments of the cross-media event extraction and coreferencing
system 804, user system 820, news production system 808, social media system 812, event
production system 816, and associated methods, as discussed herein, are possible. For
example, any feature of any of the embodiments of these systems and methods described
herein may be used in any other embodiment of these systems and methods. Also,
embodiments of these systems and methods may include only any subset of the

components or features of these systems and methods discussed herein.
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