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TITLE OF THE INVENTION:
METHOD AND SYSTEM TO PREDICT THE LIKELIHOOD OF TOPICS

CROSS-REFERENCE TO RELATED APPLICATIONS:

[0001] This invention claims benefit of U.S. Provisional Patent Application No. 61/021028
filed on 14 January 2008 and entitled METHOD AND SYSTEM TO PREDICT THE LIKELIHOOD
OF FUTURE TOPICS which is herein incorporated by reference in its entirety.

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH OR DEVELOPMENT:
[0002] This invention was made with Government support under Contract #N00014-08-C-

0188 awarded by the Office of Naval Research, The Government has certain rights in the invention,

REFERENCE TO SEQUENCE LISTING, A TABLE, OR A COMPUTER PROGRAM LISTING
COMPACT DISC APPENDIX
[0003] Not Applicable.

FIELD OF THE INVENTION:
[0004] The present invention relates in general to a method and system to predict the
likelihood of data topics that may occur from data sources. The likelihood of the data topics may be

predicted over a dimension of time or over other dimensions.

BACKGROUND OF THE INVENTION:

[0005] Anyone would like to have a crystal ball: to know what to expect, to know what will
happen and take advantage of that information. Of course, this is impossible, especially when human
beings are involved. However, some reliable probabilities may be true of human behavior, especially
at the group level. A number of companies and researchers listed below have taken a computational
social science view by creating templates of behaviors, fitting human group activities seen on the
ground into those behaviors, and determining the frequencies with which one kind of behavior follows

another.
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[0006] When taken from the news, these data are often called “event data” and techniques of
“sparse parsing” (¢.g. U.S. Patent No. 6,539,348 to Douglas G. Bond et. al.; King, G. & Lowe, W.
(2003), “An automated information extraction tool for international conflict data with performance as
good as human coders: A rare events evaluation design.” International Organization, 57, 617-642; and
Schrodt, P.A. (2000), “Forecasting conflict in the Balkans using Hidden Markov Models.” paper
presented at the American Political Science Association, Washington, DC, found at the time of this
application at http://web.ku.edu/keds/papers.dit/KEDS.APSA00.pdf) are often used to extract data
from the headlines or the body of a news articles. The data extracted are usually in terms of an event
such that actor] performed some action on actor2. The actors are defined in a dictionary, as well as
the set of possible actions that can be performed. These dictionaries must also contain the variety of
words and word strings used to express the presence of an actor (e.g., “Israel”, “Rabin” and “Tel
Aviv” would all map to the actor called “Israeli Government™) or the occasion of an event (e.g.,
thousands of verbs are matched to about 100 types of events—as illustrated at the time of this
application at http://web.ku.edu/keds/data.dir/KEDS.WEIS.Codes.html). Once these event data have
been captured, techniques can be used to determine what sequences of events tend to precede crises
versus non-crises (Schrodt, 2000 and Bond et al.)

[0007] Another method of predicting future behavior at a large scale is to use agent-based
modeling (e.g., as illustrated at the time of this application at
http://blog.wired.com/defense/2007/11/lockheed-peers-.html ). This work attempts to model a
population as a discrete set of agents, each with their own internal dynamics using data collected from
the field and socio-cultural models.

[0008] One problem with both kinds of analysis is that human behavior is much more complex
and dynamic than they can accommodate. These analyses tend to require large amounts of manual
labor (e.g., interviewing many people in a population) or are biased and limited by what the
theoretician’s model can accommodate in the textual analysis. They are also both developed
specifically for a given population and so may be inappropriate for another. What is needed 1s a
method for analyzing all forms of human behavior, without theoretical constraints or biases, to
determine the relationships between one behavior and another in a culturally relevant manner.

[0009] Situations exist in the art today in which users attempting to predict future events have

access to a large corpus of open source documents (such as newspapers, blogs, or the like) covering an

2
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extended time period (months to years). In this situation, a user concerned with non-tactical decision-
making may need to address questions of why things happened and what will happen (or, more
precisely, what is likely to happen), in addition to questions of what happened and who's who. For
example, consider elections in Nigeria. A user might be asked to identify the key political parties in
Nigeria and the key players; to summarize what happened in the elections since Nigerian
independence; to provide an assessment of why those things happened (e.g., why rioting followed one
election, why another was postponed, etc.), or what is likely to happen following the election of April
2007.

[0010] A user today might solve such problems by using a system like the Open Source Center
(as illustrated at the time of this application at www.opensource.gov) which provides reports and
translations from thousands of publications, television and radio stations, and Internet sources around
the world covering many years, Current news data archives like the Open Source Center, or any
number of other news data aggregators and suppliers, support keyword search, so the user could
conduct a variety of searches and retrieve (perhaps very many) articles concerning elections in Nigeria
or Africa more broadly. These articles would be rank-ordered in some way, for example by recency,
the number of mentions of the search string, popularity or link analysis, but generally not reflecting the
user's special requirements,

[0011] Given the list of articles, the user might then have to conduct various searches to
narrow down the articles to those of interest; if, for example, he or she was concerned about the

kR N1Y

possibilities of violence associated with elections, searches might need to include “violence,” “riots,”

7% 66

“killings,” “voter intimidation,” and other related terms. Then, those articles would have to be
reviewed in temporal order to extract meaningful information, since the user is not merely seeking to
compile a list of interesting anecdotes.

[0012] This is how users perform information retrieval in numerous parts of the government
and military, ranging from human intelligence (HUMINT) reports in a Marine Corps Intelligence
Battalion, to newspapers in the Virtual Information Center of the Asia-Pacific Area Network, to TV
show transcripts that PSYOP analysts use to understand the attitudes and beliefs of a population and
influence them. Nevertheless, this process has several obvious drawbacks: it can take a great deal of

time, since iterative searching is typically required; it can be quite inaccurate, with problems in both

precision (that is, returning too many irrelevant documents; i.¢., false alarms) and recall (that is, failing

3
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to find enough relevant documents; 1.e., misses), since virtuoso keywording skills may be necessary;
and it does not help the user detect the kinds of patterns that could be of interest, since it has no
temporal pattern-detecting ability to get at the real issue, which is, e.g., what is likely to happen after a
flawed election in Nigeria?

[0013] These three methods for determining likely future events (superficial parsing of the
news, agent-based systems, and user-intensive searching and understanding) each have their own
deficiencies as described above. The disclosed inventions address many of these drawbacks and

provide additional novel improvements to the art.

BRIEF SUMMARY OF THE INVENTION:

[0014] Embodiments of the present invention uniquely recognize that with a conversion of
data and activities into topics, and modeling these topics using time-course methods, the resulting
topic models can be combined with temporal prediction methods to objectively predict topic activities
at other times, including topic activities in the future.

[0015] Embodiments of the present invention include methods and systems for predicting the
likelihood of topics appearing in a stream of text, e.g., news published in a newspaper or on the
Internet, thereby attributing meaning to current events in terms of the likely consequences of such
events. Any of a number of latent variable methods is used to convert a time-span of text, ¢.g., the
news from a day or week, into a set of topic activity levels. Any of a number of time-course methods
can be used to model how topic activity levels change given previous activity levels, or to find days in
history with similar topic profiles and looking forward from those historical days. Using the time-
course method, the activity levels of any, or of user-chosen, topics can be predicted given the current,
or recent, topic activity levels, or a subset of such topics. Additional systems and methods are
described for manipulating the topic activities that are used to make the prediction (e.g., reducing the
influence of topics known by the user to be irrelevant); and, for manipulating the probabilities and
importance ratings of topics that are predicted (e.g., a user reducing the likelihood of a system-based
prediction because of extra information the user has); and, collaborating about such predictions and
importance (e.g., providing reasons for a change in predicted value such that others can discuss the

rationale and provide their own value which is combined with other user values as well as the
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computed value). Any of a number of exogenous variables can also be included in the model for both
input and predicted output (e.g., stock market prices, inflation rates, etc.).

[0016] Embodiments are also disclosed for manipulating and creating topic profiles based on
words, articles, or days of text; searching historical records in the text stream (or subsets thereof) with
similar topic profiles to help a user understand the circumstances that have led to such topics being
active; changing the time window of both searching, modeling and predicting (e.g., taking into account
the last week’s worth of news, instead of one day’s worth, or predicting the topic profile for the next
week, not just a single days three days from now); ranking standard search results based on relevance
to past, current, or future topic activities (e.g., ranking search results for “bomb” based on relevance to
topics that occurred after today’s topic profile); and, setting “alerts” that would warn a user that 1) the
likelihood of an future topic has increased above a threshold, or 2) a topic has occurred that was not
predicted and is therefore likely to lead to further unpredictable events,

[0017] One embodiment of the present invention comprises a computer based system for
predicting the value of a topic, the system comprising a processor capable of executing machine
instructions on a set of data, the machine instructions including a means for transforming the set of
data over at least one dimension value to create a topic profile, and a means for predicting a predicted
topic value at a predicted dimension value.

[0018] Another embodiment of the present invention comprises the computer based system
wherein the set of data comprises news data.

[0019] Yet another embodiment of the present invention comprises the computer based system
wherein the set of data comprises temporal data received by the processor from a communications
network.

[0020] One embodiment of the present invention comprises the computer based system
wherein the means for transforming the set of data further comprises analyzing the set of data using
latent semantic analysis to create the at least one topic and the topic profile comprises at least one
topic value of the at least one topic.

[0021] Another embodiment of the present invention comprises the computer based system
wherein the means for transforming the set of data further comprising analyzing the set of data using
latent Dirichlet allocation to create the at least one topic and the topic profile comprises at least one

topic value of the at least one topic.

SUBSTITUTE SHEET (RULE 26)



WO 2009/134462 PCT/US2009/030876

[0022] Yet another embodiment of the invention comprises the computer based system
wherein the means for transforming the set of data further comprises analyzing the set of data using
probabilistic latent semantic analysis to create the at least one topic, and the topic profile comprises at
least one topic value of the at least one topic.

[0023] One embodiment of the present invention comprises the computer based system
wherein the means for predicting the predicted topic value comprises using an autoregressive
fractionally integrated moving average (AFIMA) model of the topic profile.

[0024] Another embodiment of the present invention comprises the computer based system
wherein the means for predicting the predicted topic value comprises using an autoregressive
conditional heteroskedasticity (ARCH) model of the topic profile.

[0025] Yet another embodiment of the present invention comprises the computer based system
further comprising a user interface wherein a user can modify the set of data.

[0026] A further embodiment of the present invention comprises the computer based system
wherein the means for predicting the predicted topic value further comprises identifying a base
dimension value having a base topic profile, identifying the predicted dimension value having a
difference dimension value from the base dimension value, analyzing the topic profile over at least one
dimension value to identify a most similar topic profile to the base topic profile, the dimension value
at the most similar topic profile being a selected dimension value and selecting at least one topic value
from the topic profile at a difference dimension value from the selected dimension value as the
predicted topic value at the predicted dimension value.

[0027] Another embodiment of the present invention comprises the computer based system
wherein the means to analyze the topic profile to identify the most similar topic profile further
comprises at least two topic profiles each having at least one vector, a similarity factor identifies the
most similar topic profile, and the similarity factor is identified by a method selected from the group
consisting of: defining a cosine of an angle between the at least two vectors as a similarity factor to
identify the most similar topic profile, defining an inverse of a Euclidian distance of the at least two
vectors as the similarity factor to identify the most similar topic profile, and defining a Minkowski
distance between the at least two vectors in space as the similarity factor to identify the most similar

topic profile.
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[0028] One embodiment of the present invention comprises a computer based method for
predicting a topic value, said method comprising the steps of: transforming a set of data having at least
one topic over at least one dimension value to create at least one topic profile relating at least one topic
value to the at least one dimension value, identifying a base dimension value and a predicted
dimension value, the predicted dimension value having a difference dimension value from the base
dimension value, identifying a base topic profile at the base dimension value, analyzing the at least
one topic profile to identify a most similar topic profile to the base topic profile, identifying the
dimension value of the most similar topic profile as a selected dimension value; identifying the topic
profile at the difference dimension value from the selected dimension value as an at least one predicted
topic profile at the predicted dimension value, and identifying at least one topic value from the
predicted topic profile as an at least one predicted topic value.

[0029] Another embodiment of the present invention comprises the computer based method
wherein the step of transforming the historical data is performed by a specially programmed computer
comprising a series of machine instructions residing in a memory and executed by a processor.

[0030] Yet another embodiment of the present invention comprises the computer based method
wherein the set of data comprises news data, graphic data, temporal data received by a processor from
a communications network and data representing physical phenomena.,

[0031] Another embodiment of the present invention comprises the computer based method
further comprising receiving modifications to the set of data.

[0032] One embodiment of the present invention comprises the computer based method further
comprising analyzing the set of data with at least one of the techniques from the group consisting of
latent semantic analysis, probabilistic latent semantic analysis and latent Dirichlet allocation to create
the at least one topic.

[0033] Another embodiment of the present invention comprises the computer based method
wherein the step of analyzing the at least one topic profile comprises at least two topic profiles cach
having at least one vector, identifying the most similar topic profile with a similarity factor, and the
similarity factor is defined by a method selected from the group consisting of: defining a cosine of an
angle between the at least two vectors as the similarity factor, defining an inverse of a Euclidian
distance of the at least two vectors as the similarity factor, and defining a Minkowski distance between

the at least two vectors in space as the similarity factor.
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[0034] One embodiment of the present invention comprises a computer based method for
predicting the value of a topic comprising the steps of transforming a set of data having at least one
topic over at least one dimension value to create at least one topic profile relating at least one topic
value at the at least one dimension value, identifying a base dimension value and a predicted
dimension value, the predicted dimension value having a difference dimension value from the base
dimension value and analyzing the at least one topic profile to predict the topic profile from the base
dimension value to the difference dimension value to create a predicted topic value at the predicted
dimension value.

[0035] Another embodiment of the present invention comprises the computer based method
wherein the step of transforming the historical data is performed by a specially programmed computer
comprising a series of machine instructions residing in a memory and executed by a processor.

[0036] Yet another embodiment of the present invention comprises the computer based method
of claim 21 wherein the set of data comprises news data, graphic data, temporal data received by a
processor from a communications network or data representing physical phenomena.

[0037] One embodiment of the present invention comprises the computer based method further
comprising receiving modifications to the set of data.

[0038] Another embodiment of the present invention comprises the computer based method
further comprising analyzing the set of data with at least one of the techniques from the group
consisting of latent semantic analysis, probabilistic latent semantic analysis and latent Dirichlet
allocation to create the at least one topic.

[0039] Yet another embodiment of the present invention comprises the computer based method
wherein the step of analyzing the at least one topic profile comprises using a vector autoregression
technique.

[0040] One embodiment of the present invention comprises the computer based method
wherein the vector autoregression technique is chosen from at least one of the group consisting of: an
autoregressive fractionally integrated moving average (AFIMA) model, an autoregressive moving
average (ARMA) model, an autoregressive integrated moving average (ARIMA) model, and an

autoregressive conditional heteroskedasticity (ARCH) model.

BRIEF DESCRIPTION OF THE SEVERAL VIEWS OF THE DRAWINGS:

8
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[0041] FIG. 1 1s a flow chart diagram of a method for predicting the likelihood of topics in
accordance with one embodiment of the present invention.

[0042] FIG. 2 1s an illustration of one embodiment of the predictor system.

[0043] FIG. 3 is a graphical representation of the components of the machine instructions
according to one embodiment of the invention.

[0044] FIG. 4 is a schematic diagram of the data model utilized by one embodiment of the
invention.

[0045] FIG. 5 illustrates a block diagram of one embodiment of a system for predicting the
likelihood of topics in accordance with one embodiment of the present invention.

[0046] FIG. 6 illustrates a block diagram of another embodiment of a system for predicting the
likelihood of topics in accordance with one embodiment of the present invention from the focus of the
user.

[0047] FIG. 7 illustrates one embodiment of a set of use cases for the predictor system search
functions.

[0048] FIG. 8 illustrates a top level use case of one embodiment of the predictor system.

[0049] FIG. 9 illustrates a top level use case of another embodiment of the predictor system.

[0050] FIG. 10 illustrates one embodiment of testing the prediction of topic values.

[0051] FIG. 11 illustrates a graphical representation of Z-scores on the Spearman rank order
correlation coefficient for Subset 1;

[0052] FIG. 12 illustrates a graphical representation of Average Z-scores for the three methods

with two different measures on two different subsets of the data.

DESCRIPTION OF THE INVENTION:

[0053] The present invention is illustrated by, but by no means limited to, the following
description of a preferred embodiment.

[0054] As used throughout this description, topic means a defining characteristic, usually
represented as a data element, of a single feature, activity, subject, behavior, event or an aggregation of
such defining characteristics. As described in detail for some embodiments utilizing words of text as

topics, a typical source of topics would be words in articles in a newspaper, though other sources of
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“text streams” could be used, such as blogs, press releases, intelligence reports, Internet forums, or any
other source of text that changes or is updated over time.

[0055] As used throughout this description, a topic value (z) is a conditional probability of the
topic over a set of topics, and in one embodiment, the set of topics is words (w) such that P(w]z).

[0056] As used throughout this description, a topic profile is a set of one or more topic values
which may or may not be ordered. For example and not for limitation, a topic profile can include
numerical representations of one or more topics or topic values. In some embodiments, a topic profile
may include vectors as numerical representations.

[0057] In general, embodiments of the invention take a data-driven approach to analyzing data
with certain topics, combined with a process for focusing expert knowledge. Instead of pre-supposing
the space of topics that might have an effect on the topics of interest (e.g., bombings), descriptions of
topics are transformed and quantified. The relations between future topics of interest and other topics
can thereby be determined.

[0058] This method for predicting topics in a set of data elements uses unbiased statistical
methods analyzing received behaviors, preferably all behaviors, as opposed to biased models of socio-
dynamics based on pre-selection of the data that are applicable. These statistical methods in general
can be used to find patterns that humans cannot discern; yet present those patterns in a form that
humans can understand.

[0059] Although one embodiment of the invention utilizes words as a topic, it is understood
that other items can be used as topics. For example, physical events can be an appropriate topic. These
physical events, or physical representations of physical phenomena, can be transformed into data
elements to comprise a topic. The data element can be a numeric representation of the event, a graphic
representation of the event or the event can be transformed into a word representation. The same
transformation of physical or other subject matter can be made for other behaviors such as but not
limited to newspapers, streaming text, audio signals, text messages, chemical reactions, videos,
pictures and other data sources.

[0060] The level of activity of a topic is defined as the probability of the topic. A latent
variable method, such as latent semantic analysis (LSA), probabilistic latent semantic analysis
(PLSA), or latent Dirichlet allocation (LDA), can be used to determine the topics present in a corpus

of text relevant to the population whose behaviors one would like to predict (though potentially all
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available text could be used). These latent variable methods typically require a word by document
matrix as input for computation. In one embodiment, the documents would be individual articles,
though other embodiments could use collections of articles, ¢.g., from a day or week’s worth of
articles from the source or multiple sources. While in one embodiment these methods may work on
word by document matrices, other embodiments may use more generally object by feature matrices
where objects may, for example, be images, and features are, for example, those elements of the
images extracted using any of a number of visual pre-processing techniques.

[0061] Suitable examples of LSA methods that can be used in one embodiment of this
invention 1s described in U.S. Patent No. 5,828,999, entitled "A Method and System for Deriving a
Large-Span Semantic Language Model for Large-Vocabulary Recognition Systems", filed 6 May,
1996, by Jerome R. Bellegarda et al., and U.S. Patent No. 6,847,966, entitled “Method and System for
Optimally Searching a Document Database Using a Representative Semantic Space”, filed 24 April
2004, by Matthew S. Sommer et al, both of which are herein incorporated by reference in their
entirety. One suitable example of a PLSA embodiment that can be used in one embodiment of this
invention is described in U.S. Patent No. 6,687,696, entitled “System and Method for Personalized
Search, Information Filtering, and for Generating Recommendations Utilizing Statistical Latent Class
Models”, filed 26 July 2001 by Thomas Hofmann et al which is herein incorporated by reference in its
entirety. One suitable example of and LDA embodiment that can be used in one embodiment of this
invention 1s described in Latent Dirichlet Allocation (LDA), as described by Blei et al. in "Latent
Dirichlet Allocation", Journal of Machine Learning Research 3 (2003) 993-1022 and U.S. Patent App.
Pub. No. 20070203996, “Method and Apparatus for Knowledge Generation and Deployment in a
Distributed Network”, filed 6 February 2007 by Jeffrey Davitz et al, which is herein incorporated by
reference in its entirety.

[0062] With the ability to quantify levels of activity of a topic, it is possible to plot these levels
as topic values against a dimension such as, but not limited to, time. For example, by plotting a level
of activity against time, a timescale profile of that activity can be created and manipulated based on
the time span of text that is used. For example, all the articles from a newspaper on a given day could
be used to indicate the level of activity of each behavior (i.e., the probability of each topic) for that
day. Every day of historical record could then be characterized as to the probability of each topic; that

1s, every behavior would have an activity level associated with it for every day of historical record.
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Clearly other time scales could analyzed, such as a week’s worth of news, or an hour’s. The level of
activity of all the topics within one unit of time, or any other dimension, will be called a topic profile.

[0063] Given a historical record of behavior levels, numerous methods could be used to model
the changes of behavior over a dimension such as time. One such method would be to look for similar
behaviors at other points along the dimension in order to determine what behaviors tended to appear
before or after those other similar behaviors. With this method, we would, for example, take a
particular base value such as a test day, find and select the N most similar days previous to that day in
the past, and for each of these selected days, look at the topic values at a particular difference
dimension of days, say 10 days later, then make the prediction that the topics 10 days after the test day
to be a weighted average, or other such combination, of the topics 10 days from the selected historical
days. If this test day is the current-time date, the predicted topic values represent the topic values
predicted for a future date, 10 days represents one example of a difference dimension value between
the base value of a dimension and the predicted dimension value.

[0064] In this embodiment, similarity is determined by any of a number of methods which
utilize the topic profile produced for the dimensions. Such similarity methods include, but are not
limited to, treating the topic profiles as vectors and using the cosine of the angle between the vectors
as similarity, or using the inverse of the Euclidian distance, or more generally the Minkowski distance,
between the two points in space as the similarity.

[0065] Other similarity and inverse distance metrics might also be used such as comparing the
distribution of topic probabilities of the two topic profiles at the two time periods using Kullback—
Leibler divergence. The Kullback-Leibler divergence is one of a class of measures call f-divergences.
The formula for the Kullback-Leibler divergence, where P represents the current topic profile and Q

represents the historical topic profile, both of which are composed of T topics 1s:

Sﬁu(ﬂﬁé\:}"h-z if’ mg@if}

[0066] Another method of modeling topics over dimensions would be to use vector
autoregression (VAR) and related models more generally subsumed under the rubric of (vector)
autoregressive fractionally integrated moving average (AFIMA) models. VAR models are typically
used in econometrics to capture the evolution and interdependencies of multiple time series. VAR

models are one example of a broader class of autoregressive moving average (ARMA) models which
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are in turn one example of more general autoregressive integrated moving average (ARIMA) models,
which can be further generalized into autoregressive fractionally integrated moving average (AFIMA)
models. In VAR, a weighted sum of the previous time unit’s activities is used to make a prediction:

P

X, =a+t ZCDI.XH. te,

i=1
where x,1s the topic profile for a given time unit, ais a constant vector, p is the total number of
previous time units’ topic profiles we will use, @. is the covariance matrix relating activity i time

units back to the activity of the current time unit 7, and &, is Gaussian noise with zero mean.

[0067] More complex, non-linear models from econometrics such autoregressive conditional
heteroskedasticity (ARCH) models could be used in addition to neural network models such as
recurrent neural networks and time-delay neural networks, or statistical models such as Gaussian
process dynamical models, or other such time series analysis techniques known to those in the art,

[0068] Other temporal prediction methods are also possible. For example, one might define a
list of dates on which particular events happened, e.g., every day that a suicide bombing occurred in
Isracl. The topic profiles from the 10 days previous to this event could be obtained, and then hidden
Markov models (HMMs) trained to discriminate sequences of topic profiles that occur before suicide
bombing from those sequences that do not, Such techniques have been applied to the discrete event
data (Schrodt, 2000), but not to topic models. Even more flexibly however, a topic discovered in the
data might closely correspond to such an event. In this case, one would look for a topic that best
captures the concept of “suicide bombing”. Then, looking historically for high activity in this topic,
one might also find days in which arrests were made before a bombing, or bomb-making materials
were discovered, or other related matters reported in the news. Then, the degree to which the topic of
suicide bombing is active, is the degree to which the model should be trained to match such a day.

[0069] Given these opportunities created through the unique combination of data, semantic
analysis and time analysis techniques, the following methods and systems to predict the likelihood of

topics are possible.

One Embodiment of the Method:
[0070] One embodiment of the method of this invention is shown in FIG. 1 as 100. For

illustration purposes and not for limitation, this embodiment utilizes textual data from new sources
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over the dimension of time. Other embodiments as would be obvious to those skilled in the art are
also contemplated.

[0071] After the start 110 of the method, data is provided 120 or otherwise made available to
the system. In this embodiment, the data comprises a stream of text that is transformed from one or
more individual documents 121-125 comprising articles (or smaller or larger subsections of the text)
from a group of days. This stream of text is then analyzed 130 as a whole. As part of the analysis of
step 130, the documents can be first pre-processed 132 using standard text processing which may or
may not include any of the following: changing case, tokenization, stemming words (e.g., Porter
stemming, or simple depluralization), extracting collocations (strings of words that “hang” together),
removing punctuation, substituting variable phrases (e.g., changing all number sequences to the word
“ NUMBER 7), performing information extraction 134 (e.g., identifying entities, activities, and
relations explicitly), or extracting any other metadata about the source, such as author, location,
newswire, etc.

[0072] The resultant words and other features (collocations, extracted information, and
metadata) are then used as input for the topic modeling technique 136. Any topic modeling technique
could be used, including but not limited to singular value decomposition (LSA), PLSA or LDA as
described above. These methods analyze the document-feature combinations to determine latent
variables that relate the documents to the features.

[0073] These topic models identify groups of words that represent the same topic using
mathematical latent variable models. These models automatically produce “topics” that are used to
categorize, group, and retrieve documents. To a first order, a document is characterized as a
distribution of topics, where each topic is a distribution of words. This has the critical implication that
documents about the same subject tend to be categorized and retrieved together, regardless of the
presence or absence of a few specific keywords. So, for example, articles about "violence" associated
with elections would be grouped, whether or not they used the terms "violence" or "government
repression” or "rebel attacks on polling places” or the like. Topic-based categorization facilitates the
retrieval process beyond the capabilities afforded by Boolean keyword search.

[0074] In one embodiment, Latent Semantic Analysis (LSA) is used as the preferred topic
modeling technique (Landauer, T. K. and Dumais, S. T. (1997), ”A solution to Plato's problem: the

Latent Semantic Analysis theory of acquisition, induction and representation of knowledge.”
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Psychological Review, 104(2), 211-240.), which uses an algebraic technique called Singular value
decomposition (SVD) to reduce the sparsity of the overlap between documents (which might be about
a similar topic, but use different words to describe it). In this reduced latent semantic space, documents
are more similar on meaningful dimensions and can essentially find synonyms of query terms,
improving recall.

[0075] SVD is a mathematical generalization, of which factor analysis is a special case (Berry,
M.W., Dumais, S.T. & O’Brien, G.W. (1995), “Using Linear Algebra for Intelligent Information
Retrieval” SIAM Review, 37(4), 573-595.; and Deerwester, S., Dumais, S., Furnas, G., Landauer, T.,
and Harshman, R. (1990), “Indexing by latent semantic analysis.” Journal of the American Society for
Information Science, 41(16), 391-407.)

[0076] . It constructs a K dimensional abstract semantic space in which each original term and
cach original (and any new) document are presented as vectors, SVD decomposes the word-by-
document matrix 4 into the product of three other matrices: a matrix U defines the word space, a
matrix V" defines the document space, and a diagonal matrix ¥ of singular values in decreasing order
of magnitude relates the two, that is, 4 = Uy’

[0077] To reduce the dimensionality of the original data matrix, only the largest K singular
values of T are kept. One of the most important theorems of SVD is that A » 4, =U XV, , where X,
1s K-by-K dimensional matrix taken from the upper left corner of X . The reduced matrix
A, corresponds to a least-squares best approximation to the original matrix 4, capturing the strongest,
most meaningful, regularities in the data.

[0078] LSA has been shown to be better than keyword search at information retrieval, and is
commonly used to automatically score essays with the same reliability as humans. However, it suffers
a number of limitations. First, one global space is created to hold all terms, however, many words have
multiple meanings, e.g., “bank”, or “Java”. LSA represents multiple word senses through linear
superposition and, therefore, different meanings are simply averaged together, reducing precision. For
example, the word “arms” is polysemous, and has two very different meanings (though metaphorically
related) in a document about weapons versus a document about hospitals. Therefore, LSA works best

in limited, single topic domains where such confusion is limited.
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[0079] Second, K should ideally be large enough to fit the real structure in the data, but small
enough such that noise, sampling errors and unimportant details are not modeled (Deerwester et al.,
1990). However, the amount of dimensionality reduction, i.e., the choice of K, 1s critical and an open
issue in the literature.

[0080] Third, the vector dimensions are typically not interpretable, and may even contain
negative values. What is recovered in LSA is similarity only, either between words or documents, but
not similarity to “something”: an idea or concept that could have some explanatory value. For this,
additional techniques are required such as finding clusters of terms in the latent semantic space.

[0081] In the last decade, a number of statistical methods have emerged that address these
issues and add further functionality. Probabilistic Latent Semantic Analysis (PLSA) is an unsupervised
machine-learning technique that differs from the more traditional LSA technique in that it is a
statistical model, giving it a number of advantages. The most important benefit is the use of “topics,” a
mixture of which is modeled as generating the words in a document. The meaning of the word “lead”
in documents from two different topics can, therefore, be distinguished. Additionally, the topics
themselves can be interpreted and, thus, become an explanatory component for visualization and allow
for spot inspection of performance.

[0082] The PLSA model has been shown to be more accurate than LSA for information
retrieval (Hofmann, Thomas (1999), “Probabilistic Latent Semantic Indexing, Proceedings of the 22nd
Annual ACM Conference on Research and Development in Information Retrieval” which could be
found at the time of this application at http://www.cs.brown.edu/people/th/papers/Hofmann-
SIGIR99.pdf) and has been deployed in legal, medical and publishing domains with large knowledge
repositories. While originally developed to analyze text documents, PLSA can also be applied to other
domains, such as tagging of non-text parts of information products (e.g. data from sensor sources,
imagery, video, audio, maps), without requiring automatic object recognition. Several examples of
recent successful applications of the PLSA algorithm to the image classification problem can be found
in Si Sivic, J., Russell, B., Efros, A., Zisserman, A. and Freeman, W. (2005), "Discovering object
categories in image collections." Proc. Int'l Conf, Computer Vision, Beijing and Fei-Fei, L. and
Perona, P. (2005), "A Bayesian Heirarcical Model for Learning Natural Scene Categories", Proc.

CVPR..
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[0083] Specifically, the latent variables, or topics, represent information that maps between
document distributions and word distributions. PLSA assumes that words from the document are
produced as follows (Hofmann, 1999):

[0084] PLSA specifies a probability distribution for the set of topics given words, and a
distribution for a set of words given a topic for the document. Using this process, any given word in a
corpus can be probabilistically associated with any given document, through a translation into a joint

probability model:
K
[0085] P(d,w,)=P(w,|d)P(d,), P(w,|d) =Y P(w,|z,)P(z, |d,)
k=1

[0086] The associations that arise out of the PLSA model imply that a given word need not
appear in a particular document in order to be associated with it. This occurs because the latent

concept variables ( z, ) form a probabilistic mapping from documents to words, thus revealing the

value of the latent topics.

[0087] Latent Dirichlet Allocation (LDA) was introduced by Blei et al. (2002) to improve
upon a number of technical issues with PLSA. Both PLSA and LDA are generative models, i.¢., each
document is modeled to be generated by a mixture of topics, and each word in a document is generated
by a single topic chosen from the mixture. PLSA derives the topic mixtures using the documents
themselves; therefore, the generative model is not well defined, grows with the number of documents,
and artificially assigns probabilities to new documents. LDA, however, treats the topic mixture
weights as a hidden random variable and places a Dirichlet prior on the multinomial mixing weights.
This removes the training documents themselves from the equations.

[0088] LDA also allows one to create a single model integrating other aspects of the
documents, such as short range syntax (Griffiths, T. L., Steyvers, M., Blei, D. M., & Tenenbaum, J. B.
(2005), “Integrating topics and syntax.” Advances in Neural Information Processing Systems 17) and
metadata such as the author or source (Rosen-Zvi, M., Griffiths T., Steyvers, M., & Smyth, P. (2004),
“The Author-Topic Model for authors and documents.” 20th Conference on Uncertainty in Artificial
Intelligence) or other arbitrary metadata (Mimno, D. and McCallum, A. (2008), “Topic models
conditioned on arbitrary features with Dirichlet-multinomial regression.” Proceedings of Uncertainty
in Artificial Intelligence, Helsinki, Finland). Thus, LDA is just as powerful as PLSA, but is a much
more extensible model. In addition, if the repository is rapidly changing, LDA training of the
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probability distributions of topics and words 1s much smoother since the actual documents are not
essential as in PLSA.

[0089] LDA assumes that words that occur in different documents are drawn from K topics,
and each topic can be characterized by a probability distribution over words. It then models the

distribution over words in any one document as a mixture of those topics:
K
[0090] P(w ;)= ;P(wj |z, =k)P(z,)

[0091] where z,is a latent variable indicating the topic from which the jth word was drawn
and P(w; |z, =k) is the probability of the jth word being in the kth topic. The words likely to be used

in a new document can be determined by estimating the distribution over topics for that document,

corresponding to P(z,) . Thus, P(w|z =k) indicates which words are important to a topic, while P(z)

is the prevalence of those topics within a document.
[0092] Like PLSA, LDA gives a procedure by which documents can be generated. First, a

distribution over topics ¢ is chosen which determines the P(z,) for words in that document, as

opposed to PLSA where a document must be chosen first. Each time a word is added to the document,

a topic 18 chosen according to this distribution, and a word from that topic is chosen according to
P(w, |z, =k).

[0093] Certain topic model techniques can also be used which take advantage of the temporal
information itself such as topics-over-time (as described at the time of this application in Wang &
McCallum (2006) at http://www.cs.umass.edu/~mccallum/papers/tot-kdd06.pdf) or dynamic topics (as
described at the time of this application in Blei & Lafferty (2006) at
http://www.cs.princeton.edu/~blei/papers/BleiLafferty2006a.pdf). For example, these methods can
detect a pattern whereby elections that followed changes in the constitution tended to be followed by
violence, while elections that did not follow such changes did not lead to violence. In addition to
finding such patterns, these methods will, of course, facilitate retrieval of relevant documents, enabling
users to apply their knowledge, training, and human reasoning abilities to the problem.

[0094] In any case, at the end of the topic modeling technique are topics and topic values 138
which define the probabilities of words, collocations, and other features for each topic. It is

understood that some methods might not clearly separate the steps 132-138.
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[0095] Given the topic modeling results from step 130, the next step of this embodiment is to
look back through the historical documents and transform the data into a topic profile. In this
embodiment, this is done by profiling the topic activity over a dimension in step 140 by applying the
topic modeling technique to different sets of that dimensionality. For example, by profiling the topic
activity over sets of time, the end result is a topic profile indicating the level of activity in a topic
(which corresponds to a behavior) at any given historical time which could be viewed by a user
interactively.

[0096] Given the profiling of the topics over the dimensions of step 140, the next step 1s to
predict topic activity over the dimension as in step 150 and provide the prediction as an output. If the
dimension is time, then it is possible in step 150 to use historical profile data to predict topic values in
the future. A variety of methods are available to perform this prediction. One such method is to use
the similarity capabilities of the topic models to find the D days in the past most similar to a test day
(e.g., today) and then the predicted topic values F days after the test day are predicted to be a weighted
average, or other combination, of each of the activity of the topics F days after each of the D days,
with the weight based on the similarity, Such similarity methods include, but are not limited to, the
similarity methods described earlier such as treating the topic profiles as vectors and using the cosine
of the angle between the vectors as similarity, using the inverse of the Euclidian distance, or more
generally the Minkowski distance, between the two points in space as the similarity, or using other
similarity and inverse distance metrics such as comparing the distribution of topic probabilities of the
two topic profiles using Kullback—Leibler divergence.

[0097] Another method for making predictions in step 150 would be to create an explicit
temporal model, such as vector autoregression, non-linear recurrent networks, hidden Markov models,
or conditional random fields. In this case, the sequence of topic activities of each historical day or
other time period are used as the sequence of input vectors to train the models. Then the most recent
sequence of topic activities is used as input to predict the next day’s activities, and these predictions
are fed back into the model to determine the next day, etc. In any case, the predicted values of the
topics selected would be determined by running the selected topic profile/sequence through the VAR
repeatedly, or through the recurrent neural network repeatedly.

[0098] Vector autoregression (VAR) and related models can also be used to perform step 150.

VAR and related models more generally subsumed under the rubric of (vector) autoregressive
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fractionally integrated moving average (AFIMA) models, and more complex, non-linear models such
autoregressive conditional heteroskedasticity (ARCH) models are often used to model econometric

data. In VAR, a weighted sum of the previous time unit’s activities is used to make a prediction:

P
X, =a+ Z(Dixm. + ¢,
i=1

where X, is the topic profile for a given time unit, a is a constant vector, p is the total number of
previous time units’ topic profiles we will use, @, is the covariance matrix relating activity i time
units back to the activity of the current time unit #, and ¢, is Gaussian noise with zero mean,

[0099] Although this embodiment addresses the analysis and prediction of topics over a period
of time, it is also contemplated that these methods can be applied to relationships of topic activity
when compared to other data elements that are not time related. For example, topic activity may be
compared to the presence of elements, a sequence of activities or topic activity over a graphic or
geographic space or location. It1s also contemplated that topic activity may be compared to more than
one dimension of data.

[00100] This embodiment is finished with step 160.

One Embodiment of the Predictor System:

[00101] The following discussion provides a brief, general description of a suitable
specific computing environment in which one embodiment of the present invention may be
implemented. The invention will often be practiced on a single computing device, but can also be
implemented on a client computing device and/or a server or other remote computing device
connected by a communication network.

[00102] FIG. 2 illustrates a high level system diagram of a computer based embodiment
of the predictor system 200. The computer based predictor system 200 comprises: memory 240 in
which are stored machine instructions that define a plurality of functions; an output device 250 to
output results of the system; a data receiver 230 for the receipt of data; at least one processor 220 that
is coupled to and capable of communicating with the memory, the output device and the data receiver;
and the processor executing the machine instructions to carry out the plurality of functions. As shown

in this figure, but not required, the computer based predictor system 200 is also in communication with
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a network 260 that is capable of sharing data from multiple sources such as web sites and
communications data 270 over a network such as the Internet or other communications network.
[00103] Those skilled in the art will appreciate that this invention might also be
practiced with other computer system configurations, such as a client device for executing personal
productivity tools, including hand-held devices, pocket personal computing devices, other
microprocessor-based or programmable consumer electronic devices, multiprocessor systems, network
PCs, minicomputers, mainframe computers, and the like. Furthermore, the present invention can also
be practiced in distributed computing environments, where tasks are performed by remote processing
devices that are linked through a communications network. In a distributed computing environment,

machine instructions may be located in both local and remote memory storage devices.

The Data Receiver:

[00104] The data receiver receives the data to be analyzed and used in the disclosed
methods. The data receiver can be any type of network connection known to those of ordinary skill in
the art for connecting to the Internet, a private [P network in a Wide Area Network or Local Area
Network (LAN). Suitable receivers include but are not limited to network interface cards (NIC),
modems and other network connection devices. Itis also understood that the data receiver may be a
device capable of storing and transferring data to the predictor system. For example, the data receiver
may be a digital media device such as a USB connection capable of receiving data from a USB device,
a CD/DVD reader capable of receiving data from a CD/DVD or a set of machine readable instructions
capable of creating or reading data from a program such as a software spreadsheet program or a email
program accessed with a device such as a keyboard.

[00105] One embodiment of the data receiver 230 comprises a processor communicating
with Ethernet-based LANs supporting and implementing the well-known TCP/IP or UDP/IP protocols.
In this embodiment, the data receiver is a network interface card (NIC) communicating with the
processor and the data network. In this embodiment, the data receiver receives data by searching on-
line sources of news information and stores the information in memory.

[00106] An example of another embodiment of the data receiver 230 includes a NIC in

communication with the processor 220 and a news aggregator or a really simple syndication (RSS)
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feed communicating formatted data, such as extensible markup language (XML) formatted data, over
a data network.

[00107] Other embodiments of the data receiver 230 comprises a scanner, fax or other
transformation technique to transform physical information such as photos, newsprint or other
documents into digital data that can be received by a specially programmed computer to perform the

methods disclosed in this description.

One Embodiment of the Output Device:

[00108] Shown in FIG. 2, the output device 250 comprises the way the output of the
disclosed methods is shared with the user. In one embodiment, the output device 250 comprises a
computer monitor in communication with the processor and this monitor is able to display data and
results such as the predicted topic values. In a preferred embodiment, the display allows the user to
visually see the topic profiles and also allows the user to select multiple dimension values that
represent different prediction time frames. The output device may also allow user input, such as
manual topic value entry, or manual topic selection or topic de-selection to help a user refine the
topics, data and/or system outputs. Other embodiments of the output device include other display or
alarming devices in communication with the machine instructions described herein, Examples of
suitable output devices include, without limitation include a phone, a PDA, an audible alarm, faxes or

printed documents.

One Embodiment of the Machine Instructions:

[00109] In the preferred embodiment of this predictor system, the processor 220 accepts
user input and executes machine instructions to carry out the plurality of functions, including the
methods described herein. The machine instructions stored in memory 240 and accessed by the
processor 220 to carry out the functions of the machine instructions.

[00110] One operational embodiment of the machine instructions of the system is shown
in a system level diagram in FIG. 3.

[00111] FIG. 3 shows a component diagram of one operational embodiment of the
predictor system machine instructions 300. This view shows how the functionality of this embodiment

1s partitioned into components, the major interfaces between those components and the interfaces
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between the system and the external world. The machine instructions are a grouping of components
that represent functions such as would be found in software code. In this embodiment, the predictor
system comprises several different packages that further comprise different components interrelated as
shown. The machine instructions include: a data access package 360, a data importer package 320, a
data processors package 330, a search package 340, a user interface package 310, a visualization
package 350, a processed data store package 383, a raw data store package 381, a search store package
385, a model store package 387 and a modeling package 370. In this embodiment, the packages and
components for this embodiment are interrelated as shown in FIG. 3.

[00112] The data access package 360 comprises the data access controller component
361 and this component controls access to the data stores. In this embodiment, the data stores
comprise a raw data store 381, a processed date store 383, a search store and a model store 387.

[00113] The data importer package 320 comprises the components; import controller
321, source meta data extraction 323 and source type importer 322. The import controller component
321 controls the data importing process independent of the source data type and could support multiple
data source types such as the source data type 1 390 and source data type 2 391 shown. The source
meta data extraction component 323 provides the ability to extract metadata from the source data.

This might be as simple as the published date of a news article, or extracting the topic keywords that
are supplied by a news article. The source type importer component 322 provides functionality to
import a specific source data type such as functions for reading RSS feeds, reading from databases,
extracting text from files such as those created by word processing software, reading information from
Web pages, or other types of documents. The above described import controller component 321

could support multiple source type importer components for different source data types.

[00114] The data processors package 330 comprises a data processor component 332
and a data processor controller component 331. The data processor component 332 provides for the
transformation of the raw data into commonly required searchable data and the standard text pre-
processing described above. The data processor controller component 331 controls the data
processing of the raw data into processed data and can support multiple data processor components
332 depending on the required capability.

[00115] The search package 340 comprises a build data set component 343, a search

controller component 341, a search engine component 344, a topic aggregator component 345 and a
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topic selector component 342. The build data set component 343 builds the data set that will be
searched by the search engine algorithm. The data set will consider date range, topic or word
frequency threshold or any other characteristics that might be important for the data set to consider.
There could be multiple instances of the build data set component and they would plug into this
architecture as long as they meet the interface definitions. The search controller component 341
controls the execution of the search process. The search engine component 344 implements a
particular algorithm to match selected topics (from the topic selector component), to a set of historical
days. The topic aggregator component 345 takes the topics from a set of days and combined them into
a single topic profile. The topic selector component 342 can select topics from a variety of methods
such as from an example historical day, a topic selection, or a word selection

[00116] The user interface package 310 comprises a Ul controller component 311 that
takes commands from the user and controls the components of the system to carry out the commands.
The user interface package 310 also comprises a page generator component 312 that generates the
output, such as web pages, to be displayed to the user.

[00117] The visualization package 350 comprises a chart type generator component 352,
a realization component and a visualization controller component 351. The chart type generator
component generates a visualization based on a set of criteria from the user and a search, For
example, the activity of a set of topics predicted into the future for N days. The visualization
controller component 351 controls the generation of visualizations and other results output and can
control multiple chart type generator components.

[00118] The processed data store package 383 comprises a processed data database (DB)
component 384 that stores processed results of the raw data, such as frequencies of words or other
features in particular articles over time.

[00119] The raw data store package 381 comprises a raw data DB component 382 that
stores the raw source data that could be news articles or documents and some of these might be
referenced to external sources (e.g. for licensing and copyright reasons).

[00120] The search store package 385 comprises a search DB component 386 that stores
the saved searches that are sufficiently specified to re-generate consistent results set over time.

[00121] The modeling package 370 comprises a modeling controller component 371 that

has machine instructions capable of providing the functions that analyze the processed data to create
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topics and profile the topics over a dimension to create a topic profile and predict the topic value at a
predicted dimension value. The machine instructions are stored in memory and are accessed by the
processor to implement the instructions.

[00122] The modeling package 370 has machine instructions to analyze the data and
create topics include software implementations of the methods described earlier such as LSA, PLSA,
LDA or any other topic modeling technique. Through the special machine instructions the topic
modeling technique generates topics and topic values from the processed data in the processed data
store.

[00123] The machine instructions in the modeling package 370 also implement the
profiling of the data and topics to create topic profiles. The instructions to perform the profiling
include software implementations of the methods described earlier and include applying the topic
modeling technique to different sets of dimensionality to create a topic. The results of the modeling,
such as the probabilities of words for each topic, or the probabilities of topics for each day and other
such data, may be stored in a model store containing a model database.

[00124] The modeling package 370 machine instructions also implement the prediction
of topic values based on the topics and topic profiles. The instructions to perform the predicting
include software implementations of the methods described earlier and include using the similarity
capabilities of the topic models and explicit temporal models to predict topic values. The data
associated with these temporal models may also be stored in the model database component 388 of a

model store package 387.

One Embodiment of a Data Model:

[00125] FIG. 4 shows a data model 400 for one embodiment of the predictor system
machine instructions. With this model, the machine instructions above are able to store, process and
manipulate data entities including but not limited to: Articles and Words 480 — these are the articles
and their associated words that have been extracted from the data sources; Properties 420 — articles
(and other entities) can have properties to provide additional information about the entity (i.c. the
location the article is about); Searches 440 — searches are the fundamental activity of the user who can
define a search and save the search criteria for later re-use or cloning (to make changes) and searches

reference a set of data sources and generate a set of articles and words; Assessments 470 — these are
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used for the analysts to record and share their evaluation of the components of the search and the
results; Data Sources 490 — data sources are the sources for the information to be searched (i.e.
newspaper articles and document libraries); Monitors and Actions 420 — an analyst can define a
monitor which will scan current data for search criteria and when the criteria are met, an associated
action (such as an e-mail notification) can be executed; and Projects and Users 410 — the system has
the concept of a project to allow analysts to collect and name the work they are doing and to share and
collaborate that work where an analysts can log into the system to identify themselves and to restore

preferences and project context.

Operation of One Embodiment of the Predictor System:

[00126] FIG. 5 shows one operational embodiment of the method described above in a
computer-based predictor system., Within this predictor system 500, the topics 502 from the process
(step 130 shown in FIG. 1) are inputted into an analyzer 504. It is understood that in this system it is
possible that the data can be fed directly into the analyzer that in turn performs the analysis to create
the topics. The analyzer 504 performs the analysis of topic activity over the historical times (step 140
in FIG. 1) to create topic profiles and contains the relative weights of different topics over the time
units of the data provided (step 120 of FIG. 1) into this system, The topics and topic profiles are
displayed to the user with an output device such as a monitor 510.

[00127] Within this predictor system 500, a user uses a computer as a user interface to
select a topic profile or sequence 520 to access and manipulate data in the analyzer 504. A user
interface such as a topic profile/sequence interface 575 can support interactive querying of masses of
data in the analyzer 504, enabling human and statistical pattern detection to be blended. For example,
an analyst could do what-if analyses by constructing queries to explore the hypothesis that elections
following a change in the constitution to allow a ruler to run again resulted in more violence than
clections that did not follow such a change (although the scope would probably have to be expanded
beyond Nigeria to get an adequate sample).

[00128] In this embodiment, the matcher 525 performs some of the predicting functions
described earlier. The matcher 525 would match the selected topic profile/sequence 520 to similar
moments in the historical past of topic profiles 510, provided by the analyzer 504, which contained a

similar profile/sequence. Any number of methods could be used to determine similarity including: 1)
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treating the topic profile 520 as a vector and the each day’s worth of topic activities as a vector and
performing a cosine match; 2) using the topic model itself to determine the probability of the historical
topic profile given the user’s topic profile; using hidden Markov models to match an Input Topic
Sequence to a variable length sequence in the historical data. The times of profile matches could be
viewed by a user interactively. Other data might be associated with the data displayed in 510 such as
articles 615 associated with a particular topic and date.

[00129] A predictor 530, performs other prediction functions describer earlier. The
predictor makes predictions using a number of methods such have been described above. One such
method is an event-based model which uses the output of the matcher 525 to determine the N most
similar days in the historical period when compared to the selected topic profile/sequence 520, and for
each historical day, look at the topics 10 days later, then predict that the topics 10 days after the
selected topic profile/sequence 520 to be a weighted average of the topics from the N similar historical
days.

[00130] Another method to be used by the predictor 530 would be to use vector
autoregression (VAR) as described earlier which would postulate a more cyclical model. More
complex, non-linear models could be also used, such as recurrent neural networks. In any case, the
predicted values of the topics selected as the topic profile/sequence 520 would be determined by
running the selected topic profile/sequence through the VAR repeatedly, or through the recurrent
neural network repeatedly. In this case, the matcher 525 would be skipped.

[00131] Other temporal prediction methods are also possible. One might define a list of
dates on which particular events happened, e.g., every day that a suicide bombing occurred in Israel.
The topic profiles from the 10 days previous to this event could be obtained, and then hidden Markov
models (HMMs) trained to discriminate sequences of topic profiles that occur before suicide bombing
from those sequences that do not.

[00132] Regardless of the temporal method used in the predictor 530, at least two
functions can be enabled. One function is an alerter 540 as a type of output device. The type of
output that would come from the alerter could be determined by a user. For example, the alerter could
alert him/her/others to a topic activity predicted to be greater than some threshold at some near-term
future point. With the alerter 540 in this embodiment, the system would receive recent data (e.g.,

today’s news) into the analyzer that would also feed the matcher/predictor system. If the topic
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“bombings” were then predicted to be above a certain threshold, or simply one of the top 10 topics
predicted to be active, in the next week, then an alert could be sent to all those subscribers 550 to such
an alert.

[00133] In other embodiments, additional functionality derived from the predictor 530
could be an interactive process whereby a user 570 can view the predicted activities of all topics over
any period of time in the future (if using the most recent data as input) or as research into what was/is
likely to happen given any topic profile/sequence selected. Upon viewing the results though the
output device 560, the user 570 can make adjustments to the selected topic profile/sequence 520 to
refine the search and reinitiate processes such as the matcher 525, the predictor 530 and the output
device 560. Similarly to the historical topic activity graph 510, the user may be able to use the output
device 560 to retrieve data associated with a topic and a time in the future 565, such as articles from
the past that occurred after best matched times found by the matcher 525.

[00134] FIG. 6 hows one embodiment of a predictor system 600 similar to that
illustrated in FIG. 5 from the perspective of the user utilizing the topic/profile/sequence interface.
These interfaces would typically be made available to the user through the system output device or a
similar user interface. The user can create a topic profile/sequence via three different selection
methods 602; by word query 604, by selecting articles 606, or by selecting date ranges or particular
dates 608 (e.g., all of the day’s news). The words and features from this selection would allow the
analyzer (such as 504 in FIG. 5) to create a histogram of topics 610 related to the words/features in the
query/articles/date. Some of these topics might not be of interest; in this case, as shown in FIG. 6, the
“protest” topic 1s X ed out so it will not be used to find historical dates that had a similar mix of topics.

[00135] Referring again to FIG. 6, given the mixture of topics in which the user is
interested, a historical graph 620 would be presented which shows the degree to which dates in the
past had the same mixture of topics. The match to the topics of interest could be presented either as a
whole, or the match to each topic could be presented individually (the gray line in 620). The user
could potentially click on those dates that had the best match (of one or all of the topics), and read
articles related to those events. In any case, based on what happened after those best-matched dates
(via processes 525 and/or 530 of FIG. 5), a prediction of topics likely to appear in the days ahead
would be shown in 630 as in 560 of FIG. 5. This subfigure indicates that more of one type of activity
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(namely “protests”) 1s likely for a few days, and that the probability of other activities (namely
“bombing”) is decreasing. Also shown here is the threshold value set to trigger the Alerter.

[00136] A combination of the outputs of more than one matcher and predictor could be
shown, and/or combined into, one prediction per/topic.

[00137] Given a view of the probable topic activities 630, the user could then apply
modify each topic’s predictions 640 in order to indicate the user’s assessment of the probability and
importance of each topic occurring in the future. In the case shown in FIG. 6, the user has modified
the forecast of “protests” to stay high within in the time frame of graph, rather than decreasing after a
point as predicted by the model in 630. Other interactions are also possible, such as eliminating
predicted topics from the graph that are deemed unimportant. The user could then share the entire
search, along with his/her assessments of probability and importance, with other users 650. Along
with providing a focused means of discussion, all the assessments could be combined, such that the
probabilities shown in 630 could be modified to show the consensus assessment of the probability of
that topic. For example, the consensus of the analysts might be that there is no probability of protests,
in which case that line would be shown to be near zero. Alternatively, the assessment of different
users and the model outputs could be combined selectively based on user choice, or automatically
chosen based on the reliability of the user or model (in the case that multiple models are run
simultaneously).

[00138] Once the described computer based systems are programmed to perform
particular functions pursuant to machine instructions from software that implement the methods of this
invention, such computer based system in effect become special-purpose computers particular to the
methods of this invention. The techniques necessary for programming the machine instructions are

well-known to those skilled in the art of computer based systems.

Alternative Embodiments of the Predictor system:
[00139] FIGS. 7-9 show functional diagrams of other embodiments of computer based
predictor systems that can perform the methods of this invention. Other embodiments of computer
based predictor systems can also be employed to perform the methods of this invention, and to the

extent that a particular system embodiment is capable of performing the methods of this invention, it is
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equivalent to the representative computer based system described herein and within the scope and

spirit of this invention.

Alternative Embodiments to Enhance Query Types

[00140] It is contemplated with alternative embodiments of this invention, it is possible
to support interactive querying of masses of data, enabling human and statistical pattern detection to
be blended; for example, an analyst could do what-if analyses by constructing queries to explore the
hypothesis that elections following a change in the constitution to allow a ruler to run again resulted in
more violence than elections that did not follow such a change (although the scope would probably
have to be expanded beyond Nigeria to get an adequate sample).

[00141] FIG. 7 shows a more detailed set of use cases for the predictor system search
functions with additional model semantics, The main functions shown in FIG. 7 are: Run a Search
720 - this 1s the top level function to execute a search for topics and generate predictions; Select Data
Sources 740 — these functions allow the analyst to select the data sources they want to use in the search
function such as selecting a data type 741 or a date range 742; Select Topics of Interest 750 — these
functions allow the analyst to specify the criteria they want to use to identify the topics to be used in
the search such as selecting by word 751, article 752 or date range 753; View Time-Match Graph 760
— these functions allow the analyst to view the matched topics between a given day (such as today) and
days in the past by setting match parameters 761; View Historical Activity 770 — these functions allow
the analyst to view past activity by selecting articles and topics by date 771; View Predictions 780 -
these functions allow the analyst to view the prediction results in a variety of ways such as viewing
and selecting articles by topic and date 781; Modify Predicted Activity 790 — these functions allow the
analyst to modify data sets if desired; and Save Search 795 — these functions allow the analyst to save
data and searches. Clone a Search 730 — these functions allow the analyst to create a new search
starting with the setup of a previous search.

[00142] Additional embodiments of this invention will support querying, retrieval, and
collaboration as illustrated below by briefly discussing a number of specific examples of its potential

application. The following types of queries could be supported for the individual analyst:
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[00143] Query article retrieval: The user types a query and gets a ranked list of articles.
The retrieval and ranking of articles (and the “parsing” of the query) would use latent variable topics,
and thus go beyond keywording.

[00144] Topic article retrieval: This is similar to the previous type, but here the user
selects a topic from those that embodiments of this invention has identified in the corpus and then gets
a ranked list of articles related to the selected topic or topics.

[00145] Query date retrieval: The user types a query and gets a ranked list of dates
which are most relevant to the query. (This type of query, and those below on the list, incorporate
embodiments of this invention’s temporal indexing capabilities.)

[00146] Topic date retrieval: This is similar to the previous type, but here the user
selects a topic from those that embodiments of this invention have identified in the corpus and then
gets a ranked list of dates.

[00147] Date topic retrieval: The user types a query and date or date range and gets a
ranked list of topics associated with that date.

[00148] Time-forward-date topic retrieval: Here, the user chooses a topic and time-
forward offset and gets a list of topics that appear on the forward date. (For example, the user could
find the topics that were most prevalent one week after an election in Nigeria that was accompanied by
wide-spread protests.)

[00149] Time-backward-date topic retrieval: This is the same as the prior query, but here
the user searches backward in time by a desired temporal offset from the selected date.

[00150] Date topic-by-date retrieval: The user selects a date, and sees a timeline of
topics following and/or preceding that date. The user will also be able to click on the topic in the
timeline and get a list of articles for that day with that topic.

[00151] Future topic-by-date retrieval: The user will get a timeline of expected topics for
various future temporal offsets from the current date. By clicking on a topic in the time line N-days
after a day like today (i.e., a day that has a similar topic mix to today), the user gets a list of articles
from the past that had that topic.

[00152] Only the first two types are typically available to users (e.g., at the OSC
available at the time of this application at www.opensource.gov). They can search by a query (albeit

complex queries), and they can limit results to a fixed set of very general topics (e.g., Conflict, Crime,
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Dissent, Environment, Human Rights). That is usually as complex as search gets; analysts must rely
on their experience and intuition to understand the content and context of the results they receive.
Clearly, embodiments of these methods and systems will significantly extend the search capabilities

available to an analyst.

Alternative Embodiments to Enhance Collaboration:

[00153] Alternative embodiments of these methods and systems will facilitate
collaboration between and among users, focusing their attention on the mostly likely upcoming types
of events, and enabling them to split a large problem into parts, share results, critique each others’
ideas, etc. This would support decomposition of large projects into smaller tasks, the results of which
could be shared.

[00154] FIG. 8 shows the top level use case of one embodiment of the predictor system
800 showing the high level functionality of the system. There are two types of users that invoke the
functionality of the system. In this embodiment, the first type of user, User 1 810 is an analyst and the
second type of user is an administrator 820. For the collaboration function, there are two analysts (810
and 830) working together. The embodiment shown in FIG. 8 describes the following functionality:
Collaborate 851 — contains the functions for analysts to collaborate on search results and the
weightings of relevant topics; Search 852 — contains the functions to perform a search of historical
data to generate predictions: Log on 853 — function for the user to identify themselves to the system;
Manage User Environment 854 — contains functions for the user to control how the system functions
for them, such as setting user preferences; Manage Users 855 — contains administrator functions to
create and manage users; and Load Data 856 — contains administrator functions to control the loading
of data from external sources.

[00155] FIG. 9 shows the top level use case of one embodiment of the predictor system
900 showing the high level functionality that allows multiple users, such as user-1 910 and user-2 920
to collaborate and share system functionality across functions such as sharing a search 952,
configuring 957 and viewing charts of results 958, modifying profiles 959 and providing and sharing
assessments of the predictions. Examples of the additional functions capable in this and other

embodiments include:
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[00156] Collaborative knowledge refinement by topic probability modification: This
capability will enable analysts to modify the probabilities of topics, and thus to explore the “prediction
space” together more richly. Since dates are characterized essentially as vectors of probabilities on
topics, modifying model-generated probabilities is a way to blend human and machine reasoning, as
well as to enable collaboration among analysts, For example, if Nigeria had a soccer team in the World
Cup during a contested election, that topic might be expected to have a major place in a ranked topic
list, even though there is no logical causal relationship. A group of users working on a particular
problem might recognize this potential confound, and they could zero out that topic and see if the list
of predicted topics changed. (Note that this capability would also support powerful what-if analyses.)

[00157] Consensus collaborative knowledge refinement: An analyst could filter or
modify results by including the likelihoods assessed for topics by other analysts.

[00158] Focused collaboration: By giving a ranked list of likely future topics,
embodiments of this invention could focus the discussion of current events in very specific terms. This
could be the “common reference” that is so necessary for shared understanding within a team.

[00159] Future PIRs: Priority Information Requests (PIRs) focus collaboration in
intelligence brigades. Embodiments of this invention could spur future PIRs, that is, what information
might it be useful to have in the future? This kind of preparation, seeking information before it’s
needed, could be a decisive factor if the kinds of events that embodiments of this invention predicts do
occur.

[00160] Overcome turnover and lack of experience: Newer analysts often lack the
expertise required to relate historical evidence to current intelligence. Embodiments of this invention
could help guide the search of novice analysts towards the most likely issues and the most similar
historical circumstances to aid in their understanding of current events.

[00161] Historical collaborative calibration: As use with the system accumulates, one
could look historically at how combined analyst predictions matched the actual topic mixture versus
the model. Institutional knowledge is not routinely captured for reuse, except perhaps by long-term
staff members, who integrate it in memory, thus increasing their expertise and the organization’s
reliance on them. Embodiments of this invention could both capture this institutional knowledge and

could potentially learn what mix of automatic and human ratings could give the best prediction. Thus,
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embodiments of this invention could be used to store knowledge of experts, be calibrated by the

knowledge of experts, and be used to supplement the knowledge of experts.

Testing of Embodiments of the System and Methods:

[00162] The present invention is illustrated by, but by no means limited to, the following
description of the testing of one embodiment. This embodiment was set up to test different topic
modeling techniques and helps to further illustrate the operation of embodiments of the methods and
systems disclosed.

[00163] Utilizing this embodiment of the methods disclosed and illustrated by FIG. 1, a
study was conducted comparing the utility of three different latent variable methods (LSA, PLSA, and
LDA) for Step 130.

Provide Data:

[00164] Referring to FIG. 1, the study was started by providing a historical data source,
step 120, based on an archive of news from The Jakarta Post, whose archives from mid-1999 through
the end of 2006 are available online, at the time of this test at:
http://www.thejakartapost.com/yesterday.asp. The Jakarta Post sorts articles into eight sections,

which are listed in Table 1 along with the total article count available within the archive.
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Table 1. Sections and article count from the Jakarta Post for

June 1, 1999 through December 31, 2006.

ID | Section Total Article Count

1 | National 36,776

2 | City 20,172

3 | Editoral 14,205

4 | Business 15,275

5 | Features 17,556

6 | Sports 5,785

7 | World 1,075

8 | Supplement 858

[00165] From this, two subsets of these data were focused on as shown in Table 2 along

with the amount of training and testing articles available in each case. Note: For an article to be

included, it was required to have at least 100 total words.
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Table 2. The number of articles used for training and testing

with four subsets of the Jakarta Post.

Subset ID Sections Training Testing Training Testing
1 (2000- 1(2004) | 2 (2000- 2 (2005)
2003) 2004)

351 351
1350 days days 1,701 days
days
1 National 12,802 4,049 16,851 4,271
12 National, City | 18,851 5,642 24,493 5,572

Analyze Data with a Topic Model Technique:

[00166] As the first part of the analysis step 130, a few pre-processing transformations,
step 132, were performed on the news data before using it for training and testing. Stop words
(frequent words that convey little meaning, such as articles and conjunctions) were removed. These
stop words came from a standard list that were found at the time of this test at
ftp://ttp.cs.cornell.edu/pub/smart/english.stop.

[00167] De-pluralization was performed using part of the Porter stemming algorithm,
with exceptions added (e.g., children — child, men — man, etc.). No other kinds of stemming were
performed (e.g., reducing “bombing” to “bomb,” or “education” and “educator” to “educat”).

[00168] Words were tokenized (identified as distinct from one another) when separated
by whitespace and/or any other non-letter character, with two exceptions: (a) Contractions (it’s, we’ll,
etc.) were retained, and (b) hyphenated words were kept if there were letters (and not numbers) on
both sides of the dash (hyphens removed, such that a word like “de-pluralize” would be changed to
“depluralize”).

[00169] All words were lower-cased to obtain a word 1D, but the word form used in

display is the first form found which is more likely to keep the proper capitalization for proper nouns.
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So if “Jakarta Post” appears in the text, then “Jakarta” will be properly capitalized, but the common
noun “post” will be improperly capitalized. The latter case is rare though.

[00170] Since the techniques tested in this project are “bag-of-words” methods, that is,
the order of the words, the syntax, is not examined, the original format did not need to be kept.
Instead, the above tables were used to create three new tables for each subset of news sections:

[00171] 1. Words: This table contains a word ID for each unique word remaining after
post-processing,

[00172] 2. Training: This table contains the frequency count of each word in each
article from the training period. This is the “word x document” matrix used for the different latent
variable techniques.

[00173] 3. Testing: this table contains the frequency count of each word for each day in
both the training and testing periods.

[00174] After acquiring the data and performing all the pre-processing, the different
latent variable methods could be made on real-world data. No other features were used as input for the

topic modeling of step 136.

[00175] The basic order of operations used for each algorithm being tested was as
follows:

[00176] 1. A training data range and a testing data range were specified.

[00177] 2. Word IDs and document IDs were assigned for words and articles contained

within the training data range. Articles had to have at least 100 words, and each word type had to
occur a minimum number of instances in a minimum number of documents.

[00178] 3. If removing words that appeared fewer than the minimum value produced
articles with fewer than 100 words in the PLSA/LDA datasets, then these documents are also removed.
This procedure was repeated until there were no further changes to the number of words or documents
(usually, this required no more than two rounds).

[00179] 4. For LSA and PLSA, a sparse matrix was created containing the count of
every word type in every document if not zero. The Markov chain Monte Carlo sampling utilized in
LDA requires cycling through every word token, not just the word types. So for LDA, two arrays were
made: one containing the word ID for every token, and another containing the document ID of every

token,
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[00180] 5. The three models were trained on the word x document (i.¢., article) matrix.
Articles tended to be about only a few topics and, therefore, allowed a proper semantic/topic space to
be created.

[00181] a. LSA: The singular value decomposition was performed on the sparse word x
document matrix to obtain the § largest singular values that were allowed by memory (for these data,
about 1000 dimensions). This was done once, and then the & top dimensions were used for testing.

[00182] b. PLSA: Forty iterations of Expectation-Maximization (EM) were performed,
and the perplexity was calculated. Each time the number of topics changed, EM had to be performed
again, since the distribution of words to topics can change radically as topics are added. Pilot testing
indicated that the perplexity decreased very little after 40 iterations.

[00183] ¢. LDA: Three chains of Markov chain Monte Carlo were run for 40 iterations
each (in parallel) over every token in the training set, and the perplexity was calculated. As with
PLSA, each time the number of topics changed, this training had to be re-run. The model (of the three
chains) with the lowest perplexity was used for testing.

[00184] 6. For testing, it was desired to compare testing days to training days.
Therefore, the entire set of words from each day in the training date range was projected into -
dimensional semantic space (for LSA) or a k-topic space (for PLSA, LDA). The same was done for
the days in the testing date range. Thus, every day was given a “topic profile.”

[00185] 7. For each day in the testing date range, the most similar D days in the training
date range were found. For all methods, this similarity was based on the cosine similarity of the topic
profiles between the two days. An average, weighted by the similarity, of the topic profile /' days after
cach of the D days was used as the prediction. The values tested for D were: 8, 16, 32, and 64 matches.
The values tested for F were: 1, 2, 4, 8, 16, 32 days ahead. In addition, more context was added to
each day by including words from articles from the previous days; thus a day could be characterized
by words (and thus topics) from B days, where B =1 (the day itself), 2, 4, or § days back.

[00186] 8. The weighted average was then compared to the actual topic profile for that
day. Three kinds of measures were taken: cosine similarity, the Spearman rank order correlation
coefficient, and “top-ten,” i.e., the proportion of the top ten dimensions/topics that were predicted that
were actually present on that day (regardless of order). This was done for each testing day, and the

average of each measure over all test days was outputted.
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[00187] This testbed allowed an easy manipulation of the data and the models to

investigate a variety of parameters, which will be discussed below.

Analyzing Data with Topic Model Techniques:

[00188] Referring again to FIG. 1 step 130, different methods are available by which to
model the latent topics in the data. This study evaluated three different methods: Latent Semantic
Analysis (LSA), Probabilistic Latent Semantic Analysis (PLSA) and Latent Dirichlet Allocation
(LDA).

[00189] To conduct our empirical evaluation of LSA, PLSA, and LDA, the measures of
performance needed to be equally valid across all models. The interest was in evaluating the
interpretability and predictability of each model.

[00190] Interpretability of topics is a purely subjective measure, but it is, nevertheless, a
critical test of the system’s utility; users and/or administrators will need to be able to interpret the
topics in order to make use of the system’s output. Predictability is a measure of each model’s ability
to predict its own set of identified topics. Since the dimensions/topics derived from the three methods
could be quite different and there was no “ground truth” against which to compare results, it was
determined that predictability, internal consistency in a sense, would be the most important measure of
model performance. Three kinds of measures of accuracy were taken to compare the predicted and
actual topics on a test day: cosine between the topic vectors, the Spearman rank order correlation
coefficient of the topics, and “top-ten,” i.e., the proportion of the top ten dimensions/topics that were
predicted that were actually present on that day (regardless of order).

[00191] To compute predictability, the modeled predictions were compared to those
based on taking a random sample of D historical days to ensure that successful predictions were not
simply a reflection of the same topics appearing over and over again. Our null hypothesis was that
predictions based on the modeled similarity would be the same as the predictions based on a random
sample of days. This null hypothesis can be rejected if the choice of days by the method gives a better
prediction than a random set of days. One hundred such random samples were created for each
change in the variables (k, D, F, B), for each model, the mean and standard deviation of the three kinds

of measures of accuracy were individually assessed, and the Z-score ((value — mean)/standard
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deviation) obtained. By comparing the Z-scores between the methods it could be determined which
method could predict itself most beyond chance, and thus demonstrate the most predictability.

[00192] In order to reduce the number of variable combinations to be tested, a pilot test
was first conducted to determine both the best parameters and the feasibility of testing in certain
conditions. A number of dimensions were identified along which to simplify our evaluation.

[00193] First, the number of conditions was considered that were intended to be run.
Altogether, there could be 4 Matches * 6 Days ahead * 4 days Back * 4 Subsets * 6 Topic/dimension
sizes * 3 measures = 6912 outcomes on which to find differences between the three methods.
However, across all models and other variables, D = 64 matches produced the best results, so analyses
were focused on predictions calculated using this setting.

[00194] In our pilot testing, the cosine measure was consistently very high (> 0.95)
across conditions and methods, making it an ineffective differentiator. Note that the cosine similarity
measure is dominated by the largest few dimensions. Day-to-day it may be that the same core topics
arc always present, e.g., the Indonesian government, the police, etc. The fact that the top-ten measure
showed much more variability suggests that it is just a few of the dimensions that are more or less
constant day-to-day. To capitalize on these differences, analyses were focused on the Spearman rank-
order correlation coefficient and the top-ten measures,

[00195] Moreover, based on visual inspection of the top words in the topics, it appeared
to us that at least 80 topics/dimensions would be required to capture the rich variety of news from the
Jakarta Post. An investigation was limited to those conditions with 80 and 160 topics/dimensions.

[00196] Finally, in terms of how many days’ worth of news to use to characterize the
current and future news topics, it was found that one day’s worth tended to show a large amount of
variability and two days’ worth was very similar to four days’ worth. Hence it was decided to focus on
model runs that used four and eight days. Because of the overlap in days, it is less meaningful to
predict a day in the future which would contain news from the current day, so for example with B=4,
June 1-4 could predict June 5-8, but it would not be helpful to predict June 2-5, since three of the days
(June 2-4) are the same. Thus, it was decided to just look at F =&, 16, and 32 days ahead.

[00197] The conditions that were ended up being tested were as follows:

o 1 Match: 64

e 6 B-F combinations: 4-8, 4-16, 4-32; 8-8, 8-16, 8-32
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o 2 Topic/dimension sizes: 80, 160

o 2 Subsets: National, City-National

e 2 Measures: Spearman, Top-ten

[00198] This would allow us to calculate a total of 48 measures on which the three

methods could differ.

Profiling Topics over Past Time Period:

[00199] Referring to FIG. 1, step 130, the models were trained on four years of articles
from January 1, 2000 to December 31, 2003. The models were then tested on one year of articles:
January 1, 2004 through December 31, 2004. This is a difficult test since it could be that new topics
occur over the year or that topic-sequence tendencies change over the course of the year (which would
tend to reduce the fit of the trained models to test data).

[00200] Referring to FIG 1, step 140, profiles for each day (composed of 4 or § days’

worth of data) were determined using the topic model.

Predict Topic Activity over Future Time Period

[00201] Referring to FIG. 1 step 150 each topic model was used to make a prediction via
the matching method described above. The predicted set of topics and the actual set of topics derived
using the same model were compared to those topics predicted from a random set of historical days.

[00202] (FIG. 10 illustrates one method for testing the prediction of topic activities. In
this embodiment, for a given day in the test period (May 4, 2006), we find the D=4 most similar days
in the past time (training) period using one of the three latent variable methods and all topics. We
predict that 90 days after May 4, 2006, this topic would have a value equal to the weighted average of
this topic F=90 days ahead after each of those matches.)

[00203] FIG. 11 shows Z-scores on the Spearman rank order correlation coefficient for
Subset 1. There are a number of items of note in these data. First and foremost, the data contain
extremely high values for Z-scores. A Z-score greater than 3.09 implies a probability of less than
0.001. This Z-score was exceeded with every method in nearly every case. Depending on the specific
conditions, one method did perform better than another, however. For example, in FIG. 11, LSA
performed best looking at B=4 days back and F=8 days ahead, but PLSA performed best at 16 days
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ahead, and LDA performed best (but only with ~=80) at 32 days ahead. These differences aside, it was
clear that each method probably provided the requisite predictability required.

[00204] Overall results are summarized in FIG. 12 which shows the averaged Z-scores
across k, F, and B for the two kinds of measures and the two subsets. It is clearer in FIG. 12 that the
larger set of data in Subset 12 did make the task more difficult. The Top-ten measure also appears to
be more sensitive to this change.

[00205] As FIG. 12 indicates, LDA appears to perform slightly better overall. However,
it was concluded that each method probably has the capacity to make predictions of the rank of topics

in future days by finding similar days to those in the past.

Testing Results of One Embodiment:

[00206] Ags discussed above, there was an interest in evaluating the interpretability of the
topics identified by the models. For PLSA and LDA, a common practice is to examine the top 10-20
most probable words in each topic in order to determine the nature of the topics, or latent concepts,
that these methods find in the data. This is less common in LSA studies, for which the dimensions do
not themselves have meaning irrespective of the higher ranked dimensions. Typically, a second step 1s
performed to generate some kind of clustering of the words within the semantic space (e.g.,
Bellegarda, 1998, 2005); this was not attempted here. In general however, LSA topics convey which
sets of words carry the most variance. The weight of a word can even have a negative sign, indicating
that the presence of that word puts it in the “opposite” semantic space as words with a positive sign.

[00207] In the three tables below, the topics that contained the words “bomb” or
“protest” in their top twenty words were extracted from the top 80 dimensions of LSA, and from 80-
topic models for LDA and PLSA. In Table 3 below, it can be seen in Topic 12 of the LSA model both
“bomb” and “protest,” but they have opposite signs. The negatively signed words deal with workers,
labor, and students protesting rights with the police; whereas the positively signed words may have to
do with a bombing in Bali. In Topic 33, the negatively signed words are vaguely along the lines of
government elections and meetings; whereas the positively signed words have to do with bombs in the

Maluku province.
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Table 3. Topics from the top 80 topics of an LSA model from National news with the words “bomb”

[00208]

word “bomb” or “protest”. (Unlike LSA, the order of the topics as given by the topic number has no

or “protest.”

Topic 33

-“Gov’t
Topic 12 elections”
- “Protest” + “Maluku
+ “Bali Bombing” | bombs”
- worker - meeting
- Jakarta - government
- labor - leader
People - General
- student Maluku
State Province
- chairman Public
Bali Abdurrahman
House - country
- right Indonesian
- Indonesian - office
Bombing - Megawati
Military Commission
- protest - Election
- Police island
- company - health
Indonesia - Police
- organization foreign
Regional bomb
Regency - bill
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relation to its prevalence in the data.) Topic 29 is clearly about the bombing in Denpasar, Bali set by
two suspects: Amrozi and Samudra. Topic 45 is a more general topic about student protests, rallies,

strikes and demonstrations.

Table 4. Topics from an 80-topic LDA model from National news with the words “bomb” or

“protest.”
Topic 29 Topic 45
“Bali Bombing” | “protest”
Bali Protest
Bombing Student
Bomb Rally
Suspect protester
Police Demand
Blast Jakarta
Attack City
Amrozi demonstration
Explosive Strike
Samudra Front
Killed building
Alia Street
Oct Activist
Denpasar People
Explosion Hundred
People Capital
Imam Staged
Ali demanded
Investigator Office
Christmas demanding
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[00209] In Table 5 below are the three topics from an 80-topic PLSA model that
contained the words “bomb” or “protest.” Topic 13 is a general topic about police investigations of
bombs, blasts, and other explosions. Topic 69 is like LDA’s Topic 29 concerning the specific bombing
in Bali which was in the news so much. Similarly, Topic 51 is like LDA’s topic 45 concerning student
protests and demonstrations.

[00210] Each method appeared to find a general protest topic. Each method also found a
topic specific to the bombing in Bali in October 2002. Only PLSA was able to pull apart two topics
related to bombing: the specific one and one general about police investigations of bombings and
explosives. In terms of prediction, it is unlikely that the bombing in Bali will occur again, thus one
would like to see topics that are topical, but not so specific that they refer to a particular instance
which is unlikely to be repeated. It is clear that the topics found by LDA and PLSA are very easy to
interpret, While further ad hoc processing could be done to cluster words better in LSA than just
looking at the topics carrying variability, this kind of process is inherent and fundamental to the
processing behind LDA and PLSA. Given that all three have sufficient predictability, it appears that
statistical models such PLSA and LDA will be the most useful since the resulting topics are more

easily interpretable.
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Table 5. Topics from an 80-topic PLSA model from National news with the words “bomb” or

“protest”.
Topic 13 Topic 69 Topic 51
“bomb investigations” | “Bali bombing” | “protest”
Police Bali Protest
suspect Amrozi Student
Bomb Bombing Protester
Bombing Samudra Rally
Attack Denpasar People
Blast Ali Office
investigation Imam demonstration
Explosive Death Demand
Team Oct Local
Chief People Staged
People Imron Central
Arrested Attack Java
investigator Kuta Demonstrator
Gen Club building
Found Mukhla Hundred
Explosion Alias demanding
Jakarta Brother front
National Killed activist
Killed Victim Jakarta
Evidence Blast demanded
[00211] This invention is not limited to the methods and systems described in the

embodiments above. The methods of this invention are easily incorporated into computer systems and

data networks that allow certain steps of these methods, such as input and output, to be performed on
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client machines connected to a computer network while the computational steps and data set storage
can be done through a server in a client-server model or other distributed computing architecture. It is
also envisioned that the methods can be used over a wireless computer network to include wireless
computers, wireless phones or other wireless data network.

[00212] It is understood that computer programs implementing the methods of this
invention will commonly be distributed to users on a distribution medium such as floppy disk or CD-
ROM. From there, they will often be copied to a hard disk or a similar intermediate storage medium.
When the programs are to be run, they will be loaded either from their distribution medium or their
intermediate storage medium into the execution memory of the computer, configuring the computer to
act in accordance with the method of this invention. All these operations are well-known to those
skilled in the art of computer systems.

[00213] The term “computer-readable medium” encompasses distribution media,
intermediate storage media, execution memory of a computer, and any other medium or device
capable of storing for later reading by a computer a computer program implementing the method of
this invention.

[00214] With respect to the above description then, it is to be realized that the optimum
relationships for the steps and components of this invention, to include variations in providing and
acquiring data, pre-processing data, analyzing data, predicting results and displaying results are
deemed readily apparent and obvious to one skilled in the art, and all equivalent relationships to those
illustrated in the drawings and described in the specification are intended to be encompassed by the
present invention.

[00215] Therefore, the foregoing is considered as illustrative only of the principles of the
invention. Further, since numerous modifications and changes will readily occur to those skilled in the
art, it 1s not desired to limit the invention to the exact construction and operation shown and described,
and accordingly, all suitable modifications and equivalents may be resorted to, falling within the scope
of the invention. Although this invention has been described in the above forms with a certain degree
of particularity, it is understood that the present disclosure has been made only by way of example and
numerous changes in the details of construction and combination and arrangement of parts may be

resorted to without departing from the spirit and scope of the invention.
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CLAIMS:

What is claimed is:
1. A computed based system for predicting the value of a topic, said system comprising:
a processor capable of executing machine instructions on a set of data;
the machine instructions including:
means for transforming the set of data over at least one dimension value to create a topic
profile, and

a means for predicting a predicted topic value at a predicted dimension value.

2. The computer based system of claim 1 wherein the set of data comprises news data.

3. The computer based system of claim 1 wherein the set of data comprises temporal data received by

the processor from a communications network.

4. The computer based system of claim 1 wherein:
the means for transforming the set of data further comprises analyzing the set of data using
latent semantic analysis to create the at least one topic; and

the topic profile comprises at least one topic value of the at least one topic.

5. The computer based system of claim 1 wherein:
the means for transforming the set of data further comprises analyzing the set of data using
latent Dirichlet allocation to create the at least one topic; and

the topic profile comprises at least one topic value of the at least one topic.

6. The computer based system of claim 1 wherein:
the means for transforming the set of data further comprises analyzing the set of data using

probabilistic latent semantic analysis to create the at least one topic; and
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the topic profile comprises at least one topic value of the at least one topic.

7. The computer based system of claim 1 wherein the means for predicting the predicted topic value
comprises using an autoregressive fractionally integrated moving average (AFIMA) model of the topic

profile.

8. The computer based system of claim 1 wherein the means for predicting the predicted topic value

comprises using an autoregressive conditional heteroskedasticity (ARCH) model of the topic profile.

9. The computer based system of claim 1 further comprising a user interface wherein a user can

modify the set of data.

10. The computer based system of claim 1 wherein the means for predicting the predicted topic value
further comprises:
identifying a base dimension value having a base topic profile;
identifying the predicted dimension value having a difference dimension value from the base
dimension value;
analyzing the topic profile over at least one dimension value to 1dentify a most similar topic
profile to the base topic profile;
the dimension value at the most similar topic profile being a selected dimension value; and
selecting at least one topic value from the topic profile at a difference dimension value from

the selected dimension value as the predicted topic value at the predicted dimension value.

11. The computer based system of claim 10 wherein the means to analyze the topic profile to identify
the most similar topic profile further comprises:

at least two topic profiles;

each of the at least two topic profiles having at least one vector;

a similarity factor identifies the most similar topic profile; and

the similarity factor is identified by a method selected from the group consisting of:
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defining a cosine of an angle between the at least two vectors as the similarity factor to
identify the most similar topic profile,

defining an inverse of a Euclidian distance of the at least two vectors as the similarity
factor to identify the most similar topic profile, and

defining a Minkowski distance between the at least two vectors in space as the

similarity factor to identify the most similar topic profile.

12. A computer based method for predicting a topic value, said method comprising the steps of:
transforming a set of data having at least one topic over at least one dimension value to create
at least one topic profile relating at least one topic value to the at least one dimension value;
identifying a base dimension value and a predicted dimension value, the predicted dimension
value having a difference dimension value from the base dimension value;
identifying a base topic profile at the base dimension value;
analyzing the at least one topic profile to identify a most similar topic profile to the base topic
profile;
identifying the dimension value of the most similar topic profile as a selected dimension value;
identifying the topic profile at the difference dimension value from the selected dimension
value as an at least one predicted topic profile at the predicted dimension value; and
identifying at least one topic value from the predicted topic profile as an at least one predicted

topic value.
13. The computer based method of claim 12 wherein the step of transforming the historical data is
performed by a specially programmed computer comprising a series of machine instructions residing
in a memory and executed by a processor.

14. The computer based method of claim 12 wherein the set of data comprises news data.

15. The computer based method of claim 12 wherein the set of data comprises graphic data.
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16. The computer based method of claim 12 wherein the set of data comprises temporal data received

by a processor from a communications network.

17. The computer based method of claim 12 further comprising receiving modifications to the set of

data.

18. The computer based method of claim 12 wherein the data comprises data representing physical

phenomena.

19. The computer based method of claim 12 further comprising:
analyzing the set of data with at least one of the techniques from the group consisting of latent
semantic analysis, probabilistic latent semantic analysis and latent Dirichlet allocation to create

the at least one topic.

20. The computer based method of claim 12 wherein the step of analyzing the at least one topic
profile comprises:
at least two topic profiles;
each of the at least two topic profiles having at least one vector;
identifying the most similar topic profile with a similarity factor; and
the similarity factor is defined by a method selected from the group consisting of:
defining a cosine of an angle between the at least two vectors as the similarity factor,
defining an inverse of a Euclidian distance of the at least two vectors as the similarity
factor, and
defining a Minkowski distance between the at least two vectors in space as the

similarity factor.

21. A computer based method for predicting the value of a topic comprising the steps of:
transforming a set of data having at least one topic over at least one dimension value to create
at least one topic profile relating at least one topic value at the at least one dimension value;
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identifying a base dimension value and a predicted dimension value, the predicted dimension
value having a difference dimension value from the base dimension value; and

analyzing the at least one topic profile to predict the topic profile from the base dimension
value to the difference dimension value to create a predicted topic value at the predicted

dimension value,

22. The computer based method of claim 21 wherein the step of transforming the historical data is
performed by a specially programmed computer comprising a series of machine instructions residing

in a memory and executed by a processor.

23. The computer based method of claim 21 wherein the set of data comprises news data.

24. The computer based method of claim 21 wherein the set of data comprises graphic data.

25. The computer based method of claim 21 wherein the set of data comprises temporal data received

by a processor from a communications network.

26. The computer based method of claim 21 further comprising receiving modifications to the set of

data.

27. The computer based method of claim 21 wherein the data comprises data representing physical

phenomena.

28. The computer based method of claim 21 further comprising:
analyzing the set of data with at least one of the techniques from the group consisting of latent
semantic analysis, probabilistic latent semantic analysis and latent Dirichlet allocation to create

the at least one topic.

29. The computer based method of claim 21 wherein the step of analyzing the at least one topic

profile comprises using a vector autoregression technique.
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30. The computer-based method of claim 29 wherein the vector autoregression technique is chosen
from at least one of the group consisting of:

an autoregressive fractionally integrated moving average (AFIMA) model;

an autoregressive moving average (ARMA) model;

an autoregressive integrated moving average (ARIMA) model; and

an autoregressive conditional heteroskedasticity (ARCH) model.

53

SUBSTITUTE SHEET (RULE 26)



PCT/US2009/030876

WO 2009/134462

1/12

B g >

$S800.1d

HIOMBN
[ednan

0St
/ ueisaleg

HOYV/VNI4V

suoisuawiqg
Jejus

uoisuawiq
Jano sanjep 21do| 101paid

ovi

4

uoisuawig 1oA0 soido| 9)140id

7Y

D E

\ 00}

r 8¢cl

sanjeA oido |
4
Bunepopy a1do .
3

|\
uoljorJIX3 uonew.IojU| .// o€l

— 9¢€1|

4

Buissaooid-aid N— }E|
Buiiepop o1do| eI ereq mwby

1
2
L = /om_

BleQq 9pINOid




PCT/US2009/030876

WO 2009/134462

2/12

0s¢

09¢

eleq

¢ 'Old

ove — \j

/ Kiowapy

10$s320.1d
02 —
JEYNELEN
eleq 2o1A8Q INdINO
0€e omm\

002 I\\\




PCT/US2009/030876

WO 2009/134462

3/12

88¢ 98¢ gq eleq c8g
ad ISPon aa ysiess passasoid gQ eleqQ mey
—_J18jjonuo)n <> <
LLE Builspony L8E G8¢e €8¢ rac
8101S |3pOoN 210)S yoiess 910]S Bleg passadoid 810]S ejeg mey
0Z€ Buyspony [ [ _ |
]
19€ Js|j0nu0D
$S900Y BleQ
2G€ SYE epe 7€ _—
LGE / _ 09¢ SS900Y Ble(]
\ :M“umo_mm,a muww cee ||| | uomdemx3eieq |- £2E
10]BI8USE) — adoy ||[ n_u_:m 105590014 \ IO\ 901N0S
adA) weyo . BleQ I —
Japodw) | /7
_ oubug | || sow0les | _ adA| 80inog
13jj03u0) yoseas odo| Jajonuo) | 1ee
uonezijensip | — lossaodold L g4
J8Jj01U0) eleQ 18jjo1u0) podwy —~
0S¢ |~ WS |opg —___ | siossado0ug 02¢
Ve | e 0€e
upnezifensip yosess eleg lauodw) ereq
_ 16€ I
N ME—~ 2 adk ), | adAy
lojesauar) abed 18]j01u0) IN eleq eleqg
al — 92In0S dainos I 06g
€ 'Ol4 00¢g X3 aoepBU| 18SN




PCT/US2009/030876

WO 2009/134462

4/12

Oty

—

¥ "Old

Ocy

—~

06y

L~

s19sn
pue sjoeloid

SUONOY
pue SI0}UON

S921N0§ ele

/

T~

S)uBWISSassy

seyosess

SPIOM
pue sajoIuy

saipadoliy

~
oLV

f

ovy

00v \/

f

08y

/

1744




PCT/US2009/030876

WO 2009/134462

5/12

G "OId

096G
i/

sawi} ainn4g
3
i 10)7°]
S¢S 06— 10]0Ipald laua|y
layolep y0S
lazhjeuy .\
Sawi) [edLI0ISIH
"z 3
= w soido|
oocm:amw\w_co& oido} g

omm 0 B\.
G16 R_R_

/Nom
v/ 009



PCT/US2009/030876

WO 2009/134462

6/12

9 "Old

peaye sfeg

AoisIH

029

YoKew

019

/

soido |

sisajoud
| awo

sBujquoq

Aoy

peaye sAeQq
0€9
. mmc_m.Euomnl/ o »\
. IR III ’ w.
sisaj0id._ RS
N, [ =
// \ ..Nv
BT
\w%
\l
sajeq
100z Aen
< > 909
' -
SaoIUyY
\vom
\l\
:yoJeag | spiom
~—

c09

v/oow



PCT/US2009/030876

WO 2009/134462

7/12

' 'Old
_—1 uoiesg anes
aleq s6L a_>;\o.<\\.||l 06z 00Z
pue oido] Aq se|oiuy -
g, 100105 PUE MAIA pajoipald Appon ,\
- 08
Aoy
a1eq Po10Ipdld MIIA
pue oido] Aq ssjoiuy
S J— 02L
109]9S PUB MIIA Y \
[EJLIOISIH MBIA
siojowered 09— PEst e
os /] YOIEN 105 I ydeio
YOleN-Bwilt MIIA
6 A
cc) A abuey ajeq Aq 10888 158181 lasn
0 soido| 10919
S eowv Aqeps Pl PPPS 0L
474 0S/. S
oy /] piom 4Aq 109188 90IN0S ElR( 199|9S
\I\
2o) /] abuey ajeq 10983 ov.
UYoIeas B auo|)
1y, ] °9kLEIEG WeRS oez =




PCT/US2009/030876

WO 2009/134462

8/12

5 4

8 'Old
/\ 008
9¢8
_ \J eleqg
"ulwpy peon
\\ silesn |~ 9S8
abeuepy JuswuoliAug
028 va8 \ lasn
abeuepy
|~ €68
uQ 607
|
_ ca8 N\ uorees
1G8 \|

2 Jasn

08

ale10qe||0D

0s8

| lasn 7

\
0i8




PCT/US2009/030876

WO 2009/134462

9/12

6 "OId
,\ 006
656 856 Bmf 256
a|ljold a|ljoid ajljoid yoseas
A)Ipo MBIA ainbyuon aleys
_—| aleioqe)i0n
1G6
L ]
2 19sn | Jasn

0¢c6

016



WO 2009/134462 PCT/US2009/030876
10/12

- 900¢/v/6
- 900¢/v/S
- 900¢/v/1
- G002/v/6
- G002/v/S -
S00c/v/L

\2 - ¥002/v/6
N - ¥002/v/S
\ L y002/¥/1

- €002/v/6

- £002/v/5
- €002/¥/1
- 2002/v/6
- 2002/9/S
;, - 2002/b/1
i - 1002/v/6
- 1002/v/5
- 1002/Y/1
- 0002//6

- 0002/v/S
000c/¥/L

TEST —

A A
VAN

Al

MY

FIG. 10

Topic Profile

™
TRAIN

o

0.6

0.5
0.4

0.3
0.2
0.1



PCT/US2009/030876

WO 2009/134462

11/12

L1 "Old

vSidm

vSm

vailm

1 19sqng
JuUa191}}809 UONE|3II0Y) 13pI0 YueY uewleads Jo a109s-Z

- 00}

8109S-7




PCT/US2009/030876

WO 2009/134462

12/12

¢l 'Ol

us)-do

ct

uewseads ua)-do) uewseadg

josqng

ainseaiy

valo

002 :1edh )sa)
$9109G-7 abeiany

0l

0c

0e

oy

0s

09

9109S-7




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - description
	Page 42 - description
	Page 43 - description
	Page 44 - description
	Page 45 - description
	Page 46 - description
	Page 47 - description
	Page 48 - description
	Page 49 - description
	Page 50 - claims
	Page 51 - claims
	Page 52 - claims
	Page 53 - claims
	Page 54 - claims
	Page 55 - claims
	Page 56 - drawings
	Page 57 - drawings
	Page 58 - drawings
	Page 59 - drawings
	Page 60 - drawings
	Page 61 - drawings
	Page 62 - drawings
	Page 63 - drawings
	Page 64 - drawings
	Page 65 - drawings
	Page 66 - drawings
	Page 67 - drawings

