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Abstract

Text streams are a fundamental source of information
that can be used to detect and characterize strategic
intent of individuals and organizations as well as for de-
tecting abrupt or surprising events within communities.
In this paper we describe our algorithm development
and analysis methodology for mining the evolving con-
tent in text streams. Text streams include news, press
releases from organizations, speeches, Internet blogs,
etc. Specifically, an analyst may need to know if and
when the topic within a text stream changes. Much of
the current text-feature methodology is focused on un-
derstanding and analyzing a single static collection of
text documents. Corresponding analytic activities in-
clude summarizing the contents of the collection, group-
ing the documents based on similarity of content, and
calculating concise summaries of the resulting groups.
The approach reported here focuses on taking advan-
tage of the temporal characteristics in a text stream to
identify relevant features (such as change in content),
and also on the analysis and algorithmic methodology to
communicate these characteristics to a user. We present
a variety of algorithms for detecting essential features
within a text stream. Our approach for communicating
the information back to the user is to identify feature
(word /phrase) groups. These resulting algorithms form
the basis of developing software tools for a user to an-
alyze and understand the content of text streams. We
present analysis results using both news information and
abstracts from technical articles, and show how these al-
gorithms provide understanding of the contents of these
text streams. A critical finding is that the character-
istics we used to identify features in a text stream are
uncorrelated with the characteristics used to identify
features in a static document collection.

1 Introduction
Massive amounts of text stream data exist and are read-

ily available, especially over the Internet. Analyzing
this text data for content and for detecting when things
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(such as topic or affect) change can be a daunting task.
Mathematical and statistical methods in the area of
data mining can be very helpful for the analyst looking
for these changes. Specifically, we have implemented
some of these techniques into a surprise event detection
technology that is designed to monitor a stream of text
or messages for changes within the content of that data
stream.

Much of the research in information mining from
text streams focuses on either the description of new
events and salient features or in clustering the docu-
ments (text streams) [1, 2, 3]. Our research is focused on
processing massive amounts of text streams to identify
events that have just occurred or are currently occur-
ring. You can think of this as a possible triage capability
that an analyst needs to identify (surprising) events so
that he can delve into the material to gain in-depth in-
sight. However, finding these events in a timely fashion
is not an easy task.

Some of the event types that one might want to
detect in a text stream (which could be a sequence of
news articles, a sequence of messages, or an evolving
dialogue) are shown in Figure 1. In each case, time
is along the z-axis. The y-axis corresponds to some
measure of topic (such as the number of words or
events that occur within your data). In the context
of a text stream, a point discontinuity in topics could
correspond to a document with a relatively unique
content. A jump discontinuity could correspond to an
abrupt change in the content of the text stream. A
slope discontinuity could correspond to a ramping up
or down in a topic for that text stream (e.g., emerging
technologies). Typically, jump and point discontinuities
are detected more readily than slope discontinuities [4].

The approach that we have taken is to monitor
and evaluate the occurrence of individual terms in the
text stream for changes in occurrence. As a pre-
processing step, a text analysis tool is used to extract
words from the text stream and give information about
documents and words within the documents. With this
information, algorithms are used to score each word
(number of occurrences within documents). Using these
statistical metrics (which we call our Surprise statistic),

Copyright © by SIAM.
Unauthorized reproduction of this article is prohibited.



S I I

Slope discontinuity

Point discontinuity Jump discontinuity

Figure 1: Typical surprising event types.

we evaluate each word over the period represented by
the text stream. When a sufficiently "surprising” word
occurs, related words (based on the temporal profile) are
found and are useful in explaining the broader nature
of the event.

In this paper we focus the majority of our discus-
sion on the develpment and implementation of the algo-
rithms. A companion paper has been developed where
a sensitivity analysis is performed on two different data
sets with results being analyzed by a domain expert
[5]. The domain expert confirmed that the results using
Surprise matched historic occurrences.

Detected events and the explanatory words can be
represented in a variety of ways. From our experience,
graphical representations tend to be the most desirable
(if not most useful) form for the analysts. The Surprise
statistical algorithms along with graphical capabilities
are discussed in Section 2. A comparison of our Surprise
statistic with a topicality measure (which measures how
interesting a word is) is shown in Section 3. Following
that, we discuss the relevance of performing this analysis
using two different data sets. Finally, conclusions about
our data mining algorithms and analyses are discussed.

2 Surprise Statistics

Different algorithms for calculating "surprise" have been
researched and five of these algorithms have been imple-
mented into a toolkit. For each algorithm, the unit of
calculation is a single word. Each of our algorithms
requires a preprocessing of the time-sequenced docu-
ments. The processing that we use includes breaking the
overall time period into intervals (we use hourly, daily,
or weekly intervals, depending on the temporal granu-
larity of the data being examined) and the number of
documents in which the word occurred. The Surprise
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Figure 2: Number of documents for each time interval
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statistic is calculated in each time interval by compar-
ing that occurrence with a moving window of the past
occurrences.

To illustrate the use and also the differences be-
tween these algorithms, we used a data set from Voice
of America (VofA) [6]. VofA is the official external ra-
dio and television broadcasting service of the U.S. fed-
eral government. Its oversight entity is the Broadcasting
Board of Governors. Data streams are available through
the Internet in both streaming media and downloadable
formats.

The temporal profile of the number of documents
(per time interval) within this data set (VofA) is shown
in Figure 2. For this analysis, we chose 12 hours as
the width of each time interval, which led to 58 time
intervals.

The first Surprise statistic algorithm, within our
toolkit, is based on a chi-square statistic (Pearson
method) constructed from the following 2x2 table [7]:

Tt Ny — x4
th — mf,t

mz_?,t

For this table, z; is the count (number of documents
containing this word) at time ¢, N; is the total number
of documents at that time, z_; is the average of the
counts of the word in all of the cells prior to time t, m
is the number of cells prior to time ¢ (so that Z_, is an
average of the m counts), and N_; is the total number
of documents prior to time t. Note that the counts for
Z_¢ and N_; were restricted to a window of time steps
prior to t. The amount of time (both the width of a
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time interval and the number of time windows, m) is a
user-selected parameter of the procedure. A value
sufficiently large for a chi-square statistic was one way
to flag a surprising event/word. This statistic looks for
deviations in the relative occurrence of x; in N;
compared with the relative occurrence in the preceding
time window (that is, in N_;).

The formula used for the x? statistic is
n,.(|n117122 — n12n21| — Y&)Q

21  X*= :

ninz2ninz2

where the previous 2x2 table is rewritten as

N1 ni12

22

n21

and

ni. = n11 + ni2
N2, = N21 + N22
n.1 =ni1 +n2a
N2 = Ni2 + Na2
n. =ni11 +niz2 + No1 + Na2

Also, Y in Equation 2.1 is either 0 or 1. If Y is 1, the
Yates continuity correction is applied for the low
sample size in which the count in at least one cell is
<5 [8].

The results of this algorithm applied to the VofA
data set are shown in Figures 3 and 4. In Figure 3,
the Surprise statistic calculated for every word of our
text stream is plotted. The y-axis represents the sorted
Surprise statistic, with the top 100 surprising words
(largest Surprise score) being labeled. The temporal
profiles, shown in Figure 4, represent the number of
documents per time interval for the top 30 surprising
words. Each profile is normalized by the maximum
number of occurences (for a specific word). The (red)
circle in each profile represents the time interval in
which the Surprise statistic was the greatest.

The second algorithm for calculating our Surprise
statistic is another form of the chi-square statistic
known as the likelihood ratio. The likelihood ratio (for
a hypothesis) is the ratio, of the maximum value of
the likelihood function over the subspace represented by
the hypothesis, to the maximum value of the likelihood
function over the entire parameter space [9]. This
statistic is calculated using the same 2x2 table as above
and is shown in the following equation:

(2.2)

X =

+ na1log;2- + nazlog

ni1log k-
2

nllll + n12log ni2

mn22
m mi2 2

m22

619

VofA
0 .
8 0 line
@ scandal, illegally, career
o |
3]
o | o officer
39
O services, foundation, commercial, promising, risen
O powerful
@ robert, supporters
8 _| © bolton, offer, rights

won, presidential, co .
enrichment, pass, replace, boycott, heinlein, reforms
remains, shot, nuclear, weapons, speech, ballot, polling, retired
victims, power, major, moves B N .
bangladesh, fund;rr‘w%‘baker, membership, \eadm% training
Tjems, incorhing, imthigraion, agencies, |tes.Rro ect . - "
leavé, agenda; eastefn, due, progréss, hamiffon, policy, politician, constitutional, case
study, risk, stations, relief, poverty, coopgr tion, bomber, raid, civilian, b?_mbmg, pohcﬁ
american, corruption, continues, réported, I

Surprise Stat

15
|

air, korea, sign, outside, intelligence, revol

10
|

—
T T T T T
0 500 1000 1500 2000

Record
Chi-Square, Pearson, surprise.window = 12, bin.size = 12 hours

Figure 3: Sorted Surprise scores for the VofA data set,
top 100 most surprising words labeled.

where
mi1 = (n11 + niz)(n11 + na1)
mig = (n11 + n12)(n12 + n22)
ma1 = (n11 + n21)(na1 + n2z)
Mo = (12 + na2)(n21 + n22)

Another of our algorithms for calculating the Sur-
prise statistic is a Gaussian statistic. The Gaussian
statistic is based on comparing the observed value z
with the average over the previous values (Z_;), nor-
malized by the standard deviation of values in Z_; (s).
We put a floor of 1.0 on the standard deviation used
(because we are dealing with count data). This statistic
is

Tt — T—¢
2.3 G=——
(2:3) s-(1+21)

where n is the number of time intervals in the window
and s is the standard deviation.

Finally, combining the previous algorithms (chi-
square and Gaussian) forms the final two algorithms
within our toolkit for the Surprise statistic. Each
combined statistic is accomplished by taking the square
root of the chi-square statistic plus the absolute value
of the Gaussian statistic, as follows:
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(2.4)

Osurpm'se =V X2 + |G|

The results of applying all five of our algorithms
on the VofA data set are shown in Figures 5 and
6. In Figure 5, the actual Surprise statistic for the
word ("training"), for each time interval, and for all
algorithms (including the combined algorithm shown in
Equation 2.4) is shown. Note, that for this word, the
time interval at which the Surprise statistic is maximum
is different for the chi-square methods (represented
by a black P for the Pearson method and a red L
for the likelihood ratio) than for the Gaussian (green
G) and the combined methods (blue X and pink Y).
What is also interesting is that the two chi-square
algorithms selected a surprising event of a negative slope
discontinuity. These two points are illustrated in the
temporal profiles shown in Figure 6, where the circles
represent the time interval for the maximum Surprise
score for all five algorithms.

2.1 Related Words. Similarities between words
within a given set can give an analyst more information
than just a single word can provide. We assess similarity
based on the distances between vectors of the temporal
occurrence of each word (i.e., temporal profiles as shown
in Figure 4). There is a large number of candidate algo-
rithms for calculating distances between the temporal
profiles. Our preferred implementation is based on the
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Figure 7: Top related terms (to "co") based on correla-
tion distance (VofA data set).

correlation function between the vectors and is, for two
such vectors (z,y), equal to 1 — |corr(x,y)|. This dis-
tance often results in interpretable word groupings. Us-
ing combined related word profiles, one can gain more
detailed information about the events. The combining
(grouping) of the related words is described in the fol-
lowing section.

As an example of related words, Figure 7 displays
the top 9 words (temporal profiles) related to the
word "co". These related words give the analyst more
information than what can be gained from just the
single word. For example, we could get some entity
information (Lee Hamilton and James Baker) and a
tone of the text (grave and deteriorating) and some
information about the actual topic (diplomatic and
chairmen). When looking at the actual text streams for
which this information was gathered, we see that the
word "co" actually goes with the word "chairmen" (co-
chairmen), referring to Lee Hamilton and James Baker
who were co-chairmen of the Iraq study group, reporting
to the President and Congress, back in 2006. These text
streams were talking about the (war) strategy in Iraq
(grave and deteriorating).

2.2 Groupings. In the previous two sections, we dis-
cussed words that are similar to each other (related) and
also methods for selecting which words are of key inter-
est (Surprise words). Typically, a large set of words
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Figure 8: Top related terms (to "co") based on cluster
grouping method (VofA data set).

exist in the text streams that we analyze. Grouping
similar words can help reduce the dimensionality of the
data set. Two grouping methods are presented in this
section. First, the agglomerative hierarchical clustering
algorithm is used to cluster the words around a selected
word, which we call our clustering grouping method.
Results of clustering the VofA data set for the word
"co" are shown in Figure 8. For this analysis, com-
plete linkage and a correlation distance algorithm was
used [10]. From the clustering analysis, 10 words were
selected to cluster (group) with "co". The number of
members within the cluster was determined systemati-
cally within the algorithm. Also shown in Figure 8 are
four aggregation methods, including a straight average
at each time, an average at each time of scaled traces
(scaled by the maximum of all included profiles), median
value selected at each time, and the median at each time
of the scaled profiles (same scaling as before). All four
of these aggregation methods are plotted together in the
last (bottom) profile in Figure 8.

Another method used to group words was based on
the correlated distance that was discussed in Section 2.1
(Related Words), which we call our correlation grouping
method. In this method, a word is selected, and the
distance (correlation) is calculated between this word
and all others words. The words are then sorted, and the
words with the smallest distance (statistic) are selected
for the grouping. This is illustrated in Figure 9. The
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agencies laws

bangladesh scores

marines anbar

. 19 remains closer leadership abducted
technology. As an example, Table 1 shows a list of the 20 boy girl
top 25 groups (top Surprise scores) formed from our 21 soal sensitive
grouping ana1y§1s of the VofA. data set.' The groupings % —tirod considerable
were formed using the clustering grouping method and " :
. 11 . . . . 23 holy jihad lifted
the chi-square likelihood ratio Surprise statistic. -
24 robert gates highly fresh

The analysis of this new data set produced the
results shown in Figures 10 and 11. In these plots,
the most surprising groups and their temporal profiles
are shown. These groupings tend to provide more
information about an event compared with the single
word analysis as described in the previous sections.

pentagon rumsfeld donald

25 amal nasrallah hassan

3 Comparison with In-Spire’s Topicality Index

Early, we made the claim that our characteristics used
to identify features in a text stream are uncorrelated
with the characteristics used to identify features in a
static document collection. To illustrate, let’s assume
that the maximum value of the Surprise statistic (over
time for a single word or term) could be thought of
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data sets.

as a measure of interestingness of a word in a time se-
quence of documents. We compared the value of topi-
cality with our measure of temporal interestingness to
ascertain whether new information from our statistic is
being gained regarding the document set. Note that the
"topicality" is a measure used by In-Spire”™ and is a
measure that defines discriminating terms within a set
of documents. In-Spire is a text analysis and visualiza-
tion tool developed by the Pacific Northwest National
Laboratory [11]. This comparison was done using four
different corpora (data sets). Figure 12 shows the top
few thousand topical words for each of the corpora and
how that topicality value compares with the Surprise
statistic. The fundamental observation is that the met-
rics are uncorrelated, at least for these four different
corpora, because no correlation is seen in any of these
plots, which suggests that our temporal interestingness
(Surprise) is new information, not currently extracted
via topicality (from In-Spire).

4 Discussion

So far, we have discussed the algorithms that encompass
our Surprise statistic. We have also shown an example
of the algorithms as applied to a single data set (VofA).
In this section, we continue the discussion about the re-
sults from the VofA data set (specifically about grouping
results) and present some results from a data set that
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Table 2: Word groupings of the VofA data set using the

correlation distance method.
1 co hamilton lee baker james
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2 services nomination highly seize
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line opportunity study republican major

replace chiefs boycott

powerful ites connection warning corrupt

weapons china sanctions nuclear united

N || o e W

intelligence hill control agency

covers a much longer time frame.

4.1 Grouping Results. In Table 1, we showed the
groupings (of the VofA data set) as produced using the
clustering grouping method. As a comparison, Table
2 shows groupings as produced using the correlation
grouping method. Remember, this method is more
subjective, in that the analyst chooses the number of
related words for each group.

These groupings (Table 2) tend to be somewhat dif-
ferent from the groupings produced using the clustering
method. When looking at the actual text streams that
produced these results (from VofA), we can see a good
explanation for most of the groupings, including:

1. Lee Hamilton and James Baker were co-chairmen
of the Iraq Study Group. The text discussed
strategy in Iraq (war) not working (grave and
deteriorating), along with the relationship with
neighboring countries.

2. Robert Gates’ nomination as the new U.S. Defense
Secretary.

3. Group is loosely related, several topics involved.
4. Group is also loosely related.

5. Powerful Traqi Shi’ite clerics and their connection
with corruption.

6. Discussions (Chinese) about sanctions for nuclear
weapons in North Korea.

7. Assistant Secretary of State Christopher Hill dis-
cusses nuclear weapons and North Korea.

4.2 Time Intervals. So far, we have presented sev-
eral algorithms for detecting surprising events within a
text stream. We have shown results based on a single
corpora (Voice of America, 11/22/2006 — 12/20/2006).
The time span of this data is relatively short (about a
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Figure 13: Number of documents per time interval for
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month). What happens if we have data over a long pe-
riod of time? For instance, PubMed is a service of the
U.S. National Library of Medicine that includes over
18 million citations from MEDLINE and other life sci-
ence journals for biomedical articles dating back to the
1950s [12]. PubMed includes links to full-text articles
and other related resources. Data from MEDLINE are
presented in Figures 13 through 15 and discussed here.
In Figure 13, we see the number of documents that are
available for each time interval, divided into 3-month
intervals. The results of applying our Surprise technol-
ogy for this data set are shown in Figure 14, with the
profiles of the top 30 words shown in Figure 15.

For more information about these words and events,
grouping analysis was performed. A list of the top
25 groups (based on the Surprise statistic) is shown in
Table 3.

Now, what if we change the interval resolution, say
from 3 months (365.25/4) to monthly (362.25/12)7 The
temporal profiles for this new analysis for the top 30
(surprising) words are shown in Figure 16. These words
were then grouped and are shown in Table 4.

Comparing the top 30 surprising words from Fig-
ure 15 (3-month resolution) to the top 30 surprising
words from Figure 16 (1-month resolution), we observe
only a few overlapping words (encoding, iga, vaccina-
tion/vaccinated, expressing, vector). Also, the group-
ings from the two analyses (Tables 3 and 4) are totally
different. The results of this comparison show that the
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Figure 15: Temporal profiles for the top 30 surprising
words (MEDLINE data set), 3-month time resolution.
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Figure 16: Temporal profiles for the top 30 surprising
terms (MEDLINE data set), monthly time resolution.

Table 4: Top 25 surprising word groupings for the
MEDLINE data set and monthly time resolution.
iga igg
thl th2

encoding plasmid

rsv syncytial

alloantibody allo alloimmunization alloimmune
trivalent kk10
hinl h3n2

replication defective

herpes simplex hsv gd

vector vectors

vaccinia expressing

ad5 icp8

noninferiority noninferior cryptic

alleles hla

agonist ampligen vietnam polyfunctional mac251
rabbits rabbit

1d copolymer

west nile

hbv hbsag hbs

adjuvant adjuvants

infliximab preemptive

protracted b57
17e deltab670 cl

sendai streptococcal

hhv sivgag

626

encoding-L [V T T W fle Iransiaton Data tien
replication—L - ..ZZ .ZE i
—(r ‘ H HndTemn | Now 22, 2006 e Cuc 20,205 ]
iga-L YRS b N ——
- Burprise Term Seore Temporal Trace
vaccinia L oM | o :
T VT Sl ; | — - g
vaccinated-L N L (D) b aL © tumout [ ] S E
= senices [ ] y . _ =
thi-L ot R O organized [ ] N
) bangladesh [ ] &
trivalent-L s s s s Ly O S rianis ; ) = B ————
allelesL N TR OTNTY e L . e e
= ropert L 1 - y—
vector-L N AT T T © targeting L 1 P
- © revolution L 1 Ty
rabbits-L L4 s Dow i uahw w1 S gas 0 i p —
oxpressing-L (OO TV 2 L ! A0 -
© extens [ ] - - P
vaccines-L At = enemies L 1 ©)
 supporers I ] S e
fog L 2 (0 ool Ml | e \ \ e
epitope-L how Manda (  ultmately [ ] - -
= intention i ] z &
ge L R [N R N  nation I 1 - E =
- 22 2025262778230 1 2 3 4 5 6 78 810111213 14151617 1318 20
progressors L A (l)' AMA A M HNov 2008 Dec 2006 Dec 2006
ads-L N N NN
Torm: ne Tiie — o
alloantibody-L @D L e enezueias ugo Ghaez Sseking e Elecionin Glosely Watc o003, 2008
oL D ERpatih ~| | [American Lawmakers Urge Tougher US Stance on Russia 0 03, 2006
| A S fepublican Bush Ponders Maves on Ira, Prepares for Talks With Shitte ec 03,2006
alommunization L D; N o _| | Venezustan Presidertial e ecion Enos o0 03 2000
ofoct UN Says AIDS Progress Made in Sudan 0 03, 2006
mice L . TR A T e
suppressor-L. N 1 A L L L L direct
et
ha-L N N Lia " u R Senator ~
e TR TR T T i
tre-L A RO P
dass L G0 it o un b Aty (bt ] . .
76t () Figure 17: GUI for the Surprise software.
patients-L N - ACA). o MU AR Y el g
thesus-L A A PR PV YR TP
1d-L

long time periods and differing time resolution can play
a key factor in the analysis of these text streams, at
least when looking for change/surprising events.

4.3 Surprise Software. In order to make the Sur-
prise analysis viable by an analyst, a graphical user-
interface (GUI) called Surprise has been developed. The
GUI for Surprise is illustrated in Figure 17. Surprise al-
lows an analyst to explore the term list and temporal
profiles of the terms with the highest Surprise statistical
values. The visualization and interactions are designed
to help an analyst identify terms indicating an event
and quickly understand the associated context.

An analyst can quickly identify events using the
Surprise visualization. Interactions with the visualiza-
tion allows a user to discover context about an event
and select relevant documents. An analyst can sort the
term list alphabetically, by surprise score or by corre-
lation order. When a term is select, the related terms
computed from the algorithm described in Section 2.1
are populated in the lower left corner of the GUI. A por-
tion of the temporal plots can be highlighted to select
documents for that time range.

Surprise is linked with In-Spire to support further
analysis. When documents are selected in Surprise, a
user can view those documents in In-Spire and explore
their relationship in the topical space. The actual
document names for which the terms occurred are
shown in the bottom right window, illustrated in Figure
17.

5 Summary

In this paper, we have described our algorithmic devel-
opment in the area of detecting evolving content in text
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streams. We have compared our results to text analysis [11] In-Spire, Pacific Northwest National Laboratory,

results on a static document collection and found that http://in-spire.pnl.gov.
our techniques produce results that are different and [12] NIH National Library of Medicine (NLM) PubMed
enhance those results. We compared our two different MEDLINE database.

grouping algorithms and concluded that the correlation http://nlm.nih.gov/pubs/factsheets/medline.html.

grouping method tended to produce groups that were
more representative and informative of the data sets we
analyzed.

We also looked at the effects of using our techniques
on a data set that spans decades. Although words were
found to be “surprising,” the grouping algorithms tended
to not produce information (groups) as informative as
those produced using the VofA data set. We expect
this is due primarily to the longer time span of the text
streams and the difference in the subject matter (e.g.,
medical data vs. current events).

We recognize that much work is needed in this
area before this technology can become a real-time
analysis tool. Right now, the analyst must make too
many decisions (trials) before the relevant information
appears. With this in mind, this paper presents research
on the first step in the development of capabilities for
real-time analysis of text streams.
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