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Abstract

Extraction of sequences of events from news and other doc-
uments based on the publication times of these documents
has been shown to be extremely effective in tracking past
events. This paper addresses the issue of constructing an
optimal decomposition of the time period associated with a
given document set, i.e., a decomposition with the smallest
number of subintervals, subject to no or limited loss of infor-
mation. We introduce the notion of the compressed interval
decomposition, where each subinterval consists of consecutive
time points having identical information content. We define
optimality, and show that any optimal information preserv-
ing decomposition of the time period is a refinement of the
compressed interval decomposition. We define several spe-
cial classes of measure functions (functions that compute the
significant information from document sets), based on their
effect on the information computed as document sets are
combined. These classes are used in developing algorithms
for computing an optimal information preserving decompo-
sition of the time period of a given document set. We also
define the notion of information loss of a time decomposition
of a given document set and give an efficient algorithm for
computing an optimal lossy decomposition. We discuss the
effectiveness of our algorithms on the Reuters—21578, Distri-
bution 1.0 data set and a subset of Medline abstracts.

Keywords: text mining, time decomposition, op-
timal information preserving decomposition, optimal
lossy decomposition, information loss

1 Introduction

1.1 Background There is an enormous growth in
the information available in text documents, such as
news documents, research articles, web documents etc.
Application of data mining techniques to extract useful
information from these text based resources holds enor-
mous potential and has received a lot of interest recently
in both academia and industry. Many of these text
based documents have been archived, with time of their
publication or creation giving an approximate time of
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occurrence for the events/information contained in the
document. The time stamps associated with text doc-
uments have been employed in discovering how the in-
formation in the text documents has evolved over time.
In particular, time stamped documents have been effec-
tively analyzed for identifying past trends from patent
documents [1], emerging trends from research articles
[2], detecting and tracking topics from news articles
[4, 5] and for extracting timelines of events from articles
[6, 7, 8].

The usual approach for extracting temporal infor-
mation (such as trends) from text documents has been
to construct a time series representing the evolution
of the significant keywords/topics in the document set
over time. A decomposition of the time period T span-
ning a document set is constructed by decomposing
it into equal length subintervals. The document set
is partitioned into subsets by assigning documents to
each subinterval based on time stamps. Text mining
functions are applied to each document subset to com-
pute the information deemed significant for the corre-
sponding subinterval. The information computed is a
set of keywords/phrases/nouns/topics deemed signifi-
cant for that subinterval. Then, the information from
each subinterval is mapped into the temporal dimen-
sion by constructing a sequence of significance values.
Trends are identified from these time series using lan-
guages such as SDL [1, 13|, visually or by grouping
the consecutive subintervals with related information
[2, 6, 7, 8].

The temporal information constructed using the
above method is crucially linked to the way the time
period is divided into subintervals, since this affects
the size of the document set in each subinterval,
which in turn affects the significance values of the key-
words/topics in each subinterval. Consider a document
set in which documents were created daily. Then, how
should we partition the time period associated with the
document set — one day, one month, or coarser subin-
tervals? Ideally, the temporal trends from a document
set can be analyzed by dividing the time period into
the shortest possible subintervals (in the above exam-
ple, days) such that all of the temporal sequence infor-
mation can be obtained. However, this shortest length
decomposition, denoted by Ilg, in which each subinter-
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val is a single time point, may have too many inter-
vals and prove to be difficult to analyze visually. This
decomposition may also contain too much transient in-
formation and make it difficult to identify consecutive
intervals with similar information. On the other hand,
choosing month or year long subintervals may lead to
a loss of temporal information that may be unaccept-
able. However, in some cases, when larger subintervals
are considered, it is possible that there may be little or
no information loss,

1.2 Overview of This Paper Despite the close re-
lationship between the decomposition of the time period
associated with a document set and the significant in-
formation computed for temporal analysis, the problem
of identifying a suitable time decomposition for a given
document set does not seem to have received adequate
attention. The main objective of this paper is to show
how a suitable time decomposition can be obtained for a
given document set. Given a set D of time stamped doc-
uments and a measure function f,, used to identify the
significant information from a document set, we give ef-
ficient algorithms to compute the optimal (i.e., with the
smallest number of subintervals) information preserving
time decomposition of the time period associated with
D that preserves all of the information in the shortest
length interval decomposition. We also give an efficient
algorithm for computing an optimal (smallest number of
subintervals) time decomposition when some loss of in-
formation is permissible, but is constrained to be within
a specified bound.

We introduce the notion of the compressed in-
terval decomposition which can be computed from the
IIs of the document set by coalescing consecutive time
points of Ilg with the same significant information. The
relationship between the significant information from a
coalesced interval and that of the corresponding time
points of IIg that were coalesced depends on the mea-
sure function used. We show that for all measure func-
tions, any optimal information preserving decomposi-
tion of the time period associated with the given doc-
ument set is a refinement (not necessarily proper) of
the compressed interval decomposition. Further, we de-
fine stable measure functions (based on ratio measure
functions), and show that for such measure functions the
optimal information preserving decomposition is unique
and is the same as the compressed interval decomposi-
tion. We also define monotone increasing measure
functions (based on count measures), and present an
efficient greedy algorithm to construct an optimal infor-
mation preserving decomposition from the compressed
interval decomposition for such measure functions. We
also provide a dynamic programming based algorithm

for computing an optimal information preserving de-
composition of the time period for any measure func-
tion.

In cases where an optimal information preserving
decomposition of the time period may contain too many
subintervals, one may wish to construct a decomposi-
tions with fewer subintervals. However, coarsening an
optimal decomposition might result in some information
loss. Time period decompositions can be optimized for
one or more parameters such as the number of subin-
tervals in the decomposition, the amount of informa-
tion loss, the ratio of lengths of the subintervals, etc.
We characterize the notions of information loss and
variability of a decomposition. We give an efficient
dynamic programming based algorithm for construct-
ing an optimal lossy decomposition of the time period
associated with the given set of documents, where the
number of subintervals is constrained by a user—specified
number, and the information loss is minimized. We also
discuss how to compute an optimal lossy decomposition
with minimal information loss subject to constraints on
the number of subintervals and variability.

We considered two document sets, a subset of the
Reuters—21578, Distribution 1.0 data set! and a subset
of Medline? abstracts. A ratio measure function and an
« value of 0.25 were chosen for computing the informa-
tion content from document sets. We then constructed
an optimal information preserving decomposition of the
time period for each of the data sets. The number of
subintervals in the optimal information preserving de-
composition for the Reuters data set was 10% less than
the size of its Ilg, whereas for the Medline data set,
the size of the optimal information preserving decom-
position was approximately the same as that of its Ilg.
We then constructed a set of optimal lossy decompo-
sitions with various values constraining the number of
subintervals, and studied the relationship between the
number of subintervals and the information loss. Our
experiments show how the information loss decreases as
the number of subintervals in an optimal lossy decom-
position increases.

The rest of the paper is organized as follows. Sec-
tion 2 provides definitions of time decompositions, in-
formation content of time intervals, etc. Section 3 pro-
vides a classification of measure functions and defines
monotone increasing and stable measure functions. Sec-
tion 4 provides the definitions of information preserving
decompositions and the compressed interval decomposi-
tion, and gives efficient algorithms for computing the op-
timal information preserving decomposition of the time

TAvaialble at http://kdd.ics.uci.edu/databases/reuters21578/
reuters21578.html.
2 Available at http://www.pubmed.org.
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period. Section 5 provides definitions of information loss
and optimal lossy decompositions, and gives a dynamic
programming based algorithm for constructing an opti-
mal lossy decomposition. Section 6 presents experimen-
tal results. Section 7 discusses some related work and
Section 8 concludes the paper.

2 Preliminaries

2.1 Time Points, Intervals and Decompositions
A time point is an instance of time with a given base
granularity, such as a second, minute, day, month, year,
etc. A time point could be represented by a single
numerical value, specifying a given second, minute, day,
etc. Alternatively, a time point could be represented
by a calendar value consisting of a tuple of numerical
values. For example, (05,12,13,26,04,1999) is a time
point with calendar representation that denotes the
time instance where seconds = 05, minutes = 12, hours
= 13, day = 26, month = 04, and year = 1999. We
assume that the time points are always defined over a
totally ordered domain of base values, and thus can be
compared. A time interval, denoted by [t1,ts), where
t1 < tg, is the finite set of base granularity time points
t such that t; <t < ty. The length of a time interval T,
denoted by |T], is the number of time points in T'. Given
two time intervals T and S, T overlaps S if T and S
have non-empty intersection of time points. We say that
time interval S is covered by time interval T', denoted
by S CT,if t; < s1 and se < to. In that case, we also
say that T covers S. Let R = [r1,r2) and S = [s1, 82)
be two intervals. S follows R if ro <= s1. If 79 = s
then S immediately follows R. If S immediately follows
R, the combination of R and S is the interval [rq, $2),
and is denoted by R % .S. Note that the combination
operator * is associative, and is applicable to a sequence
of intervals, each of which is immediately followed by the
next.

A decomposition II of a time interval T, is a
sequence of time intervals 11, T5, ... T;,, such that T4
immediately follows T; for 1 < ¢ < n, and T =
Ty % Th ...+ T,. Each T; is called a subinterval® of
T. The size of decomposition II of a time interval T
is the number of subintervals in II. The time interval
associated with a decomposition II is denoted as T'(II).

The longest interval decomposition II; of a
time interval T is the decomposition with a single subin-
terval, namely T'. The shortest interval decompo-
sition IIg of a time interval T is the decomposition

SNote that because our time points have a base granularity,
the time intervals are not dense and contain only a finite number
of time points. Hence it is not possible to repeatedly decompose

a time interval into multiple subintervals.

with |7’ subintervals, one for each base granularity time
point within 7. Given two decompositions IT; and Il
of a time interval T', we say that II; is a refinement of
I15 if every subinterval of I1; is covered by some interval
in II,. Decomposition II; is a proper refinement of
Il if II; is a refinement of IIy and II; and Il; are not
identical.

We now describe the relationship between time
stamped documents and the time points, intervals and
decompositions.

2.2 Document Data Consider a finite set of docu-
ments D where each document has a time stamp denot-
ing its time of creation or publication.

To map these documents to the time domain, we
identify a time stamp in a document with a time point.
This implies that time stamps in all documents in D
have the same base granularity.

Ezample. Let D = dy,ds,d3. The time stamps of
the documents respectively, represented as calendar
values, are (24,5,99), (26,5,99), (19,6,99). The base
granularity of these time stamps is days.

Documents can be assigned to a given time interval
in a straightforward manner. A document is assigned
to a time interval if and only if the time stamp in
the document is a time point in the interval. The
documents assigned to an interval T, Docs(T) = {d;|
time stamp of d; € T,d; € D}. If a time interval has no
documents assigned, then it can be safely removed from
the time decomposition with no effect on the temporal
information gathered from the document set.

ProrosiTiON 2.1. If T}
Docs(T).

C Ty then Docs(Ty) C

Documents are assigned to a decomposition of 7' by
simply assigning documents to the individual subinter-
vals.

Note that the time stamps in D define a time
interval Tp corresponding to the minimum time stamp
tmin and the maximum time stamp t,,4, of documents
in D, Tp = [tmins tmaz + 1). Tp has the property that
Docs(Tp) = D.

For any time interval T C Tp, Docs(T) C
Docs(Tp). Any decomposition of Tp produces a parti-
tion of D.

2.3 Mapping Document Information to Time
by Text Mining The information corresponding to
each interval T; is computed by applying text mining
methods to Docs(T;). The text mining techniques typ-
ically identify a set of significant keywords or phrases
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appearing in the input document set based on some cri-
terion such as occurrence frequency being above a spec-
ified threshold, or top k keywords/phrases, etc., and re-
turn as output the set of significant keywords/phrases.
We refer to the function used to compute the signifi-
cance of keywords as the measure function (f.,). For-
mally, given a keyword w; and a document set D,
fm(wi, D) = v where v € RT. A function called the
textmine function is defined below to capture the text
mining techniques in a generic way. Without loss of gen-
erality, we assume that the output of a textmine function
is a set of keywords.

DEFINITION 2.1. textmine(D, fi,,a), where D is a set
of documents, f,, is a measure function, and o € RT
is a user specified real valued threshold, is the set of
keywords S appearing in D such that w; € S if and only
if fm(wi, D) > a.

Note that the output of the textmine function on
a given document set D may be different for different
measure functions and different values of a.

DEFINITION 2.2. The information content of a doc-
ument set D for a given measure function f,,, denoted
by Io(D, fm), is textmine(D, fm,a).

The information content of a time interval is the
information content of the document set assigned to it.

DEFINITION 2.3. Given a time interval T, 1o(T, fm) =
I,(Docs(T), fum)-

DEFINITION 2.4. The information content of a de-
composition I1 =Ty % ... x Ty, denoted as I,(I1, f,,), is
Uizy 1a(Ti; fm)-

Note that I,(IL, f,,) is not necessarily equal to
I, (T(II), fm). (Recall from Section 2.1 that T'(II) is the
time interval associated with the decomposition II.)

3 Properties of the Measure Function

In this section, we examine the information com-
puted by textmine functions for a time interval and how
this information is related to that of its decomposition.
There are many possible types of measure functions that
can be used to compute the significant keywords from
a document set. The information content for a given
document set computed by different measure functions
may be different. And, these functions may behave dif-
ferently as the document set sizes change. The typi-
cal measure functions used in the literature to compute
significance can be partitioned into the following three

types.

e Count measure (f,.): Includes all measure func-
tions that base significance on the number of oc-
currences of a keyword. For example, a keyword
is deemed to be significant if the number of its oc-
currences in a given document set is above some
threshold «. A related measure is to deem a key-
word to be significant if the number of documents
in which it appears is above threshold «.

e Ratio measure (f,,,): This category contains all
measure functions that compute significance as a
normalized value. All keywords with the corre-
sponding normalized values above some threshold a
are termed significant. Examples of such functions
are significance computed as the ratio of occurrence
frequency of a keyword to the total number of oc-
currences of words in the document set or as a ratio
of number of documents in which a keyword ap-
pears to the total number of documents in a given
document set, etc.

e top-a measure (f,:): Represents the category
of measure functions that compute the significance
of a keyword using one of the above measures and
return the top a keywords as output. Examples
include returning the top 100 significant keywords
when ranked according to the frequency with which
they occur in the document set. Note that an issue
in defining the measure is if there is a tie for the top
a keywords, whether to include all the keywords
involved in the tie, or just some of them. We
assume that the output of top-a includes all the
keywords involved in a tie.

DEFINITION 3.1. We say that a measure function f,, is
monotone increasing if, given two document sets D,
and Dy such that Dy C Da, Io(fm,D1) C In(fime, D2).

The following observation holds for any monotone
increasing measure function.

ProproSITION 3.1. Let f,, be any monotone increasing
measure function.

1. Given two disjoint document sets D1 and Ds,
Ia(DlLJDQafm)Qla(Dlaf’M)UIOt(D27f"l)'

2. Let D be a document set, with time interval Tp,
and let II be a decomposition of Tp.  Then,
Ia(Tvam) 2 Ia(vam)'

We note that count measure functions are monotone
increasing.

PROPOSITION 3.2. Any count measure function fp, is
monotone increasing.
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The following lemmas hold for textmine functions
with a ratio measure function f,,,, or top-a measure
function f;.

LEMMA 3.1. Let fir be any ratio measure function.
Let D1 and Dy be two disjoint document sets. Then
Ia(DLfmT) N Ia(D2;fmr) g Ia(Dl U D2afmr) g
Ia(DlafnLr) UIa(D27f7rL7')-

1. Ia(Dlafmr) mIa(D%.fm'r') g Ia(Dl U D27fm7')-

Proof. : Let wy, € Io(D1, fmr) N Ia(D2, fmr). Let
the number of keyword occurrences in Dy be n;
and the number of keyword occurrences in Dy be
ny. Then, the number of keyword occurrences in
Dy U Dy is ny + ng. Let v; (v2) be the number of
occurrences of wy, in Dy (D2). Then, v1 = axni+e;
and v9 = « % ny + €2 where €1,e5 > 0. Then,
fmr(w, D1 U Dg) = (v1 + v3)/(n1 + n2) which is
(akni4e1+akngtes)/(n1+ng) = at(e1+€3)/(n1+
ng) > a. Therefore, wy, € I,(D1 U Dy, fimr).

2. Ia(Dl U DZ,fmr) g Ia(DlvfmT) U Ia(D27fmr)-

Proof. : Consider w, & Io(D1, frmr) U Ia(Da, fmr)-
In this case, v1/n1 < « and va/ny < «. Hence,
vy = axny — € and vg = « * Ny — €3 wWhere
€1,€2 > 0. The ratio of w, in the union of D,
and Dy is (v1 + v2)/(n1 + n2). By substituting for
vy and w9 in this equation, we get (axn; — e + ax*
ng —e€2)/(n1 +n2) =a— (e +e)/(n1 +n2) < a.
Therefore, w, & Io,(D1 U Da, fr).

DEFINITION 3.2. We say that a measure function f,, is
stable if, given two disjoint document sets Dy and Do
such that Ia(Dla fm) = Ioz<D27fm)7 Ia(Dl U D27fm) =
Ia(Dla fnL)-

LEMMA 3.2. The ratio measure function f,, is stable.

Proof. : Follows from Lemma 3.1.

LEMMA 3.3. The top-a measure function fp: is stable.

Proof. : Consider any top-a measure function f,;.
Let D; and D, be disjoint document sets such that
Io(D1, fmt) = In(D2, fme). Consider any keyword w,
in I,(D1, fme) and any keyword wy not in I, (D1, fint)-
Since I4(D1, fmi) = Ia(D2, frt), wp, belongs to the
information contents of both Dy and D5, and w, belongs
to neither information content. Consequently, the
significance value of wy, is strictly greater than that of
wy in both document sets D; and Dy. Therefore, the
significance value of wy, in D;UD; is also strictly greater
than that of w,. Since this is true for w, and for all wg

not in Iy (D1, fimt), wp is in In (D1 U Da, fme). Since it
is true for w, and for all wy in Iy (D1, fimt), wy is not
in I,(D1 U Dy, fmt). Consequently, I,(D1 U Da, ft) =
Ioc(Dla .fmt)

The following example shows that the count mea-
sure function is not stable.

Ezxample. Let D1 be a document set with three docu-
ments {di1,d12,d13}. Let Dy be another document set
with {da1,d22,da3}. Let the contents of the documents
be as follows.

din = {waawbawc} dip = {waawd} diz =
{wp, we }.
dor = {wa,wp}  dog = {wa,wy}  dag = {wp, we}.

Let « = 2. Then, Ia(Dl,fmc) = Ia(DQ,fmc) =
{wa,wp}. However, I,(D1 U Da, fme) = {wq, wp, we }.

One can easily define measure functions that are
neither stable nor monotone increasing. As an example,
let f,,3 be a measure function that takes as input a
keyword w; and a document set D and first computes
the document frequency for all keywords that appear
in at least two documents. It then returns for each
such keyword, the ratio of its document frequency to
the total document frequency of all keywords appearing
in at least two documents. The following example shows
that f,,0 is neither stable nor monotone increasing.

Ezxample. D1 is a document set with keyword a appear-
ing in two documents, and keywords b and ¢ appearing
in one document each. D5 is a document set also con-
taining keyword a in two documents, and b and ¢ in one
document each. Document set D3 contains only one
keyword a and its document frequency in Dj is 2.
fmﬂ(ayDl) =1, fm,@(baDl) =0, fmﬁ(ca Dl) = 0.
fmﬁ(aaDQ) = ]-a fmﬁ(bv DQ) = 07 fmﬁ(ca D2) =0.
fmﬁ(a7D3) =1.

fm,@(a7D1 U Dg) = 0.5, fmg(b, Dy U Dg) = 0.25 and
fmB(e, D1 U Dg) = 0.25.

fmﬂ(a7D2 @] Dg) = 1, fmﬁ(b, DQ U Dg) = O7 and
fmg(c, .D2 U Dg) =0.

fmg(cu D1 UD2 UDS) = 06, fm,@(b7 D1 UDQ UD&) = 02,
and f,a(c, D1 U Dy U D3) =0.2.

Let o = 0.6. Then I,(D1, fmg) = Ia(D2, fmp) = {a}.
However, Io(D1 U Do, frng) = {}, so fmp is neither
stable nor monotone increasing However, looking at
other intervals, 1o (D1, fmg) = Io(D2U Ds, fmp) = {a}.
In this case, I,(D1 U D2 U Ds, fimg) = {a}.

4 Information Preserving Decompositions

Given a document set D and the time interval Tp
containing the time stamps of all documents in D,
a natural way to analyze the temporal evolution of
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information in the document set is to decompose Tp
into its shortest interval decomposition, Ilg. Using the
IIs decomposition explicates the time based evolution of
concepts in the document set D. However, it is not clear
whether such a fine-grained decomposition is necessary
given that the number of intervals could be very large.
On the other hand, using II; to capture all periodic
activity corresponds to applying text mining techniques
without explicitly constructing time sequences and their
analysis. The two decompositions IIg and II;, define the
two endpoints of assigning documents to time intervals,
with IIg being the most refined document assignment
and Ty being the most coarse assignment. Additional
decompositions of Tp which have more time intervals
than II; and fewer time intervals than IIg are also
possible.

We say that a time interval T; is information
preserving if it has the following property. Let IIg(73)
= ST; 1% ST; 2% ...% ST, j, for some j;. Then, Vp(l <
P < Ji)la(fm,STip) = In(fm,T;). Given a document
set D with associated time interval T, a decomposition
IT of Tp is information preserving if each of the
subintervals in II is information preserving. We note
that the shortest interval decomposition Ilg of Tp is an
information preserving decomposition of Tp. We define
a decomposition IIp of T for a given D to be optimal
information preserving if it is information preserving
and no other information preserving decomposition of
Tp has fewer subintervals. There is not necessarily a
unique optimal information preserving decomposition
of Tp, but there is at least one optimal information
preserving decomposition.

We first define the compressed interval decomposi-
tion of Tp and show how to construct it. Let w, be
any keyword from D. Let T} be a time interval, where
Ms(Th) = STh1 % STho* ...+ STy j, for some j,. Time
interval T}, is defined to be p-uniform for keyword w,
if either w, € Io(fm,ST;s) for all s(1 < s < jp), or
wp & In(fm,ST;s) for all s(1 < s < j,). Time interval
Ty, is defined to be maximal p-uniform if there is no
p-uniform 7} that properly contains 7j,. We define the
compressed interval decomposition (II7,) for w, as
the decomposition of Tp where each subinterval T}, is
maximal p-uniform.

Let ' = {wy,...,wi} be a set of keywords from the
document set D. We can extend the above definitions
to I' as follows. An interval T}, is I'-uniform if it is
p-uniform for each w, € I'. Interval 7} is maximal
I-uniform if there is no I'-uniform 7} that properly
contains Ty. We define the compressed interval
decomposition Il for a set of keywords I' as the
decomposition of Tp where each subinterval T} of Il¢
is maximal I'-uniform.

The compressed interval decomposition of Tp for a
keyword wy, IIZ,, can be constructed from IIg by simply
combining into a single interval each maximal length
sequence of consecutive intervals ST} in Ilg such that
wy € I4(STy, fm). Each maximal length sequence of
consecutive intervals of Il such that w, is not in the
information content are similarly combined into a single
interval. Each II{,(1 < p < k) is a decomposition of
Tp. The compressed interval decomposition IIo of all
the keywords is the product* of the k decompositions
%, 1 < p < k). Let n be the total number of
subintervals in all the given k decompositions. The
product decomposition can be computed in time O(n
lg k)-time [11] in a straight-forward manner as follows.
We can represent a decomposition over the given time
interval as a sorted list of the start times of the
subintervals in the decomposition. Given k sorted
lists, with a total of n elements, these lists can be
merged into a single sorted list, and duplicate values
can be eliminated. The final merged list of start times,
with duplicates eliminated, can be converted to the
standard representation of a decomposition as a list of
subintervals. (The key to the merging algorithm is to
use a heap.)

We now consider the relationship between the com-
pressed interval decomposition of Tp and its optimal
information preserving decomposition.

LEMMA 4.1. Let T,y and Teo be two subintervals of ¢
such that T.o immediately follows T.i. Let T be an
interval that overlaps both T,y and Ty, i.e., T contains
both the last time point in T,y and the first time point
in Tea. Then, T is not information preserving.

Proof. : Based on the construction of Ils, there exists
at least one keyword w, such that w, € I.(T.1, fm)
and wy, & I,(Tee, fm) or vice versa. Therefore, the
information content of the subintervals of IIg(7T") do not
all have the same information content. Hence, T is not
information preserving,

THEOREM 4.1. FEvery information preserving decompo-
sition (and consequently every optimal information pre-
serving decomposition) is a refinement of the ¢ for the
set of keywords in D.

Proof. : Consider a decomposition II; that is not a
refinement of IIo. Then, there exists a time interval
T, of II; that overlaps k (k > 1) consecutive intervals in
IIe. From Lemma 4.1, T, is not information preserving,
so II; is not information preserving.

IThe Hg of each word wy, is a partition of T'p into subintervals.

The product of a set of partitions is the coarsest partition that
is a refinement of each of the individual partitions, and is unique
[12].
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For stable measure functions, the following theorem
shows that the optimal information preserving decom-
position of Tp is unique and is the same as the IIo for
the set of keywords.

THEOREM 4.2. Given a document set D, let Tp be the
time interval covering the time stamps of the documents
m D. If a measure function f,, is stable, then the
compressed interval decomposition Ilc of Tp is an
optimal information preserving decomposition, and is
the only optimal information preserving decomposition.

Proof. : Consider any interval T}, from IIs. By the
construction of Ilg, all subintervals in IIg(7},) have
the same information content. Let W denote this
information content. Since f,, is stable, I (Th, fm) =
W. Therfore, interval T} is information preserving.
Since this holds for every interval in II~, decomposition
II¢ is information preserving.

Let wq,...,w, be the set of keywords from D.
From Theorem 4.1, any optimal information preserving
decomposition of Tp must be a refinement of Ilg.
Therefore, IIo is an optimal information preserving
decomposition, and is the only optimal information
preserving decomposition.

From Section 3, we know that the information con-
tent computed by monotone increasing measure func-
tions from a union of (disjoint) sets of documents, all
with the same information content, may be a superset of
the information content of each of the individual sets of
documents. Therefore, the compressed interval decom-
position Il for a monotone increasing measure func-
tion might not be information preserving. From Theo-
rem 4.1, an optimal information preserving decomposi-
tion of Tp in this case can be computed as a refinement
of Il, where each of the refined subintervals is informa-
tion preserving. A greedy algorithm is outlined below in
Figure 1 to construct an optimal information preserving
decomposition of Tp for monotone increasing measure
functions. The algorithm starts with IIo. Given I,
the number of steps in the remainder of the algorithm
is linear in the size of Tp. The algorithm refines each
subinterval of Il into a minimum number of subinter-
vals, each of which is information preserving. Note that
since there are many different ways in which a subin-
terval can be made information preserving, the optimal
information preserving decomposition of Tp for mono-
tone increasing measure functions is not unique. We
can show that the optimal information preserving de-
composition of Tp computed by the algorithm contains
the minimum number of subintervals over all possible
optimal information preserving decompositions.

The greedy approach to refining each subinterval of
the compressed interval decomposition for constructing

e Let Il be the compressed interval
decomposition for the set of keywords
from the document set D.

e Repeat for each subinterval T; of Il¢

— Let HUg(T;) = STy x ...« STy, .

— Let Temp = ST;;.

—for =2 to h
if I (ST, fm) == Io(Temp x STy, fm)
then Temp = Temp x ST;; .
else

Output Temp as a new
information-preserving
interval of Ilppr.

Start a new subinterval with
Temp = STy .

— Output T'emp as a new
information-preserving interval of
Ilopr-

Figure 1: An Algorithm for Computing an
Optimal Information Preserving Decomposition
Ilopr of Tp for monotone increasing measure
functions.

an optimal information preserving decomposition may
not work for measure functions such as f,,,3 that are
neither stable nor monotone increasing. In general, it
is possible that the information content computed from
disjoint sets of documents may not have a predictable
relationship to the information content of the union
of the document sets. In such a case, it may not be
enough to examine the intervals just once as is done in
Figure 1. We may need to compute all the different
ways of refining a given time interval and choose the
best one for that interval.

We present a dynamic programming based ap-
proach, much like the well known matrix chain multipli-
cation algorithm [11], to computing an optimal informa-
tion preserving decomposition for a given time interval
Tp and document set D. The algorithm starts with
the the compressed interval decomposition IIo. Given
a subinterval T; of I, let Ig(T;) = STi1 * ... x STjj.
Let Ti(z,y) (1 < z < y < j) denote the subinterval
of T; consisting of ST, * ... * ST;,. The dynamic pro-
gramming approach determines, for every T;(z,y), the
minimum number of subintervals that can occur in an
information preserving decomposition of T;(x,y). For
each subinterval T; of I, the algorithm constructs a
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table R with j rows and j column, where j is the size of
T;. Each entry R[z,y] in the table R for T; stores the
count of the minimum number of subintervals in an in-
formation preserving decomposition of interval T;(x, y).
Table R is used in deciding how to construct an informa-
tion preserving decomposition of T;. More specifically,
there is an entry R[z,y] for each pair of values  and y
such that 1 < x < y < j. The value of each of these
entries is computed as follows.

Rlx,z] = 1.
if z <y, then

if T;(z,y) is information preserving
then R[z,y] =1
else R[z,y] = ming<.<y(R[z, 2] + R[z + 1,9])

The minimum number of subintervals in any infor-
mation preserving decomposition of T; is R[1, j]. We can
use a separate table M to remember the value of z that
gives the least number of subintervals for each RJ[i, j].
Figure 2 gives an outline of our dynamic programming
approach to computing an optimal information preserv-
ing decomposition of Tp for any arbitrary measure func-
tion. Note, from the above equation for R[z,y| when
x < y, that the value of R[z,y| can be computed once
the values of the entries in R for all shorter intervals
that are covered by T;(z,y) have been computed. Each
iteration of the [ loop in Figure 2 computes the value
of R for all intervals of size [. Since these iterations are
in increasing order of [, when an entry in R[z,y] is to
be computed, the entries for all shorter intervals have
already been computed. The algorithm runs in O(m;?)
time where m is the number of subintervals T; in Ilg
and j is the maximum number of subintervals in the

s (T7).

5 Information Lossy Decompositions

When the time interval T associated with a document
set D is large, an information preserving decomposition
may consist of too many subintervals, and this may
make it hard to understand the temporal changes in the
information. A coarser decomposition may be used, but
this may lead to loss of some temporal information. In
this section, we consider a notion of information loss and
give a method for computing decompositions subject
to constraints or optimization goals pertaining to the
amount of information loss and the number of intervals
in the decomposition.

Informally, the notion of information loss captures
the amount of keywords missing (if any) in the infor-
mation content of a time interval T; as compared to the

e Let Il be the compressed interval
decomposition for the set of keywords
from the document set D.

e Repeat for each subinterval T; of Il¢

— Let Hs(Tl) =STy *...% STZJ

— for x=1to j

Rlzr,z] =1
—for l=2 10 j
forx=1to j—1+1
y=x+I1—-1

if Io(Ti(2,y), fm) ==
IO&(SExafm)
then R[z,y]=1
else R[z,y] = Ming<.<y
(Rlz,2z] + R[z+ 1,y])

Figure 2: A dynamic programming algorithm
for finding an optimal information preserving
decomposition of Tp.

keywords in the information content of its shortest inter-
val decomposition. Given a subinterval ST;, of IIs(T;),
we consider the total number of keywords w; such that
w; € In(STig, frm) and wj & Io(T5, frm). We denote this
number for ST;, by pg. Let IIg(T;) = STi1 * ... % STy,
Then, the information loss, denoted by p(73), of time
interval T; is defined to be 22:1 ttg- The information
loss of a decomposition II is the sum of the information
loss of each of its subintervals, and is denoted by wu(II).
Information preserving decompositions of a time inter-
val have zero information loss. We call a decomposition
with a non-zero information loss a lossy decomposi-
tion.

We can optimize a lossy decomposition for various
parameters, under various constraints. One may be in-
terested in constructing a decomposition with the small-
est information loss, subject to a constraint that the
number of subintervals cannot exceed a specified value.
Similarly, one may be interested in constructing a de-
composition with the smallest number of subintervals,
subject to a constraint that the information loss can-
not exceed a specified value. Computing an optimal
lossy decomposition involving these two parameters is
an optimization problem where one of the above pa-
rameters is specified and the other parameter is to be
minimized. For example, we define the optimal lossy
decomposition problem to be the problem of com-
puting a decomposition with minimum information loss,
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given a set of documents D published during time period
Tp, a measure function f,,, and a constraint s on the
number of subintervals. Similarly, we can consider the
problem of computing a decomposition with a minimum
number of subintervals, subject to a given constraint on
information loss.

We give a O(n*) dynamic programming algorithm
in Figure 3 for the optimal lossy decomposition problem
where n is the size of the IIg. This algorithm computes a
decomposition minimizing the information loss subject
to a constraint that the number of subintervals in
the decomposition does not exceed a given value s.
The dynamic programming algorithm considers every
possible subinterval of Tp. The algorithm maintains a
three dimensional table R. Let IIg(Tp) = STy * ... *
ST,. Let T'(z,y) denote the time interval obtained by
combining into a single interval ST, STy 41,..., ST, of
IIs(Tp). The size of table Risn x n x s, where n is
the the number of subintervals in IIg(7Tp) and s is the
user specified constraint on the number of subintervals.
(Typically, s would be much less than n.) Entry
R[z,y, k] denotes the minimum amount of information
loss possible in a k subinterval decomposition of the
time interval T'(z,y). Note that k can be at most the
size of T(x,y), namely y — 2 + 1. There is an entry
R[z,y, k] for each z,y,k such that 1 < 2 <y < n and
1 <k < min(s,y — z + 1). The value of each of these
entries is computed as follows.

Rlz,2z,1] = 0.
Rlz,y, 1] = p(T(z,y)) if z < y.

R[CE, Y, k] = minz+k72§z<y(R[xa Z, k_1]+R[Z+17 Y, 1])
if vt <yand2<k<min(s,y —x+1).

The minimum value among all entries of the form
R[1,n,k] gives the amount of information loss for the
optimal lossy decomposition. A separate table T' with
the same dimensions as R can be used to remember the 2z
value corresponding to each R[z,y, k]. This table can be
used in reconstructing the optimal lossy decomposition.

If it is desired to construct a decomposition with
the smallest number of intervals, subject to a constraint
on the information loss, a variant of the dynamic
programming algorithm in Figure 5 can be used. For
this optimization problem, there is no constraint on the
number of intervals, so R[z,y, k] is computed for all k
such that 1 < k <y — 2 + 1. The minimum value of
k such that the value of R[1,n,k] does not exceed the
given constraint on information loss gives the number
of intervals in the optimal decomposition.

In some cases, it may be important to compute a de-
composition with subintervals having more or less the

e Let IIs be the shortest interval
decomposition for time period Tp
associated with document set D. Let n
be the number of subintervals in Ilg. Let
s be the user-specified constraint on the
number of intervals.

e for x=1 ton
R[x, x, 11 = 0;

e for [=2 to n

for x=1ton—-1+1
y=x+1—-1
Rlz,y, 1] = p(T(z,y))
for k=2 to min(s,y —xz+1)

Rlz,y,k] = MiNg 1 k—2<z<y
(R[:E?Za k — 1} + R[Z + 17y7 1])

Figure 3: A dynamic programming algorithm
for finding an optimal lossy decomposition of
Tp.

same length. We define the variability of a decom-
position II as the ratio of the maximum length to the
minimum length of its subintervals. The higher the vari-
ability value of a decomposition, the more non—uniform
the length of its subintervals. A given decomposition
can be characterized by three parameters: information
loss, number of subintervals, and variability. One can
consider the problem of constructing a decomposition
optimizing any one of these parameters, subject to con-
straints on the other two. Any such problem can be
solved in polynomial time via dynamic programming,
building on the algorithm in Figure 5. For instance,
consider the problem of minimizing information loss,
subject to constraints on the number of subintervals and
the variability. For each possible value, length,,q., for
the length of the longest interval in the decomposition of
Tp, the given variability constraint imposes a minimum
value length,;, on the length of the shortest interval
in the decomposition. In this case, the only intervals
T(x,y) that need be considered are those whose length,
y —x + 1, satisfies lengthmin <y —x+ 1 <lengthmaz-
A value R[z,y, k] is computed for each x,y, k such that
1 <z, z+lengthmin—1 <y < min(z+lengthma:—1,n),
and 1 < k < min(s,y—x+1). The value of each of these
entries is computed as follows.

Rlz,y,1] = w(T(z,y)) if 1 < 2 and z+lengthym, —1 <
y < min(z + lengthme: — 1,n).

Rlz,y, k] = mingg_o<.<y(R[z, 2z, k—1]+R[z+1, y,1])
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if 1 <z, z+ lengthmi, — 1 < y < min(x +
lengthma: — 1,n), and 2 < k < min(s,y

6 Experiments

In this section, we describe the results from some pre-
liminary experiments we conducted using two sepa-
rate document sets. The first document set contained
all news articles from Reuters-21578, Distribution 1.0
(from hereon referred to as the Reuters data set or the
Reuters set) collection published during March 15 - 4th,
1987. The second set included all the Medline abstracts
(hereon referred to as the Medline data set or Medline
set) related to Diabetes published in the first quarter
(Jan 1%t - Apr 30*") of 2002. There are 1279 news ar-
ticles in the Reuters data set and 150 abstracts in the
Medline data set. Each document in the Reuters set
is time stamped with the granularity of a second. The
abstracts in the Medline set have a time granularity of
a day. The base granularity for the Reuters set was
chosen to be an hour (not a second) to avoid having
a sparse distribution of the data. For the Medline set,
we retained the base granularity of a day. Based on
these base granularities, the Reuters set had 70 subin-
tervals and the Medline set had 65 subintervals in their
respective shortest interval decompositions. Note that,
any time points for which no documents assigned were
removed.

The main goal of the experiment was to understand
how the optimal lossless and optimal lossy decomposi-
tions of the time period of the given data set help in
understanding the underlying temporal trends. Each
data set was cleaned using a standard procedure that
involved removing XML/SGML tags and stop words.
Each article/abstract was then broken into a sequence
of stemmed keywords. The shortest interval decompo-
sition IIg was constructed by partitioning the data set
into subsets by assigning the articles/abstracts to ex-
actly one of the base granularity subintervals using the
time stamps. A ratio measure function was used to com-
pute the information content from each subset of the
data, where the significance of a keyword in the sub-
set was computed as the ratio of the documents with
the keyword to the total number of documents in that
subset. The threshold o was chosen to be 0.25. The
information content for each subinterval in the shortest
interval decomposition was computed. The Reuters set
had 2066 keywords that were significant in at least one
subinterval of the ITg. The Medline set had 1508 such
keywords. Let W, (W,,) denote the set of keywords
from the Reuters (Medline) set.

We first computed the compressed interval decom-
position IIf, for each keyword w,. The decomposition
M7, for the individual keywords achieves significant com-
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Figure 4: Percentage of information loss versus size of
optimal lossy decomposition for the Reuters data.

pression. The maximum size of the compressed interval
decomposition of any keyword from both data sets is
about half the size of its IIg and the average size was
about a quarter of the size of the Ilg of the correspond-
ing data set.

Then the compressed interval decomposition of the
time period Tp of the data set was computed as the
product of the II?, for each wy. Since the measure
function used in the experiments is stable, the optimal
decomposition of Ty is the same as the 1. The optimal
information preserving decomposition for the Reuters
data set had 62 subintervals and hence, had around
a 10% reduction in the number of subintervals over
the size of IIg. However, for the Medline data set,
the optimal information preserving decomposition had
a very small reduction (about 2%) in the number of
subintervals as compared to its Ilg.

For each of the data sets, various optimal lossy de-
compositions were then computed for different thresh-
olds on the size of the decomposition by using the dy-
namic programming algorithm in Figure 3 of Section 5.
Given a constraint on the number of subintervals in
a lossy decomposition, an optimal lossy decomposition
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Loss Percentage vs. Size for Medline Data
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Figure 5: Percentage of information loss versus size of
optimal lossy decomposition for the Medline data.

was constructed with minimal amount of information
loss. A set of optimal lossy decompositions were con-
structed by varying the size of the optimal lossy decom-
position. The results are plotted for both data sets in
Figures 4 and 5. The z-axis is the size of the optimal
lossy decomposition and the y-axis is the amount of in-
formation loss for each decomposition size as a percent-
age of the total information content of all subintervals
in the IIg corresponding to each data set. Both plots
clearly illustrate that the information loss decreases as
the number of subintervals allowed in the optimal lossy
decomposition increases.

7 Related Work

Segmenting a document set based on the time stamps
for identifying trends and tracking interesting topics is
an active area of research. The work on topic detection
and tracking in [4, 5] extracts significant topics/events
from news articles by grouping the articles published
on the same day together. Papers on extracting trends
from time stamped text documents also use time decom-
positions, where subintervals are of length a year [1, 2]
or a day [6, 7, 8]. These references focus more on iden-

tifying trends from the document set than on the issue
of whether the decomposition chosen is appropriate for
capturing all the trends.

Reference [9] uses time decompositions to discretize
time series data for schema discovery and does not focus
on text documents. Reference [14] discusses various
methods for discretizing continuous features for machine
learning. In [3], the authors describe how to identify
bursts from document streams such as news articles by
modeling the streams as infinite automaton, whereas
our work is more applicable to finite document sets.
Reference [10] uses dynamic programming to identify
trends from time series data, but does not focus on text
documents.

8 Conclusions

In this paper, we formalized the problem of identifying
an optimal decomposition of a time period based on a
given set of documents published in that time period,
and designed efficient algorithms for computing it. We
first formalized the notions of measure and textmine
function to capture the behavior of commonly used text
mining functions for computing significant events from
a given document set. Then, we defined the informa-
tion content of a time interval and studied the effect
of different measure functions on the information con-
tent computed. We then defined information preserv-
ing, compressed interval and optimal information pre-
serving decompositions for the given time period. We
showed how these concepts relate to one another, based
on whether the measure function used for computing
the information content for each time interval is mono-
tone increasing, stable, or neither. We then designed
efficient algorithms for computing the optimal informa-
tion preserving decomposition for the given time pe-
riod. Since optimal information preserving decomposi-
tions may still have a large number of subintervals, we
formalized the concept of an optimal lossy decomposi-
tion. We then developed an efficient dynamic program-
ming based algorithm for constructing an optimal lossy
decomposition. This decomposition has minimal infor-
mation loss, subject to a constraint on the number of
subintervals in the decomposition. We also discussed
how to solve the problem of minimizing the number of
subintervals, subject to a constraint on information loss,
as well as problems involving information loss, the num-
ber of subintervals, and variability of subinterval length.
We demonstrated the effectiveness of the approaches on
two document sets — Reuters-21578 Distribution 1.0 col-
lection and Medline abstracts.

We would like to extend our work to other text min-
ing functions such as correlations. We would also like to
study decompositions as data objects for querying and

Copyright © by SIAM. Unauthorized reproduction of this article is prohibited 67



comparison purposes.
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