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Abstract Topics that attract public attention can originate from current events or
developments, might be influenced by situations in the past, and often continue to
be of interest in the future. When respective information is made available textually,
one possibility of detecting such topics of public importance consists in scrutinizing,
e.g., appropriate press articles using—given the continual growth of information—
text processing techniques enriched by computer routines which examine present-day
textualmaterial, check historical publications, find newly emerging topics, and are able
to track topic trends over time. Information clustering based on content-(dis)similarity
of the underlying textual material and graph-theoretical considerations to deal with the
network of relationships between content-similar topics are described and combined
in a new approach. Explanatory examples of topic detection and tracking in online
news articles illustrate the usefulness of the approach in different situations.
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1 Introduction

Information overload has led to activities to install processing devices that help to find,
structure and analyze important subject areas within the flow of information as well
as track whether and how such subject areas may vary over time.

When information is made available textually together with time tags, the name
document(s) will be used below. In such situations one can divide an interesting
inspection period into time intervals, assign the (time-stamped) documents to time
intervals, group content-similar documents of the same time interval into subsets, use
the size of these subsets in order to measure the importance of the topics addressed in
the assigned documents, and check how topics evolve over time.

To do this, considerations such as how the (dis)similarity of documents can be
assessed, how content-similar document subsets can be determined and assigned to
topics, and how relationships between content-similar document subsets in different
time intervals can be traced (to mention just the important ones), have to be made
accessible to computer processing.

Here, knowledge concerning science directions as text processing (e.g., how to
determine weight vectors which represent the contents of documents), cluster analysis
(e.g., how to group documents into content-similar clusters), and graph theory (e.g.,
how to visualize the network of the relationships between content-similar clusters) has
to be combined for which short descriptions of salient aspects are given in the next
Sect. 2 together with basic notations. Section 3 explains how one can deal with the
network of relationships between content-similar topics in different time intervals via
graph-theoretical tools, how topics emerge andwear off given the document clusterings
in the underlying inspection periods, whether and how subgraphs in which content-
similar topics are connected indicate that topics, seemingly unrelated in single time
intervals, have similarities, and describes a new approach how to evaluate the evolution
of relationships between topics over time. SPON (SPiegel ONline) documents are
selected in Sect. 4 to illustrate the usefulness of the theoretical considerations and to
show how the suggested approach works. In Sect. 5 concluding remarks together with
a selection of literature concerning as well the ‘topic detection and tracking’ area as
the related science directions of (in alphabetical order) clustering, graph theory, and
text processing are presented.

2 Underlying situation and basic notations

2.1 Reference corpus and dictionary as prerequisites for linguistic research

With |M | as notation for the cardinality of a set M consider as the starting point for
this article a set of documents called reference corpus,R = {d1, . . . , ds, . . . , d|R|}, in
which a document ds = (ws1 , . . . , wsb , . . . , wsRs ) is designated as a list of Rs words or
termsws1, . . . , wsRs contained in it.R has to be ‘large’ to allow linguistic research. For
given R it is possible to derive a so-called local dictionary L = {x | ∃ ds ∈ R : x =
wsb } which contains all words or terms x of the reference corpusR. Earliest and most
recent documents inR describe a time frame for the interpretation of text processing
results. When new documents appear, which are of importance for inclusion in the
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reference corpus, new terms might appear as well, thus, reference corpus and local
dictionary may have to be adjusted over time in order to remain up-to-date.

2.2 Aspects of text processing

Well-known from the text processing literature is that for every term x and every
document ds one can determine characteristics, e.g., the term frequency t fx,ds of
term x based on document ds , a normalization t f x,ds of t fx,ds , a general term
frequency t fx , an inverse document frequency id fx (in mathematical notation:
t fx,ds = ∑Rs

b=1 δ{wsb=x}, t f x,ds = t fx,ds/max
x

{t fx,ds }, t fx = ∑|R|
s=1 t fx,ds/

∑|R|
s=1 Rs ,

id fx = log(|R|/|{ds |∃ b : wsb = x}|) with δ as Kronecker delta), and remove certain
terms (e.g., less frequent and less important ones) to reduce L to a smaller dictio-
nary L′ ⊂ L. Of course, interpretability / recovery of the contents of the documents
and the size Z = |L′ | of the reduced dictionary (which influences computational
speed) have to be balanced when a document d is represented by a weight vector
vd = (vd1 , . . . , vdz , . . . , vdZ )′ where in this article vdz = id fz · t f z,d has been used as
weight of term z.

The computation of term weights based on a suitable R (and L′) is necessary to
allowa comparison of any documents di , d j forwhich the cosinemeasure cos(vdi , vd j )

as one of the most often used tools of describing document-document similarity can
be applied.

2.3 Information clustering within a time interval t

Since huge interesting document sets possibly have to be examined the application of
cluster analysis can help to find subsets of content-similar documents. Let D be an
underlying set of documents and Dt ⊂ D the set of documents assigned to time
interval t . In order to find content-similar subsets of documents in time interval
t , standard practice, well-known from the cluster analysis literature, is as follows:
compute the |Dt | × |Dt | matrix of document-document dissimilarities dist (i, j) =
1 − cos(vdi , vd j ), di , d j ∈ Dt , apply hierarchical clustering to the documents of Dt

to determine a family of clusterings hierarchically ordered according to the number of
clusters, use the elbow-criterion to achieve a reasonable estimate for the ‘right’ num-
ber of clusters, and select the corresponding clusteringKt = {Ct

1, . . . ,C
t
k, . . . ,C

t
|Kt |},

where the subset of documents Ct
k ⊂ Dt describes cluster k in time interval t . As tex-

tual material is clustered the labels ‘information clustering’ and ‘document clustering’
are used interchangeably. Let ctk = (. . . , ctkz , . . .)

′ denote the centroid of the weight
vectors of the documents of Ct

k .

2.4 Dissimilaritiy matrix determination between clusters in different time
intervals

For different time intervals t, T

cos(ctk, c
T
l ) =

∑Z
z=1 c

t
kz

· cTlz√∑Z
z=1(c

t
kz

)2 ·
√∑Z

z=1(c
T
lz
)2
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Fig. 1 Time-importance diagram for cluster relationship description between two time intervals t, T

is suggested to describe cluster-cluster similarities of clusters Ct
k,C

T
l . Notice that

dist (i, j) used for document clustering in time interval t and

dis((t, k), (T, l)) = 1 − cos(ctk, c
T
l )

which depicts the relationship between clusters Ct
k,C

T
l in different time intervals

both rely on the cosine measure but explain kinds of dissimilarity that have to be
distinguished. When the cluster-cluster dissimilarity dis((t, k), (T, l)) for two clus-
ters Ct

k,C
T
l is smaller than a problem-specific lower bound dislb, one assumes that

the contents of the clusters are related, when a problem-specific upper bound disub
is exceeded the corresponding clusters are assumed to have no relationship. For
dis((t, k), (T, l)) in the interval betweendislb anddisub an additional inspection of the
documents of the clusters involved may be necessary to decide whether a relationship
exists.

2.5 Graph-theoretical time-importance description of topic relationships and
term clouds for topic illustration

With imp(t, k) = |Ct
k |/|Dt | the importance of the documents of Ct

k within the set
Dt of all documents in time interval t can be assessed and time-importance diagrams
can be drawn to describe the relationships between clusters in different time intervals
where re-numberings of the clusters according to size in the single time intervals may
be necessary. Figure 1 is an example for such a time-importance diagram and depicts
how the relationships between document clusters in two time intervals t, T can be
visualized using a bipartite graph.

In order to support the assignment of a topic label Top(Ct
k) to a cluster C

t
k of doc-

uments, a term cloud (tag cloud in computer science language) featuring the hundred
highest weighted terms of the centroid of the cluster, is created to provide an intuitive,
illustrative, and rapid inspection of the subject area tackled in Ct

k , see, e.g., Figs. 4, 6,
and 8 in the application Sect. 4.

As a bipartite graph allows only a description of relationships of topics between
two time intervals, for a more general visualization and evaluation of topic trends let
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G(N , A) denote a graph with N = N (G) as set of nodes and A = A(G) as set of arcs
of graph G where nodes (t, k) correspond to topics Top(Ct

k)/ clusters Ct
k and arcs

((t, k), (T, l)) indicate that the corresponding topics are related.

3 Methodology

3.1 Preliminaries

For two time intervals t, T with t < T a bipartite graph as depicted in Fig. 1 is
used for the time-importance diagram description. However, if one wants to check
an inspection period [t1, t3] which includes more than two time intervals, a possibly
‘much larger’ graph G[t1,t3] which describes the topic relationships with respect to
[t1, t3] is needed with nodes (t, kt ) for all time intervals t ∈ [t1, t3] and clusters
kt ∈ {1, . . . , |Kt |}. Since in addition to the document clusterings in the single time
intervals cluster-cluster dissimilarity matrices

(dis((t3 − γ − χ, kt3−γ−χ ), (t3 − γ, kt3−γ ))),

χ = 1, . . . , t3 − t1 − γ, γ = 0, . . . , t3 − t1 − 1,

describing the relationships between the clusters of all pairs of the involved time
intervals now have to be determined, the length of the inspection period can become
crucial. An intuitive idea is to use graphs G[t1+τ,t2+τ ], t1 < t2 < t3, with shorter
inspection period length λ = t2−t1+1 for all τ = 0, . . . , t3−t1−λ+1, (see, e.g., Fig.
2 in which a graphG[t1,t3] is described by subgraphsG[t1+τ,t2+τ ] where t2 = t1+t3

2 was
selected for convenience) and try to combine ‘smaller’ subgraphs to construct ‘larger’
graphs in order to explain phenomena which occur in topic relationships based on
inspection periods covering a considerably longer time span. With the notation ∪
for the union and ⊕ for the concatenation of graphs one can check ‘smaller’ graphs
and use their combinations for relationship evaluation in ‘larger’ inspection periods
where concatenation describes the special situation that the node sets of the graphs
overlap only in one time interval. Note, however, that in Fig. 2, e.g., G[t1,t3] and
the concatenation G[t1,t2] ⊕ G[t2,t3] are different, as arc ((t1 + 1, 3), (t2 + 1, 2)) ∈
A(G[t1+1,t2+1]) (see Fig. 2b) is not contained in the arc set A(G[t1,t2] ⊕ G[t2,t3]) (see
Fig. 2a, e), but in A(G[t1,t3]). An example inwhich the union of graphswith overlapping
node sets in more than one time interval is used for topic relationship evaluation is
described in Sect. 4.2.2.

Additional aspects of interest for a graph-theoretical description of topic relation-
ships are: A path P((t, k), (ρ, l)), t, ρ ∈ [t1, t3], is a sequence of arcs (((t, k),
(tα, ktα )), ((tα, ktα ), (tβ, ktβ )), . . . , ((tμ, ktμ), (tν, ktν )), ((tν, ktν ), (ρ, l))). TopicsTop
(Ct

k) and Top(C
ρ
l ) can be characterized as content-similar if they are connected via a

path P((t, k), (ρ, l)).
Although the underlying graphs are undirected (the relationship between two nodes

is symmetric), the position of the time coefficient t in the description of a node (t, k)
can be important.
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Fig. 2 Evolution of topic relationships over time
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A topic Top(Ct
k) is called an origin inG[t1+τ,t2+τ ] if there is no path inG[t1+τ,t2+τ ]

from a content-similar topic in the past of t to Top(Ct
k) ({P((ρ, l), (t, k))|t1 + τ ≤

ρ < t} = ∅).
A topic Top(Ct

k) is called a close in G[t1+τ,t2+τ ] if there is no path in G[t1+τ,t2+τ ]
from a content-similar topic in the future of t to Top(Ct

k) ({P((t, k), (ρ, l))|t < ρ ≤
t2 + τ } = ∅).

A topicTop(Ct
k) is called amerger inG[t1+τ,t2+τ ] if it is directly related tomore than

one of the topics ofG[t1+τ,t2+τ ] in the past of t (|{((ρ, l), (t, k))|t1+τ ≤ ρ < t}| > 1).
A topic Top(Ct

k) is called a split in G[t1+τ,t2+τ ] if it is directly related to more than
one of the topics of G[t1+τ,t2+τ ] in the future of t (|{((t, k), (ρ, l))|t < ρ ≤ t2 + τ }| >

1).
When checking relationships between content-similar topics one wants, e.g., to

track the evolution of topic trends over time and, here, it is of interest to find those
topics in which news appear for the first time (origins) or in which topic trends end
(closes). Topics which are directly related to several topics in the past (mergers) or
in the future (splits) have bundling properties which might also be helpful in the
evaluation of the evolution of topics over time with the help of graph-theoretical tools.

Normally, G[t1+τ,t2+τ ] contains several subgraphs of content-similar topics which
are not connected to each other. These subgraphs are marked as G[t1+τ,t2+τ ](Top(·))
as they can be distinguished by a topic Top(·) to which all the topics assigned to their
nodes are content-similar (Note that any of these topics can be selected to mark the
corresponding subgraph. We use a close in such a connected subgraph of content-
similar topics for the marking.). Subject areas of interest as well as single topics are
constrained by the corresponding connected subgraphs of content-similar topics and
the chosen inspection periods [t1 + τ, t2 + τ ] and can vary when τ changes.

A topic can simultaneously be a merger and a split as Top(Ct1+τ
1 ) in G[t1,t2] (see

Fig. 2a). However, properties can appear and vanish due to the limited and changing
inspection periods, e.g., Top(Ct1+τ

1 ) is still a split in G[t1+1,t2+1] (see Fig. 2b) but

changes to an origin in G[t1+τ,t2+τ ] (see Fig. 2c). Top(Ct2+1
1 ) and Top(Ct2+τ

1 ) are
content-similar in G[t1+τ,t2+τ ] (see Fig. 2c) and evolve into members of a larger con-
nected subgraph G[t2,t3](Top(C

t3
1 )) with additional topics Top(Ct3−1

1 ) and Top(Ct3
1 )

in which Top(Ct2+1
1 ) is an origin (see, e.g., Fig. 2e). Even in G[t1,t2] ⊕ G[t2,t3] this

subgraph G[t2,t3](Top(C
t3
1 )) is not connected to other subgraphs and is an example

for which the marking G[t2,t3](Top(C
t3
1 )) or even G[t1,t2] ⊕G[t2,t3](Top(C

t3
1 )) makes

sense. It describes a set of content-similar topics as connected subgraph separated from
all other topics depicted in Fig. 2, and shows how—when evaluating the evolution of
topic relationships over time—one can and has to concentrate (because of the possible
magnitude of the set of all relationships) on connected subgraphs of content-similar
topics of current interest.

Another important aspect is that topics seemingly unrelated in a single time interval
as, e.g., Top(Ct2

4 ) and Top(Ct2
5 ) (see Fig. 2a), can be content-similar because they

are connected by a path via Top(Ct2+1
5 ) (see Fig. 2b). Such a situation can arise when

topics in time intervals different from the time interval t , in which the elbow criterion
of hierarchical clustering was the reason for the selection of Kt = {Ct

1, . . . ,C
t
|Kt |},

are content-similar with respect to different clusters inKt and connected by a path. Of
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course, content-similarity has to be relativized, e.g., the length of a path connecting
two topics can play an important role.

In Fig. 2, as an example how topic relationship evaluation with the help of graph-
theoretical tools is possible, a ‘look-forward’ description (from t1 into the future of
t1 up to t3) is depicted. Conversely, one can start from a topic Top(·) of interest and
apply a ‘look-back’ strategy to find content-similar topics in the past of Top(·). It
should be noted, however, that depending on the chosen inspection period length λ,
arcs ((t, k), (ρ, l)) with |t − ρ| > λ are not visible in Fig. 2.

3.2 Approach

Given the explanations so far the following approach to support the evaluation of
the evolution of relationships between topics over time is suggested (This approach
describes only the steps which have to be carried out. Algorithms/computer routines
selected in single steps are not mentioned as they are not needed in order to understand
the approach):

Let D denote an underlying set of documents in the starting situation, T the present
time interval, and λ the length of the selected inspection period. Assume that DT ⊂ D
and that document clusterings Kt = {Ct

1, . . . ,C
t
|Kt |}, t ∈ [T − λ, T − 1], are already

available.

[1] Select the set DT of documents assigned to time interval T .
[2] Compute the |DT | × |DT | matrix of document-document dissimilarities

(disT (i, j), di , d j ∈ DT ).
[3] Performhierarchical document clustering togetKT = {CT

1 , . . . ,CT
kT

, . . . ,CT
|KT |}.

[4] Determine thematrices of cluster-cluster dissimilarities (dis((T−γ−χ, kT−γ−χ ),

(T −γ, kT−γ ))), χ = 1, . . . , λ−γ −1, γ = 0, . . . , λ−2, wherematrices known
from the past of T do not have to be recalculated.

[5] Construct G[T−λ+1,T ] and check the topic relationships for content-similar sub-
graphs G[T−λ+1,T ](Top(CT

kT
)).

[6] Set T := T + 1, go to [1] (note that when the underlying set D contains only
documents from the time interval T and the past of T , one has to wait until the
new document set DT+1 is available).

As the just mentioned approach constitutes an essential part of the underlying
paper, a verbalized explanation is added: The set DT of documents of time interval T
is provided (step [1]) for the computation of dissimilarities between the documents of
this time interval (step [2]), which is standard in text processing.

Based on these document-document dissimilarities, hierarchical clustering together
with the application of the elbow-criterion is used to determine a ‘reasonable’ number
of clusters in time interval T (step [3] in which also the centroids of the obtained
clusters have to be calculated).

As clusterings for the time intervals t ∈ [T −λ, T −1] are assumed to be available
(i.e., steps [1], [2], and [3] have already been applied to the time intervals of the preced-
ing inspection period [T −λ, T − 1]), now, the cluster-cluster dissimilarities between
the clusters of all pairs of the relevant time intervals (remember Fig. 1 which explains
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how the cluster-cluster relationships between two time intervals can be visualized) are
determined (step [4]), again, by applying a standard procedure from text processing.
This step can become cumbersome depending on the chosen inspection period length.

Based on the matrices of cluster-cluster dissimilarities provided for the inspection
period [T − λ + 1, T ], the graph G[T−λ+1,T ] is constructed and, selecting interesting
topics, e.g., closes Top(CT

kT
) of this graph, the subgraphs G[T−λ+1,T ](Top(CT

kT
))

of content-similar topics are checked (step [5]). It should be kept in mind that the
same connected subgraph can be denoted in different ways depending on the fact
which Top(·) of the content-similar topics of this subgraph was selected for marking.
Finally, it is assumed that the approach proceeds from time interval T to time interval
T + 1 (step [6]).

In steps [4] and [5] ‘look-back’-strategies (from the current time interval T ) are
applied. When the approach moves on to T + 1, T + 2, . . . , T + τ, . . . , relationships
to older topics are increasingly no longer in the focus of the evaluation unless the
inspection period length is extended. Note, however, that within a ‘look-back’ strategy
interesting topics or subject areas or phenomena may be tracked down for which one
wants to check in the past whether content-similar topics have already arisen earlier. In
this case, one can just reset the approach to a time interval T ′(< T )which, then, serves
as starting point to search for roots of these phenomena. Here, it may be necessary
to extend the inspection periods to more than λ time intervals. In such a situation
the concatenation and/or union of adequate subgraphs, which may cover different
inspection period lengths, come into play.

The formulation of the approach possesses generality. Starting with whatever set D
of documents and subset DT ⊂ D of time interval T , the approach finds an interesting
subgraph of content-similar topics not connected to other subgraphs either in one
inspection period (see Sect. 4.2.1) or the union of interesting subgraphs in more than
one inspection period, when restarts are performed to check longer time spans in the
past (see Sect. 4.2.2). When the search for interesting content-similar topics in the past
is unsuccessful with inspection periods of length λ, the approach can be repeated with
longer inspection periods (see Sect. 4.2.3).

These possibilities are explained inmore detail in the next section inwhich examples
depicting known political events are described on the basis of online news documents.

4 Topic relationship evaluation

4.1 Reference corpus and SPON (SPiegel ONline) articles

DeReKo, the reference corpus of the Institut für Deutsche Sprache, IDS, located in
Mannheim (see, e.g., Kupietz 2009; Kupietz et al. 2010) together with its local dic-
tionary (about 2 million terms) and the weights belonging to it, have been used as the
basis.

As documents for the description of demonstrative examples, which show how the
evaluation of topic relationships can be tackled, different sets of SPON (SPiegelON-
line) articles were available. ‘Der Spiegel’ as one of the best known German political
magazines, also internationally, launched ‘Spiegel Online’ with separate and inde-
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pendent editorial staff in 1994. For this article 179,313 crawled SPON documents
were considered. First, we used samples to check how results concerning clustering
and topic relationship evaluation react to time interval lengths (14 days, 10 days, 7
days), and, finally, selected for convenience calender weeks as time intervals because
differences in the overall comparison of the samples were not substantial. For the
inspection period length, normally 12 time intervals (about 3 months) were selected.
For the document clusterings in the single time intervals the number of clusters used
in this evaluation was restricted to a maximum of 15. Additionally, the choice of
an appropriate dimension of the reduced dictionary L′ was examined. The following
examples are based on Z = |L′| = 20,000.

4.2 Examples

Out of the different categories of SPON documents, ‘politics’ (34,222 articles between
December 29, 2008 and July 3, 2011) was selected for two reasons: (1)More than 100
contributions per single calender week were available with exceptions only between
Christmas and the New Year. (2) Examples based on political events are probably
known to larger audiences.

Notice that for a single inspection period of λ time intervals (calender weeks) in
the ‘politics’ category more than λ · 100 documents had to be checked. Besides the

document clusterings in the time intervals λ(̇λ−1)
2 cluster-cluster dissimilarity matrices

(with dimensions of less than or equal to 15× 15) had to be computed per inspection
period of length λ.

From themany content-similar subgraphs whichwere evaluated the following three
examples are described in more detail: Example 4.2.1 depicts an extremely small sub-
graph within an inspection period of 12 time intervals for which the topic assignment
task is easy. In example 4.2.2 it is shown how the union of two content-similar sub-
graphs from different but overlapping inspection periods of 12 time intervals each
helps to ascertain a topic trend of overriding importance. Finally, example 4.2.3
describes a situation in which about a year has to be examined to reveal relation-
ships between content-similar topics which establish an overriding topic trend. Here,
either an inspection period with the considerable length of nearly a year (with the
relevant computational burden) has to be used or a sequence of shorter inspection
periods of different lengths togeher with the concatenation and/or union of adequate
subgraphs.

4.2.1 Resignation of a Minister of Defense

This is an example from early 2011 in which content-similar topics in a subject area of
considerable interest at that time can be found in only three time intervals 112, 113, 114
(7. KW 2011, 8. KW 2011, 9. KW 2011; KW =̂ calendar week), see Fig. 3 which is
based on an inspection period of λ = 12 time intervals. Top(C112

13 ) describes the origin
and Top(C114

4 ) the close in the small subgraph G[106,117](Top(C114
4 )). Term clouds

of these topics are depicted in Fig. 4 and show that the contents of the documents
assigned to the selected clusters are similar although the viewpoints of the author(s)
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Fig. 3 Content-similar subgraph G[106,117](Top(C114
4 )) concerning the resignation of a Minister of

Defense

(a) (b)

Fig. 4 Term clouds for a the origin Top(C112
13 ) and b the close Top(C114

4 ) of G[106,117](Top(C114
4 ))

of each document may differ from document to document. With |D112| = 148,
|D113| = 184, |D114| = 161 the importance of the topics in this subject area is increas-
ing (imp(112, 13) = 15, 54 × 10−2, imp(113, 8) = 17, 39 × 10−2, imp(114, 4) =
22, 36× 10−2). Although 66 cluster-cluster matrices with corresponding dissimilari-
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ties between the document clusters of the involved time intervals had to be computed
and checked, only three relationships remained to createG[106,117](Top(C114

4 )) show-
ing that topic trend detection can be simple. Within three time intervals theMinister of
Defense (Verteidigungsminister) resigned (Vorwürfe =̂ accusations in Fig. 4a; Rück-
tritt =̂ resignation in Fig. 4b). When checking time intervals before t = 112 and after
t = 114 no content-similar topics were found in the underlying SPON articles.

4.2.2 Arab spring

This example shows that the evolution of relationships between topics over time can
involve the task of establishing a topic trend of overriding importance based on inspec-
tion periods covering a longer time span.

G[120,131](Top(C131
11 )), see Fig. 5, with Top(C120

5 ) as origin and Top(C131
11 ) as

close describes a subgraph of content-similar topics concerning the situation in Libya
and the role of NATO within the underlying inspection period [120, 131] of λ = 12
time intervals, see the term clouds in Fig. 6a, b.

Two topics, Top(C121
12 ) and Top(C121

13 ), which have the property to be splits
in G[120,131](Top(C131

11 )), are closes in the content-similar subgraph depicted in
Fig. 7 for the inspection period [110, 121] of λ = 12 time intervals. This sub-
graph can be denoted as G[110,121](Top(C121

12 )) or as G[110,121](Top(C121
13 )), see the

remarks in Sect. 3.1 and step [5] of the approach described in Sect. 3.2. We will
use the notation G[110,121](Top(C121

12 )) below. The subgraphs G[110,121](Top(C121
12 ))

and G[120,131](Top(C131
11 )) overlap, see the nodes (120, 5), (121, 12), (121, 13)

∈ N (G[110,121](Top(C121
12 ))∪G[120,131](Top(C131

11 ))) and reveal that the subject area
of topics content-similar toTop(C131

11 )dates back to the inspectionperiod [110, 121]or
even earlier time intervals. However, e.g., the term clouds of the two origins T op(C110

9 )

and Top(C110
10 ) of G[110,121](Top(C121

12 )) show, see Fig. 8, that, at least in the begin-

Fig. 5 G[120,131](Top(C131
11 )) as content-similar subgraph concerning the situation in Libya and the role

of NATO

123



Evaluation of the evolution of relationships. . .

(a)

(b)

Fig. 6 Term clouds for a the origin Top(C120
5 ) and b the close Top(C131

11 ) of G[120,131](Top(C131
11 ))

overlap with G[120,131] (Top(C131
11 ))

Fig. 7 G[110,121](Top(C121
12 )) which overlaps with G[120,131](Top(C131

11 ))

ning of this subgraph, the situations in Egypt and Tunisia are emphasized in documents
concerning these topics.

This illustrates that content-similarity via path connectivity can broaden the horizon
with respect to topic trend selection of overriding importance.G[110,121](Top(C121

12 ))∪
G[120,131](Top(C131

11 )), as a connected subgraph in the inspection period [110, 131]
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(a) (b)

Fig. 8 Term clouds of two origins. a Top(C110
9 ) and b Top(C110

10 ) of G[110,121](Top(C121
12 ))

of length λ = 22, is devoted to a topic trend which could be called the ‘Arab spring’.
It should be noted that 231 cluster-cluster dissimilarity matrices would have to be
computed if one wanted to check all relationships in [110, 131] but only 2 · 66 −
1 = 131 matrices if the overlapping inspection periods [110, 121] and [120, 131]
are used. For an interested person who applies a ‘look-back’ strategy, starting with
Top(C131

11 ), the inspection of G[110,121](Top(C121
12 )) ∪ G[120,131](Top(C131

11 )) would
be of assistance although itwill not necessarily contain all content-similar relationships
possible in the inspection period [110, 131]. Note, also, that the importance of the
topics is decreasing over time according to the outcomes of our approach. The topic
with highest importance in G[110,121](Top(C121

12 )) ∪ G[120,131](Top(C131
11 )) is the

upper topic Top(C113
9 ) in the time interval t = 113 (8. KW2011) which combines and

compares aspects in Tunisia, Egypt, and Libya, is a split, and has a lot of relationships
to topics which are tackled in time intervals in the future of t = 113. The graph-
theoretical aids to explain the evolution of relationships between topics over time
within the frame of time-importance diagrams are obviously very helpful.

4.2.3 Fukushima effects on German nuclear power policy

In Fig. 9 an inspection period of λ = 53 time intervals is shown together with a
subgraphG[75,127](Top(C127

10 )) of content-similar topics the structure ofwhich reveals
that three parts of particular noteworthy subject areas of content-similar topics can be
separated and that based on the application of ‘look-back’ strategies, as explained in

123



Evaluation of the evolution of relationships. . .

Fig. 9 G[75,127](Top(C127
10 )) visualizes changes concerning German nuclear power policy

Sect. 3.2, an inspection period of at least 29 time intervalswould be needed to recognize
that topics Top(C88

10) and Top(C
116
5 ) are content-similar within the considered SPON

articles.
This time, term clouds of selected topics to illustrate how themeanings of topics can

change,will not be shown.An interested personwho starts at T = 127with Top(C127
10 )

and applies ‘look-back’ strategies, would find content-similar topics related to a trend
concerning ‘nuclear power phase out’ in the inspection period part [119, 127] of the 12
weeks inspection period [116, 127] and recognize that—shortly before in the past in
the inspection period part [116, 118]—topics with respect to the ‘Fukushima tragedy’
are content-similar to the starting topic Top(C127

10 ). Here, something like ‘nuclear
catastrophe effects’ could be selected as the overriding topic trend. If (s)he were to
continue (her) his topic mining activities, (s)he would have to go back another 29 time
intervals (i.e. 306 cluster-cluster dissimilaritymatrices would have to be computed and
checked based on the SPON articles under consideration) starting from Top(C116

5 )

until topics related to discussions about ‘life time extension of nuclear power plants’
take shape which are content-similar to Top(C127

10 ). Inquisitive as to whether further
content-similar topics might occur in the past of Top(C88

10), the application of ‘look-
back’ strategies can be continued. Figure 9 shows the situation within the inspection
period [75, 127] and illustrates that content-similar topics before T = 86 were not
found. Such an evaluation reveals that a remarkable change in German nuclear power
policy has taken place for which ‘Fukushima effects on German nuclear power policy’
could be selected as topic description of overriding importance.

An application of the approach under Sect. 3.2 with a constant inspection period
length of λ = 12 would not be able to find the graph depicted in Fig. 9, as arc
((88, 10), (116, 5)) needs an inspection period length of at least λ = 29 time intervals.
However, when the approach has checked the past of Top(C127

10 ), e.g., the concatena-
tion of the 12 weeks inspection periods [116, 127], [105, 116], [94, 105] and, finally,
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found the subgraph of content-similar topics with respect to the topic trend ‘life time
extension of nuclear power plants’ in the 12 weeks inspection period [85, 96], one can
apply the approach with a larger λ to examine whether paths exist which are able to
bridge the gap between [85, 96] and [116, 127].

4.3 Discussion

The selected examples show only subgraphs of content-similar topics within the much
larger network of relationships between all topics, whichwill appear in such situations,
and indicate that graph-theoretical considerations using content-similarity via path
connectivity are able to support topic detection and to trace topic trends.

The examples also show that the approach can handle arbitrary situations provided
that a starting time interval T and a set of documents D with DT ⊂ D are available.

Of course, the length of inspection periods plays an important role as it influences
computational speed and—if extremely long—can lead to graphs in which topic trend
evaluation canbecomemoredifficult and enhance theburden to concentrate on content-
similar subgraphs of particular interest. The choice of dislb as bound for the decision
whether topics are related, as well as the dimension Z = |L′| of the reduced dictionary
and the number of clusters in the single time intervals, selected via application of the
elbow-criterion and constrained to a maximum of 15 for the document sets in this
paper, are further parameters affecting the evaluation of topic relationships with the
help of the presented approach.

The above-mentioned examples illustrate that the suggested methodology, which
combines text processing, information clustering, and the visualization of topic
relationships over time with the help of graph-theoretical tools in time-importance
diagrams, works well and can reveal overriding topic trends.

The ‘little’ example of Sect. 4.2.1 was included on purpose to show that—when a
subject area covers only a few time intervals in a longer inspection period and is related
to a person of public interest—topic relationship evaluation and trend detection can
be uncomplicated.

For the example of Sect. 4.2.2 an inspection period of nearly half a year (the
union of two overlapping inspection periods composed of 12 time intervals each) was
checked. Based on the ‘look-back’-strategies mentioned in the approach described in
Sect. 3.2, it is interesting to see how the meaning of topics along paths of content-
similar topics may evolve. While Top(C131

11 ) and Top(C120
5 ), the term clouds of

which are depicted in Fig. 6a, b, describe the situation in Libya and the role of NATO
at the different time intervals and suggest that G[120,131](Top(C131

11 )) is devoted to the

political change in that country, e.g., Top(C110
9 ) and Top(C110

10 ) as two of the origins
of G[110,121](Top(C121

12 )) have Egypt and Tunisia as weight-important terms in the
corresponding term clouds, see Fig. 8a, b, and indicate that changing views concerning
political developments inArabic countries seem to constitute the overriding topic trend
inG[110,121](Top(C121

12 ))∪G[120,131](Top(C131
11 )). Such a trend could be summarized

as the ‘Arab Spring’ although this may not be a combination of terms which have
weights relatively high enough (compared to the Z = 20,000 terms of the reduced
dictionary L′) to be considered in the term clouds of the relevant topics. Remember
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that it has been pointed out that the shape of the graph(s) includes information about
the importance of the topics involved and adds further possibilities to scrutinize the
contents of single topics.

The example of Sect. 4.2.3 is based on an inspection period of about a year (53 time
intervals) and the subgraph shown in Fig. 9 depicts different subject areas of German
policy development. Within less than a year there was a change in the corresponding
topics from ‘life time extension of nuclear power plants’ to ‘nuclear power phase out’
caused by the ‘Fukushima tragedy’. Here, the term Fukushima, although contained in
the local dictionary of IDS at weight position 316,322 far behind Z = 20,000 and thus
not considered in the terms used for text processing, can be utilized to formulate an
overriding topic trend description. This is an example indicating the flexibility possible
within the application of the approach. Restarts in time intervals in the past, for which
different inspection period lengths can be tried to checkwhether content-similar topics
occurred already earlier, can be performed.

The three examples selected illustrate the generality of the approach and reveal the
range for applications:

From easy topic trend detection within one inspection period to situations in which
the examination of gaps of considerable length between different inspection periods
might be of interest for trend analysis.

5 Concluding remarks

In order to support the search for additional explanations concerning topics related to
a subject area of current interest, tools are needed that, apart from comparing contents
of other adequate actual media, check the flow of information in available documents
to find aspects that are content-similar to those topics of the present subject area,
which have attracted attention in such a way that further evaluation activities seemed
appropriate.

To the best of our knowledge there is no contribution in the literature which uses
only documents in corresponding time intervals together with text processing and
information clustering to allow a graph-theoretical treatment of the network of topic
relationships of the kind described in this paper. As our approach does not need
probabilistic assumptions as presented in some other references in the literature, we
do not reference work in which such assumptions are used. Thus, in order to embed
this contribution into the underlying research field it is sufficient to mention only the
following publications:

Early references (e.g., Allan et al. 1998;Wayne 1998; Oard 1999;Walls et al. 1999;
Rajaraman and Tan 2001; Allan 2002a, b; Allan and Lavrenko 2002; Allan 2002c as
an edited volume of several contributions, and Pons and Berlanga 2002) used labels as
‘topic detection, tracking, trend analysis’ for the problem, which can be abbreviated
by the acronym TDT (topic detection and tracking).

Already Wayne (1998), who worked for the NSA (National Security Agency),
mentioned the interest of DARPA (Defense Advanced Research Projects Agency),
NIST (National Institute of Standards and Technology), and NSF (National Science
Foundation) in the TDT research field.
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Hints regarding internet usage can be found in, e.g., Wei and Lee (2004), Khy et al.
(2008) (online documents) as well as Bun and Ishizuka (2006) and Mei et al. (2006),
in Benhardus (2010), Mathioudakis and Koudas (2010) (Twitter), or in Steiner et al.
(2013) (Wikipedia).

Of course, authors looked for additional information to tackle the TDT research
field [e.g., Kim and Myaeng 2004; Li et al. 2006; Tu and Seng 2012 (importance of
different temporal information), Jin et al. 2007 (place information)].

Graph-theoretical considerations were used, e.g., in Yang et al. (2009) (event evo-
lution graphs) or in Oliveira and Gama (2010) (bipartite graphs with definitions of
mergers, splits, etc., for this special case).

One paper, in which—although with a different research direction which is, how-
ever, connected to topic detection—internet usage and additional information were
brought together, is Gaul (2011) about Web page importance ranking. Given the ref-
erences of this area, Web page importance ranking appears to be unrelated to TDT
research but also combines content-similarity of Web information (checked via text
processing) with the link structure of Web pages (modeled with the help of graph-
theoretical considerations) as additional information and even provides page ranking
values for assessing which pages seem to be the most important ones.

Further references concerning TDT could have been cited but the above-mentioned
listing has provided enough aspects to allow an embedding of our problem description
into the line of research concerning the evaluation of the evolution of relationships
between topics over time. As one of our aims was to simplify the handling of the prob-
lem and to avoid assumptions whose relevance for practical applications needs to be
checked, standard knowledge from text processing, cluster analysis, and graph theory
was used. The determination of document-document and cluster-cluster dissimilarities
is well-known in text processing. From cluster analysis only hierarchical document
clustering in the single time intervals wasmentioned (because then the elbow-criterion
to estimate the ‘right’ number of clusters/topics can be applied). For the comparisons
between clusters/topics of different time intervals, networks of relationships between
topics were constructed and visualized in time-importance diagrams by graphs from
which adequate subgraphs of content-similar topics could be chosen.

To sum up, documents are the items that have to be clustered, weight vectors
assigned to the documents allow to determine dissimilarities between documents in
a single time interval, centroids of the weight vectors of the documents assigned
to clusters in different time intervals are used for the determination of relationships
between topics, and graph-theoretical tools are applied for the visualization of the
evolution of the relationships between topics over time in time-importance diagrams.
Finally, examples are selected to help to recognize the potential of the suggested
approach.

As clustering, graph theory and text processing (in alphabetical order) have
proved to be salient research fields in the situation we described, the following early
references—for foundations as well as further research directions that could be of
interest for the problem addressed—are mentioned, e.g., Bock (1974, 1980) for pub-
lications concerning clustering, Salton (1989) for text processing and Brandes and
Erlebach (2005) as more recent volume for a collection of contributions concerning
graph-theoretical applications.
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