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ABSTRACT
In this work, we describe an approach which aims to make
typed texts comparable with temporal data mining meth-
ods. This proposal was made in earlier work [11], but to our
knowledge no significant research on this subject has been
done yet. The basic idea is to derive artificial time series
from texts by counting the occurrences of relevant keywords
in a sliding window applied to them, and these time series
can be compared with techniques of time series analysis.
In this particular case the Dynamic Time Warping distance
[3] was used. By extensive testing adequate parameters for
time series calculation were derived, and we show that this
approach might aid in the recognition of similar texts since
the observed distances between similar documents are sig-
nificantly lower than those between unrelated texts. Our
idea might also be especially suitable for comparison in dif-
ferent languages since only the keyword translations must
be known.

Categories and Subject Descriptors: H.2.8 [Database
Applications]: Data mining; I.2.7 [Natural Language Pro-
cessing]: Text analysis; G.3 [PROBABILITY AND STATIS-
TICS]: Time series analysis

Additional Key Words and Phrases: Data Mining,
Pseudo Time Series, Dynamic Time Warping, Text Com-
parison, Text Databases and Digital Libraries, Databases
and Information Retrieval

1. INTRODUCTION
The recent development of the internet allows to easily

find and copy documents covering almost every topic. Thus,
the detection of plagiarism is an eminent problem, e.g. in
academics and journalism. It is vital to decide whether a
given text is original work or was published before with high
confidence as the theft of creative work might be bad style in
the best case but can also imply serious consequences such
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as the revocation of an academic degree. The identification
of documents with similar content is also important in in-
formation retrieval where ”query by example” is a common
approach to find texts covering a certain topic. Moreover,
in the course of linguistic analysis it might be interesting to
identify documents with similar characteristics, e.g. regard-
ing the occurences of terms within them.

In this paper, we discuss an approach which allows to com-
pare texts by considering the frequency of terms as well as
their position, but with a certain tolerance regarding syntac-
tic variation or translation of sentences [10]. This is achieved
by representing texts as time series, in conjunction with an
appropriate distance measure. These artificial time series
were first proposed in [11], and (to the best of our knowl-
edge) this approach has not yet been further explored. The
basic idea for obtaining the time series is to define one or
more keywords and count how often these terms occur within
a predefined sliding window which is applied to the docu-
ment. We present an implementation of this approach which
calculates time series from texts and the distances between
them. The purpose of this application is to aid the user
in the identification of texts which are similar according to
their term distribution and therefore might be interesting
for closer examination. The similarity measure in our case
is the Dynamic Time Warping distance [3], which we deem
most appropriate for this task.

The rest of this paper is structured as follows: In section
2 we review some related work, in section 3 a short overview
of the DTW distance is given, in section 4 the calculation of
time series from texts in our implementation is described, in
section 5 we present a short overview of our implementation,
in section 6 some results from our tests are given, and finally,
in section 7, some concluding remarks and directions for
future work are given.

2. RELATED WORK
A common approach from the area of information retrieval

to identify texts with similar content is the vector space
model [14] which aims to make texts comparable by rep-
resenting them as a vector of terms. In the simplest case
these terms are the distinct words contained in a document
and the vector describes how often each word occurs. The
document vectors can then be compared, e.g. using the co-
sine distance [2]. A more complex approach is to calculate
a graph representing a text where nodes and edges repre-
sent the terms and and the associations between them [16].
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However, although these techniques might reliably identify
texts with the same topic, they might not be sufficient for
the special case of plagiarism search since other document
properties have to be considered as well.

Ideas in this field include measuring the edit distance be-
tween text segments [19], calculating the occurrences of let-
ter and word combinations [8] and the syntactic analysis of
individual sentences [9], [17]. These ”low-level” approaches
aim at identifying sentences or passages which have been
copied verbatim or with only slight variations, and it was
also proposed to combine them with content-based compar-
ison to improve the retrieval performance [5]. Nevertheless,
these methods might fail if enough variation is introduced to
cover plagiarism, and they most certainly fail if translated
texts are considered since syntax and other ”technical”prop-
erties of documents may vary greatly in different languages.

As we will see later on, these issues may to some extent be
resolved by representing texts as artifical time series. Similar
proposals to represent non-temporal data as time series to
gain additional insight have been made in fields such a shape
recognition in images [18] and the analysis of handwritings
[12].

3. DYNAMIC TIME WARPING
In the context of data mining, it is vital to meaningfully

define similarity between data objects. A well-discussed ap-
proach to do so is the Dynamic Time Warping distance
which has been used in many contexts ([12], [13], [6]). The
basic idea is to find a non-linear matching of the points of
two time series which is intuitively equivalent to stretching
or compressing the time series in the x-axis. The result is
a distance measure which captures the human perception
of similarity better than the classic Euclidean distance. An
example of such a warping can be found in figure 1.

Figure 1: Example of an optimal warping between
two time series.

The formal definition of this technique is as follows [7]:
Suppose we investigate two time series, A = a1, a2, ..., an

and B = b1, b2, ..., bm, with lenghts n and m, respectively.
To align these sequences we construct a n×m-matrix where
element (i,j) of the matrix contains the distance d(ai, bj)
between the points ai and bj . In this context the Euclidean
distance is typically used. Each matrix element (i, j) now
corresponds to an alignment between the points ai and bj ,
and a warping path W is a contiguous set of matrix elements
that defines a mapping between the whole sequences A and
B. Formally, W = w1, w2, ..., wK with wk = (i, j)k and
max(m, n) ≤ K < m + n − 1.

In order to avoid ”degenerated” warping paths some con-
straints are usually applied:

• w1 = (1, 1) and wK = (m, n). This expresses that the
warping path should start in the lower left corner of
the matrix and end in the upper right corner.

• Given wk = (i, j), then wk−1 = (i′, j′) with 0 ≤ i−i′ ≤

1 and 0 ≤ j − j′ ≤ 1. Informally, this restricts the
warping path in a way that it only moves towards the
upper right corner.

Of course, there are many possible paths which fulfill these
simple restrictions, but the goal is to find the optimal warp-
ing path i.e. the one which minimizes the warping cost
DTW (A, B) between A and B:

DTW (A, B) = min
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A straightforward method for finding this path is dynamic
programming, but a major disadvantage of the naive ap-
proach is the runtime of O(mn). Extensive research has led
to some interesting proposals for optimization ([13], [15],
[4]), including the restriction of the possible warping path
and the dimensionality reduction of the underlying time se-
ries using some kind of approximation. However, these im-
provements will not be discussed here in detail since they
are beyond the scope of this paper.

4. CALCULATION OF ARTIFICIAL TIME
SERIES

Besides the Dymanic Time Warping distance as similarity
measure, the second cornerstone of our approach are the
time series derived from texts. In this section we will explain
how these are defined and calculated.

First of all, one or more keywords need to be selected, i.e.
the words that will be counted during time series compu-
tation. Semantically important terms with high frequency
are a good choice here. The second parameter is the width
of the window which will be moved along the text, i.e. the
amount of words considered at each step. The natural max-
imum for this value is the word count of the whole text. The
third (and last) parameter determines how far the window
is moved forward in each computation step. The value for
this step size is limited by the window size since for a larger
value not every word in the text would be considered. An
illustration of all parameters is given in figure 2 where the
whole time series creation process is explained with a small
example. As figure 2 also shows, an intermediate step in
calculating the time series in our implementation is creat-
ing a binary representation of the text, where the keywords
selected by the user are shown as 1 and the other words as
0. This simplifies the calculation of the individual points
constituting a time series as this can be achieved with basic
arithmetics.

The choice of parameters allows to directly adjust the
length of the time series and, as a consequence, the pre-
cision and computation time. The relationship between the
length of a time series l, the window size w and the step
size s for a text of length N is expressed by the following
equation:
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l =

⌈

N − w

s

⌉

+ 1 (2)

The intuition behind this formula is that N − w is the
amount of words that remains after the first window (i.e.
the first point) has been calculated. Since the window is
moved forward s words in each step the correct time series
length is derived by dividing this remainder by s; the ”+ 1”
makes sure the first point is also included. Note that the
last window might be smaller than w if s is not a divisor of
N − w.

Figure 2: Illustration of the time series creation pro-
cess. The keyword of interest is ”question”, hence
occurrences of this term are shown as 1 in the bi-
nary representation and all other terms as 0. The
window size is 3, the step size is 2, and these settings
yield a time series of length 3 with the values (1, 0,
1) derived by counting the set bits in each window.

5. IMPLEMENTATION
In this section, we briefly describe our implemenation which

allows to compare typed texts using their time series repre-
sentation. We will start off by explaining how texts are
imported and preprocessed, then we explain how the time
series are calculated and compared.

5.1 Text Import
First of all, the user can choose whether he wishes to im-

port textual documents in German or English. As an option,
the user can choose to strip the texts of stopwords (i.e. se-
mantically unimportant words), and it is also possible to ap-
ply stemming at this point. This means that grammatically
different uses of words are resolved to allow the identifica-
tion of terms in different contexts. These two techniques are
established in the field of text comparison and often improve
the quality of the results, so we decided to incorporate them
into our program since this was possible without too much
effort. See [2] for a detailed description of various methods
for text preprocessing.

After a text is imported, the unique terms are identified
and it is measured how relevant each of them is, i.e. we

count how often each term occurs. This relevance value
will be helpful to select the appropriate keywords for time
series calculation later on. The whole import process is also
repeated for every paragraph of the original document to
allow for the comparison of individual text sections.

5.2 Time Series Calculation
Once the documents of interest are imported the next step

towards comparison is the calculation of the artificial (or
”pseudo”) time series which are the foundation of our work.
This basically happens as described in section 4, but some
features have been added for the sake of user convenience.
First of all, in the list of selectable keywords, the relevance
is displayed next to each word to aid the user in his decision,
and it also possible to hide the stopwords so that only se-
mantically important words are shown. Regarding window
and step size, the values can easily be adjusted to certain ra-
tios (e.g. ”the window size should be 1

4
of the text length”),

and the user may also adopt parameter values which have
been selected for previous time series calculation.

5.3 Time Series Comparison
After the time series have been calculated the final (and

crucial) step is to compare them, i.e. calculate the distances
between them. In our implementation, the user has several
options considering which time series should be compared,
ranging from the comparison of two single time series to
the comparison of all time series of all texts in the database.
However, we assume that the typical scenario is that a query
text (or paragraph) is compared to a set of documents to
check whether a similar document can be obtained.

In the actual comparison process, the Dynamic Time Warp-
ing distance is used and it is calculated exactly as described
in section 3. The reason why the DTW distance (instead
of the Euclidean distance) was chosen as the main distance
measure in this implementation is that the Euclidean dis-
tance is not suitable if minor variations and shifts in the
curves are observed; however, this is exactly the kind of be-
havior expected when a text is translated into another lan-
guage or slightly altered to disguise plagiarism: The overall
word count and the exact counts and positions of the key-
words may change, but the general distribution of the key-
words remains similar. In this scenario the DTW distance is
appropriate since it allows comparison with a certain degree
of tolerance regarding these alterations.

Nevertheless, the different extensions of the DTW algo-
rithm were not implemented. The aim of these is (for most
parts) speeding up the DTW calculation, but as the possi-
bility of dimensionality reduction is intrinsically included in
our time series calculation approach implementing modifi-
cations of the DTW algorithm was not a priority, although
this could easily be done in the future.

6. EVALUATION
After describing the basic concepts of our system, we

present some empirical results from tests with a variety of
documents and parameter settings which hint towards the
usefulness of the approach in practical applications.

In short, our results show that for appropriate parameters
(semantically important words as keywords, window size not
too large/small) it is possible to identify similar documents
with high confidence as characteristic curves for texts can be
obtained which remain quite stable even if a text is altered.
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This is especially true for translated texts, where only the
proper translations of the keywords are needed for mean-
ingful cross-linguistic comparisons. Moreover, it turned out
that the approach is sensitive enough for document retrieval
from a considerably large database (”query by example”). In
the following subsections a detailed breakdown of our results
will be provided.

6.1 Parameter Influence
As mentioned earlier, the first (and probably most impor-

tant) parameter for time series calculation is the choice of
keywords. A natural assumption, which is also supported
by the tests, is that stopwords, i.e. semantically unimpor-
tant words, are not well suited for this purpose. The curves
yielded by terms like ”the” or ”and”were comparable to ran-
dom walk data, showing almost no remarkable peaks due
to their even distribution in the text. Another apparent
problem in this context is the comparison of texts from dif-
ferent languages since the position and amount of certain
stopwords may vary wildly because of different grammati-
cal constructs and ambiguous translations. Therefore, the
focus of the tests was on non-stopwords with high relevance
as keywords, assuming that their distribution best captures
the profile of a given text.

When considering the value for the window size w it can
intuitively be claimed that for a bigger w the count observed
for each individual window also becomes larger and the in-
fluence of a single keyword occurrence is small, resulting in
a rather imprecise representation of a text. In the extreme
case (window size equals text length) all occurrences of a
keyword are concentrated in a single point and distance cal-
culation between two texts degenerates to a comparison of
the keyword occurrence count. On the other hand, for a
window size of 1 we obtain a single peak for each keyword
occurence. In this case it is plausible to assume that even
rather dissimilar time series have small distances due to the
nature of the DTW algorithm; the small peaks are simply
”warped together” then, ignoring their exact positions on
the x-axis (i.e. ignoring the positions of the keywords in
the text). These examinations suggest that for meaningful
results a balance between too small and too large window
sizes has to be found.

When adjusting the value for the step size s while sticking
to a constant window size w we observe that this parame-
ter (unlike w) does hardly influence the overall shape of the
curve. Instead, it determines the curve smoothness. For
the extreme case of the step size being 1 each keyword oc-
currence shows on the curve, resulting in a ”nervous” curve
which displays even small variations. On the other hand,
when the step size is great, minor variations are more or less
”swallowed” in the calculation process which implies less pre-
cise comparison results. However, since the length l of the
resulting time series grows linearily with a larger s (compare
equation 2) and the run time of the DTW algorithm is O(l2),
a trade-off between precision and computational effort has
to be made at this point.

6.2 Retrieval Testing
As a basis to test the validity of our approach and to de-

termine useful parameters, time series were calculated for a
variety of English texts where the non-stopwords occurring
in each text with highest relevance were selected as key-
words. Every text was compared to a slightly altered version

of itself (using the same keyword), a translation into Ger-
man (using the translated keyword) and several dissimilar
texts of varying lengths. In the latter case, keywords with
the same relevance as the original keyword were chosen.

The central observation we made is that it is indeed pos-
sible to identify similar texts from the observed distances.
For appropriate window sizes (we recommend a minimum
of 500 words for meaningful results) the measured DTW
distances between the unrelated texts are in most cases sig-
nificantly (two to more than ten times) higher than those
between the similar texts. Thus, the time series approach
to text comparison apparently has the potential to discrimi-
nate similar documents from dissimilar ones. Moreover, the
distances between the texts and their altered versions are
very close to the distances between the translated versions.
This implies that the approach is language-independent in
the sense that it allows to meaningfully compare texts in dif-
ferent languages with almost no additional effort; the only
information needed in this case is the translation of the key-
word. This is quite different for techniques like the vector
space model where basically all terms have to be translated
for useful results.

Apart from the comparison of manually selected docu-
ments to determine useful parameters, our approach was
also tested in a ”query by example” setting where texts were
matched against a whole collection of documents to see if the
correct answer could be retrieved using the time series rep-
resentation. The results mirrored the first observation that
the implemented idea might be well suited for the recogni-
tion of similar texts. Although over 1000 comparisons were
made for each single document, the correct answer was al-
ways in the top ten of the most similar documents returned.
This implies that the technique might be sensitive enough
for retrieval from even larger document databases since it
only produces few false hits (less than 1% in this case).

7. CONCLUSIONS AND FUTURE WORK
In this work we presented an implementation which allows

to compare texts using temporal data mining techniques.
For that purpose the problem of text similarity was refor-
mulated as a problem of time series similarity (as originally
proposed in [11]), and the test results show that this ap-
proach might be useful for the desired task if suitable param-
eters are selected for calculating artifical time series from the
input documents. Nevertheless, there are several enhance-
ments and extensions which might be considered in future
work.

First of all, an obvious extension is text comparison for
other languages than English and German, especially since
the technique proved to be a potential aid for language-
independent comparison. If the user does not wish to apply
any preprocessing steps the current implementation is al-
ready sufficient, otherwise stemmers and stopword lists for
the languages involved would need to be provided. These
are for most parts freely available and could be added quite
easily.

Moreover, the integration of other established solutions
from the field of information retrieval should also be pos-
sible. So far, only stopword reduction and stemming have
been considered, but further ideas include the resolution of
homonyms and synonyms and the detection of composite
terms, i.e. terms which consist of more than one word. With
these additional preprocessing steps a more accurate repre-
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sentation of a document could be obtained, especially since
the test documents imply that composite terms are not un-
common. However, the use of sufficiently large dictionaries
might be necessary to achieve good results.

Of course, dictionaries could also be useful to support the
user by automatically suggesting appropriate keywords for
time series calculation. This might be a simple task for texts
in the same language (as the same keyword should most
likely be used for all texts involved), but it might be less
obvious when translations are considered. A more elaborate
implementation could also make recommendations for the
other parameters (window and step size) based on the text
length and the keyword relevance. In an additional step, the
automatic labeling of documents as ”similar” should also be
possible, but more research on the relationship between the
parameters and the observed distances would be needed for
reliable results.

The use of multivariate time series (i.e. the composition
of time series from multiple keywords) is already possible
in our implementation, but in our testing scenario we could
not achieve better results than with univariate time series.
However, it might be possible to gain additional insight from
using more than one time series per text by modifying the
input parameters. Ideas include the attachment of weights
to the dimensions according to the keyword relevances [2]
and the adaptation of the window and step sizes for less
relevant keywords. Nevertheless, further testing would be
necessary to determine useful settings.

A profound addition to the implementation would be the
realization of partial matching. By now it is only possi-
ble to compare documents or paragraphs as a whole, but of
course it is also possible that, for example, a copied passage
is seamlessly embedded into another document. This would
probably go undetected when using only the DTW distance,
thus the notion of similarity would need to be adapted. One
idea is to partition the time series into windows of variable
lengths and then identify matching windows instead of con-
sidering the whole text [1]. This would correspond to slicing
a document into ”artificial” paragraphs and then comparing
these. An idea which relies on the characteristics of DTW is
to calculate the amount of warping observed between differ-
ent regions of the texts, i.e. the discrepancy between a lin-
ear assignment and the actual warping. A proposal on how
to define this was made in [7], and similar passages could
then be identified since the warping between them should
be small.

To conclude this discussion of future work, a final ques-
tion to be raised is if and how the presented approach can
be combined with established techniques such as the vector
space model to improve the overall performance in practical
applications.
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