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Abstract— Documents and other categorical valued time series are often characterized by the frequencies of short range sequential
patterns such as n-grams. This representation converts sequential data of varying lengths to high dimensional histogram vectors
which are easily modeled by standard statistical models. Unfortunately, the histogram representation ignores most of the medium
and long range sequential dependencies making it unsuitable for visualizing sequential data. We present a novel framework for
sequential visualization of discrete categorical time series based on the idea of local statistical modeling. The framework embeds
categorical time series as smooth curves in the multinomial simplex summarizing the progression of sequential trends. We discuss
several visualization techniques based on the above framework and demonstrate their usefulness for document visualization.

Index Terms—Document visualization, multi-resolution analysis, local fitting.

1 INTRODUCTION

Categorial valued time seriesy = 〈y1, . . . ,yN〉, yi ∈V such as text doc-
uments or protein sequences are difficult to visualize due totheir dis-
crete categorical nature. This difficulty is especially severe when the
setV representing the range of possible nominal or categorical val-
ues is large. For example, the setV contains dozens of amino acids
in the case of proteins and hundreds of thousands, if not millions, of
possible words in the case of text documents. Due to the categorical
nature of the data, visualization techniques designed for numeric time
series data, e.g. [23, 9], are not applicable. A popular alternative is
to use dimensionality reduction techniques such as principal compo-
nent analysis (PCA) or multidimensional scaling (MDS) (e.g., [4]) for
vectorized data based on the sequence histogram
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where we assume without loss of generality thatV = {1, . . . ,k} and
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While conveniently representing categorical sequences ask-
dimensional numeric vectors, the histogram representation, also
known as bag of words, completely ignores word ordering. Forex-
ample, assumingV = {1, . . . ,5} we have
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The histogram representation may lead in some cases to effective visu-
alization of the semantics characterized by the entire document. How-
ever, it lacks the ability to capture and visualize the semantic transi-
tion between different parts of the document. This lack of a within-
document locality is particularly problematic when the visualization
focus is on visualizing the contents of a single document (ora small
number of documents) rather than a large corpus.
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A partial solution to the above problem is to representy by the his-
togram of length-n patterns calledn-grams [14]. For example,n-grams
for n = 3, also called trigrams, are sequential patterns〈v1,v2,v3〉,
v1,v2,v3 ∈ V and their histogram is simply the vector of normalized
counts of length-3 pattern appearances. For example, the relative fre-
quency of〈3,1,3〉 in a sequencey is

1
N−3+1

N−3+1

∑
i=1

δyi ,3δyi+1,1δyi+2,3.

Increasing the pattern lengthn invokes the well known bias-
variance tradeoff in statistics. Highn has the potential of capturing
longer range sequential information. On the other hand, thedimen-
sionality of then-gram representation increases exponentially withn
making then-gram histogram a poor estimator of the underlying ex-
pectation parameters. Reducingn improves the accuracy of then-
gram histogram as a statistical estimator, but prevents therepresenta-
tion from capturing long range interactions. Since for textdocuments
N ≪ |V|, most words and phrases inV will never occur at the same
document. As a result, the pattern lengthn in n-grams is usually re-
stricted to small sizes such asn = 1,2, or 3.

Unfortunately, then-gram representation does not adequately ad-
dress the histogram shortcomings associated with the lack of sequen-
tial information. Frequencies of short phrases do not reflect long or
medium range sequential information, nor do they reflect thepositions
in the document at which the different phrases occur. It is fair to say
that then-gram representation may be viewed as offering a tokeniza-
tion of short phrases rather than words which is useful for capturing
linguistic ambiguity. It does not capture any sequential information
beyond that and remains poorly suited for sequential visualization.

We present a new framework for sequential visualization of docu-
ments and other categorical time series which generalizesn-grams in
a robust way and maintains both long and short range sequential in-
formation as well as position information. The framework, initially
explored in [11] in the context of classification, is based onthe ideas
of local smoothing and multi-resolution analysis from non-parametric
statistics and signal processing.

By locally averaging the word histograms at different document lo-
cations, we obtain a local version of the global histogramγhist(y) de-
scribing the local word distribution. Viewed geometrically, the local
averaging embeds the original sequence as a smooth curve in the space
of histograms overV. This curve summarizes the progression of se-
mantic and statistical trends within the document. The smooth nature
of the curve enables the use of a wide range of tools from differen-
tial geometry and smooth analysis. By varying the amount of local
averaging we obtain a family of sequential representationspossessing
different sequential resolutions or scales. Low resolution representa-
tions capture topic trends and shifts while ignoring finer details. High
resolution representations capture the fine sequential details but make
it difficult to grasp the general trends within the document.



The rest of the paper is organized as follows. Section 2 reviews re-
lated work and Section 3 presents the locally weighted bag ofwords
framework for smooth embeddings of categorical time series. In Sec-
tion 4 we explore various visualization techniques based onthe new
framework and present a publicly available visualization toolkit. We
then proceed in Section 5 to describe a user study demonstrating the
usefulness of the new visualization techniques, followed by a discus-
sion in Section 6. We focus in this paper on demonstrating ourideas in
the context of document visualization. However, both the visualization
techniques and the toolkit are also applicable to visualizing biological
sequences such as proteins or DNA sequences.

2 RELATED WORK

Document visualization has recently gained considerable interest due
to the recent increase in the size, number and accessibilityof text
archives. A partial list of references is [19, 5, 6, 3, 22, 2] with ad-
ditional references available in [21]. A selection of software systems
for visualizing text corpora are IN-SPIRE1, Enron-exploration tools2,
Thomson’s refviz3, and the Science topic browser4. Most of the meth-
ods mentioned above as well as other ones mentioned in [21] are de-
signed for non-sequential visualization of a corpus of documents by
considering the distance relation between individual documents. Such
visualization methods are useful tools in browsing vast textual archives
and nicely augment automatic search methods.

In contrast to the above methods, our approach aims at visualizing
the sequential semantic progression within a single document. Related
work concerning sequential analysis of a single document includes
TextTiling [7, 8] which partitions the data into multi-paragraph seg-
ments based on the local word histogram. Similarity scores between
local word histograms at different document locations are used to seg-
ment the document into “text tiles” which were found to correspond
well to subtopic boundaries according to human judgement. Similar
ideas are explored in [17, 18, 24], in the statistical text segmentation
literature e.g. [1] and in the text summarization literature e.g. [20].

Multi-resolution analysis provides a convenient mechanism for the
sequential visualization of documents at several levels ofgranularity.
The modern multi-resolution analysis of data is inspired bythe short
time Fourier transform and wavelet representation [13]. Aninteresting
application of multi-resolution wavelet analysis to document browsing
is the Topic-Islands technique [15]. Topic-Islands constructs a digi-
tal signal that corresponds to the text document and then proceeds to
compute its discrete wavelet transform. Multi-resolutionvisualization
is then carried out by visualizing the energy of the various wavelet
coefficients.

Our approach has several unique properties that distinguish it from
the related research described above and other studies. Thecategori-
cal sequences are represented as smooth curves in the histogram space
which may be conveniently studied in several resolutions byvarying
the degree of smoothing. The representation includes the original cat-
egorical sequencey = 〈y1, . . . ,yN〉 and the word histogramγhist(y) as
special cases. Interpolating between these two extremes provides the
flexibility of viewing sequential details at the desired resolution in a
simple and effective manner.

The smoothness of the representation enables the use of tools from
differential geometry and smooth analysis such as gradient, curvature,
differential operators, and phase diagrams. These tools are used to cre-
ate new visualization techniques for sequential trends in documents.
Another interesting aspect of the proposed framework is that it draws
interesting connections between document visualization and the con-
siderable literature of local fitting [12] and functional data analysis
[16] in statistics.

1http://in-spire.pnl.gov
2http://jheer.org/enron,http://enron.trampolinesystems.com
3http://www.refviz.com
4http://www.cs.cmu.edu/∼lemur/science

3 THE LOCALLY WEIGHTED BAG OF WORDS FRAMEWORK

The locally weighted bag of words (lowbow) representation was intro-
duced in [11] for the purpose of improving text document classifica-
tion. In this section, we review its definition and some of itsimportant
properties before proceeding to discuss its applications to visualization
in the next section. The description below applies to 1-gramor word
histogram and is a slightly simplified version of the original definition
in [11]. Its extension to the locally weightedn-grams is straightfor-
ward.

Since there is no clear ordinal relationship between words in the
vocabulary, it is natural to represent words as basis vectors ei =

(0, . . . ,0,1,0, . . . ,0) ∈ R
|V| rather than integers. Viewed in this way,

a document corresponds to a sequence of vectors inR
|V| representing

its sequential contents. For example, a documenty= 〈2,2,1,1,2〉 over
a vocabularyV = {1,2,3} corresponds to

〈e2,e2,e1,e1,e2〉 =
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The locally weighted bag of words representation assigns local word
histograms to different locations in the document. It is obtained from
(3) by turning the discrete document location quantity intoa contin-
uous quantity{1, . . . ,N} 7→ [0,N] and smoothing the vector sequence
(3) over the continuous quantity.

Definition 1 Given a sequence y= 〈y1, . . . ,yN〉, yi ∈ V, the
continuous-time analog of(3) is the function

δy : [0,N]×V → [0,1] δy(t, j)
def
= δ j,y⌈t⌉ t ∈ [0,N], j ∈V (4)

where⌈t⌉ is the smallest integer larger than or equal to t andδa,b is
given by(2).

Locally averaging temporal variations inδy provides sequential
smoothing across the continuous document locations. It is obtained
by convolvingδy with a smoothing kernel whose shape determines the
amount of smoothing and the resulting sequential resolution.

Definition 2 A smoothing kernel is a positive valued function Kµ,σ :
[0,N] → R+ parameterized by a location parameterµ ∈ [0,N] and a
scale parameterσ > 0. We also assume that Kµ,σ (t) is smooth inµ,t
and is normalized i.e.,

∫

Kµ,σ (t)dt = 1.

A standard example for a smoothing kernelKµ,σ (t) is the Gaussian
or normal distribution with meanµ and varianceσ2: Kµ,σ (t) =

Cexp(−(t − µ)2/(2σ2)) where C ensures normalization over the
range[0,N]. The parameterµ represents the mode or maximum and
σ represents the spread or concentration aroundµ which determines
the amount of local smoothing.

Fig. 1. The set P{1,2,3} ⊂ R
3 may be visualized as a surface in R

3 (left)
or as a triangle in R

2 (right).
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Fig. 2. (a) The curve γ(σ)(z) in P{1,2} is visualized by graphing [γ(σ)
µ (z)]1 as a function of µ/N. (b) The curve γ(σ)(w) in P{1,2,3} is visualized by

graphing it on the 2-D triangular space representing P{1,2,3} (see Figure 1). In both cases σ/N = 1/10 (left) and σ/N = 2/10 (right) were used.
Increasing σ causes the curves to be more smooth and to shrink towards the red line (a) or red triangle (b) which denote the histograms or the
degenerate curves γ(∞)(z),γ(∞)(w).

Definition 3 The locally weighted bag of words (lowbow) representa-

tion of a sequence y, at timeµ and scaleσ , is the vectorγ(σ)
µ (y)∈R

|V|

[γ(σ)
µ (y)] j

def
=

∫ N

0
δy(t, j) Kµ,σ (t)dt j = 1, . . . , |V|. (5)

It is easy to verify that the vectorγ(σ)
µ (y) is a probability distribu-

tion overV representing the locally weighted word histogram at the

document locationµ. Furthermore, it can be shown thatγ(σ)
µ (y) is a

continuous and smooth function inµ (for details see [11]). As a result
of these two observations, we conclude that the lowbow representation

γ(σ)(y)
def
= {γ(σ)

µ (y) : µ ∈ [0,N]} of y is in fact a smooth curve in the
spacePV of histograms or probability distributions overV

PV
def
=

{

θ ∈ R
|V| : ∀i θi ≥ 0,

|V|

∑
j=1

θ j = 1

}

.

By increasingσ , more local smoothing is applied and the result-
ing curve γ(σ)(y) becomes smoother and more slowly varying. In
the limit of σ → ∞, the kernel becomes a constant function∀µ,
limσ→∞ Kµ,σ (t) ≡ 1/N and the lowbow curve contracts into a sin-
gle point which turns out to be equal to the word histogramγhist(y)
defined in (1)

lim
σ→∞

γ(σ)
µ (y) = γhist(y) ∀µ ∈ [0,N]. (6)

On the other hand, reducingσ reduces the amount of sequential
smoothing making the lowbow curve more wiggly. At the extreme
case ofσ → 0 the lowbow curve loses its continuity and reverts toδy
which is equivalent to the original sequencey = 〈y1, . . . ,yN〉. In gen-
eral, varyingσ changes the spread ofKµ,σ around its modeµ thus
controlling the desired amount of smoothing or sequential resolution.
Choosing a largeσ reveals the general sequential behavior of the doc-
ument while smoothing away the finer details. Choosing a small σ
increases the sequential resolution which makes finer details available
- but doing so may obscure the more general and important sequential
trends. The choice of sequential resolution reflects the bias-variance
statistical trade-off and ultimately depends on the precise data anal-
ysis goal. As we demonstrate in later sections, in some casesthere
is a need to analyze a document by considering its lowbow curves at
multiple scales or resolutions.

We illustrate the construction of the lowbow curve by consider-
ing a couple of artificial documents with a small vocabulary:z =
〈1,1,1,2,2,1,1,1,2,1,1〉 andw= 〈1,3,3,3,2,2,1,3,3〉 overV = {1,2} and
V = {1,2,3} respectively.γ(σ)(z) is a curve in the space of distribu-

tionsP{1,2}. Since in this case[γ(σ)
µ (z)]2 = 1− [γ(σ)

µ (z)]1 we can vi-

sualize the curveγ(σ)(y) by graphing[γ(σ)
µ (y)]1 as a function ofµ/N.

Figure 2(a) illustrates these graphs forσ/N = 1/10 andσ/N = 2/10.

In the second case,γ(σ)(w) is a curve in the space of distributions
P{1,2,3} which is a 2-D triangular subset ofR

3 demonstrated in Fig-

ure 1. Figure 2(b) visualizes the curveγ(σ)(w) for the sameσ/N
values inP{1,2,3} after embedding it in two dimensions (see Figure 1).
Notice how in both cases increasingσ causes the curve to be smoother
and to contract into the red line (forz) or red triangle (forw) which de-
notes the degenerate curveγ(∞)(z) or γ(∞)(w) corresponding to the bag
of words or global histogramγhist(z),γhist(w).

Graphing the smoothed representationγ(σ) as in Figures 2(a), 2(b)
is a convenient technique to visualize sequential variation at a partic-
ular resolution. By selecting an appropriate smoothing scale σ , im-
portant sequential patterns stand out and are uncluttered by patterns at
lower resolutions. For example, in the case of Figure 2(a) and word
sequence〈1,1,1,2,2,1,1,1,2,1,1〉 selecting a resolution ofσ/N = 1/10
reveals the fact that there are actually two local minima representing
high local concentration of 2 and one local maximum in between rep-
resenting high local concentration of 1. Switching toσ/N = 2/10 we
obtain only one broad local minimum and the additional details that
were revealed before in the case ofσ/N = 1/10 disappear.

The curveγ(σ) is easily visualized in the case ofV = {1,2} or
V = {1,2,3} as shown by the 1-D or 2-D figures described above.
In the more interesting cases of text or biological sequences, V is a

much larger set makingγ(σ)
µ (y) a high dimensional vector andγ(σ)(y)

a curve in a high dimensional space. The next section deals with vari-
ous techniques to visualize such high dimensional cases.

4 VISUALIZATION TECHNIQUES

As mentioned in the previous section, when|V| is large,γ(σ) = {γ(σ)
µ :

µ ∈ [0,N]} is a smooth curve in a high dimensional space which cannot
be directly visualized. In this section we introduce several techniques
for visualizing such curves and demonstrate their effectiveness in the
context of document visualization.

4.1 Visualizing Semantic Variation

Since the lowbow curve{γ(σ)
µ : µ ∈ [0,N]} ⊂ PV describes the move-

ment of the local word histogram it may be used to visualize subtopic
boundaries and other sequential shifts. Portions of the lowbow curve
that remain more or less in the same region ofPV correspond to a
semantically homogenous region within the document. On theother
hand, portions of the lowbow curve containing drastic movements in
PV correspond to abrupt topic changes.

The first approach we take to visualize the movement of the low-
bow curve is to summarize it using linear differential operators. Linear
differential operatorsL( f ) = ∑i αiDi f , commonly used in functional
data analysis [16], represent a functionf by a linear combination of
its derivatives of varying orders. They are well defined on the lowbow
curve due to its smoothness and are well suited to capture theinstan-
taneous behavior of the curve.
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Fig. 3. Speed ‖γ̇(σ)
µ ‖ (left, σ/N = 0.064) and 2D embedding using PCA (right, σ/N = 0.026) of the lowbow curve representing the three successive

RCV1 stories of varying lengths as a function of µ/N. The words appearing to the right and bottom of the right panel correspond to the words
whose projection on the principle components give the highest (or lowest) values providing a convenient visual summary for the user.

The simplest differential operator is the gradient vector whose com-
ponents measure the rate of change in different dimensions.Applied
to the lowbow curve, we define it as the following vector

γ̇(σ)
µ

def
=

(

d
dµ

[γ(σ)
µ ]1, . . . ,

d
dµ

[γ(σ)
µ ]|V|

)

∈ R
|V|

whose components reflect the instantaneous change in the frequency
of different words. The gradient vector is defined separately for each
locationµ and may be considered as a vector field along the lowbow
curve pointing at the direction the curve is currently progressing in. It
is easy to visualize the rate at which the lowbow curve moves at differ-

ent locationsµ by plotting the gradient norm‖γ̇(σ)
µ ‖ as a function ofµ

at different scalesσ . Doing so reveals the presence of topic boundaries
as well as areas representing homogenous and heterogenous semantic
contents. In contrast to complex tools from the segmentation literature
[1, 20], the gradient norm is simple, intuitive, and easy to visualize.

To illustrate the role of the gradient in document visualization
we examine its behavior for documents containing clear and pre-
determined segments. Following [1], we consider a documentcreated
by concatenating individual news stories which resembles the contin-
uous transcription of online news. We created it by randomlypicking
a news-wire chunk containing three successive news articles from the
RCV1 collection5 (document id: 4078, 4079 and 4080). The two in-
ternal segment borders occur atµ/N = 0.53 andµ/N = 0.76 with the
first story obviously longer than the next two stories. The left panel of
Figure 3 displays the gradient norm as a function ofµ/N. The curve
has several local maxima, but the largest two local maxima correspond
almost precisely to the segment borders atµ/N = 0.53,0.76. The first
three local maxima correspond to internal segment boundaries within
the first story. Indeed, the first news story begins with the announce-
ment of Sun International Hotels Ltd.’s acquisition of Griffin Gaming
& Entertainment Inc.; it then switches to discuss the influencing factor
behind Sun’s decision at pointµ/N = 0.17 before switching again at
µ/N = 0.26 to talk about the benefit of the acquisition to Griffin. The
story moves on atµ/N = 0.45 to discuss the deal in detail. As with
the different news story boundaries, the internal segment boundaries
of the first story closely match the local maxima of the gradient norm.

As demonstrated above the first derivative of the curve conveys im-
portant information for the purpose of detecting areas of fast and slow
semantic transition. In a similar way, the second derivative γ̈(σ) con-
tains information concerning the curvature or the rate of change of
the curve velocity. Regions in the curve corresponding to high or low

5http://trec.nist.gov/data/reuters/reuters.html

second derivative or other linear differential operators could provide
additional visual aid to a human observer.

The curve itselfγ(σ) can be visualized by projecting it into its prin-
cipal components or via multidimensional scaling. We compute the
principal components (PCA) or the multidimensional scaling (MDS)
of the curveγ(σ) based on a finite sample of points from the curve

{γ(σ)
µ1

, . . . ,γ(σ)
µs

}. Such visualization techniques would provide the user
with smooth curves in 2-D or 3-D whose behavior reveals localseman-
tic information. Portions of the curve corresponding to similar seman-
tic components will typically contain similar local word histograms
and therefore will naturally cluster together in both the high dimen-
sional spacePV and in the low dimensional projections obtained by
PCA or MDS.

Figure 3 (right) shows the 2D projection of the lowbow curve for the
three concatenated RCV1 stories mentioned above. To embed the high
dimensional curve in two dimensions we used principal component
analysis. The blue crosses indicate the positions of the sampled points
in the low dimensional embedding while the red circles correspond to
the segment boundaries of the three documents. The sampled points in

the figure{γ(σ)
µ1

, . . . ,γ(σ)
µs

} are naturally grouped into three clusters, in-
dicating the presence of three distinct segments mentionedabove. The
distance between successive points near the segment boundaries is rel-
atively large which demonstrates the high speed of the lowbow curve
at these points. This is easily confirmed by examining the gradient
norm in the left panel of Figure 3.

Another interesting visualization technique is to graph the projec-

tion of the curveγ(σ)
µ on the top principal components separately as a

function of the locationµ/N. Figure 4 contains such plots for the con-
catenated document. The 3 panels correspond to the projection on the
top three principal components (top panel represents the first compo-
nent and bottom panel represents the third component). The words ap-
pearing to the right (left) of the panels correspond to the words whose
projection on the components give the highest (lowest, respectively)
values. The plots illustrate how the first principal component of the
curve γ(σ) captures the variation between the first and the third sto-
ries and the second principal component ofγ(σ) captures the variation
between the second and the other two stories.

4.2 Visualizing Energy Transfer

An interesting visualization method that draws inspiration from har-
monic motion in physics is to graph the first derivative vs. the second

derivative ofγ(σ)
µ (y) with respect toµ. The resulting graph, called the

phase-plane plot, describes the relationship between the velocity and
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acceleration of the curveγ(σ) as a function of the location parame-
ter. Harmonic motion in physics, such as the movement of a simple
pendulum or a spring behaves according to the differential equation

ẍ(t) = cx(t). (7)

It is easy to see that in this case, velocity ˙x(t) and acceleration ¨x(t)
behave as a sine and a cosine function respectively and drawing ẋ(t)
vs. ẍ(t) for varioust results in the circle displayed in Figure 5 (left).
The intersections of the circle with thex andy axes represent extreme
points of the kinetic and potential energy. The sum of both energies is
constant when no external force is present, but the relativeproportion
of them varies depending on the positionx(t) of the harmonic motion.

The curve in Figure 5 (right) corresponds to a phase-plane diagram

of the first and second derivative ofγ(σ)
µ (y) projected on the third prin-

cipal component. The striking resemblance between the two phase-
plane plots indicates that the projection ofγ(σ) on its third princi-
pal component satisfies the harmonic motion differential equation (7).
Stated differently, we have that the curveγ(σ) approximately satisfies
a partial differential equation〈D2γ(σ),v3〉 = c〈γ(σ),v3〉 wherev3 is
the third principal component of the curve.

4.3 Multi-resolution Visualization of Data Content

We have already seen how the shape or resolution of the curve is influ-
enced by different smoothing scalesσ (recall Figures 2(a) and 2(b)).
In this section we examine the simultaneous visualization of multiple
curvesγ(σ1)(y), . . . ,γ(σr)(y) representing the same document at vary-
ing resolutions or scalesσ1 < · · · < σr . Such visualization provides a
simple yet effective way to summarize a document at various levels of
detail.

Our multi-resolution visualization is based on constructing a se-
quence of documentsy(σ1), . . . ,y(σr ) which are reduced resolution ver-
sions ofy. The words of the reduced resolution documenty(σ) are
taken to be the most prominent components of the lowbow curvein
the appropriate scaleγ(σ)(y). More specifically, we define the reduced
resolution document to be

y(σ)
µ

def
= argmax

j∈V
[γ(σ)

µ (y)] j . (8)

The constructionγ(σ)(y) 7→ y(σ) in (8) may be considered as the
approximate inverse to the lowbow mappingy 7→ γ(σ)(y). In other
words,y(σ) is the optimal estimate of the original document based on
the lowbow curveγ(σ)(y) (perfect reconstruction is impossible since

y 7→ γ(σ)(y) is non-invertible). Increasingσ makesy(σ) more homoge-
nous as it captures major sequential trends while discarding finer de-
tails. Reducingσ makesy(σ) more precise and detailed retrieving the
original documenty at the limitσ → 0.

We demonstrate the above idea by constructing the multi-resolution
representationy(σ1), . . . ,y(σr ) corresponding to a recent news story
fromreuters.com.6 The document was preprocessed by removing
stop-words, punctuation marks and numbers, and stemming, resulting
in a sequence of 272 lower-cased words. We arbitrarily set the length
of the reduced resolution documents to be 51 and computey(σ) for
σ/N = 0.04,0.07,0.5.

We develop two techniques for visualizing the multi-resolution rep-
resentation. Figure 6(a) demonstrates the color bar approach which
displays the reconstructed documentsy(σ1), . . . ,y(σr ) as vertical bars
side by side ordered in the same order as the scale values. Each ver-
tical bar is split into colored segments describing the wordcontent of
the correspondingy(σi). Each word is assigned a different color and its
starting position is indicated by a number at the left side ofthe color
box, along with the word itself at the right side. The second visualiza-
tion method, displayed in Figure 6(b), is inspired by the source code
folding tool in integrated development environments such as Microsoft
Visual Studio, Netbeans, or Eclipse. It displays the reconstructed doc-
umenty(σi) as a list of words where each word acts as a button which
can be expanded in a tree-like manner into the correspondingportion
of the originaly.

Both the color-bar and text folding designs enable the user to tra-
verse the multi-resolution representationy(σ1), . . . ,y(σr ) starting from
a highσ representing a coarse summary of the original documenty to
lower values ofσ representing finer temporal details. For the specific
example described above, at the large scaleσ/N = 0.5 we obtain the
keywords ofUS andIran which demonstrate the general topic of the
article. Asσ decreases, more details are added to the reduced res-
olution document diagram. Atσ/N = 0.07, we get the added details
concerning oil and gasoline. At the finer level ofσ/N = 0.04, we learn
additional details such as the involvement of Europe in the news story.
Despite being a lossy representation, the reduced resolution document
idea represents a convenient way to visualize temporal summaries of
y at increasing levels of detail. The text folding design helps to effec-
tively browse a document and quickly locate regions of interest using
a tree-like search rather than the slower linear scan.

6
http://today.reuters.com/news/articleinvesting.aspx

?type=hotStocksNews&storyID=2007-03-28T004723Z 01 SP116282 RTRUKOC 0 US-MARKETS-OIL.xml
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4.4 Visualizing Multiple Documents

Thus far we were mostly concerned with visualizing a single sequence
y. In this section we briefly explore visualizing the relativebehavior
of sequential trends in multiple sequences. As with other forms of
sequential visualization, these differences are usually difficult to iden-
tify using the traditionaln-gram approach. As an example, we com-
pare the news story used in Section 4.3 with a somewhat similar news
story.7 The cosine similarity between the corresponding histograms or
γhist vectors is very high - 0.9928. The projection of the two resulting
curvesγ(σ)(y1),γ(σ)(y2) into the first two principal components is dis-
played in Figure 7. Note that in this case, in contrast to previous cases
the PCA is computed based on sampled points from two curves rather
than just one. The words that correspond most strongly and weakly to
each principal component are displayed along thex andy axes.

The two curves share similar sequential trends most of the time,
with the red curve diverging to a different region towards the end.
Note also how both curves move from discussing political events con-
cerning Iran and Britain at the left part of thex axis to discuss the
effect on oil price and other economic factors at the right part of the

7
http://today.reuters.com/investing/financeArticle.aspx

?type=hotStocksNews&storyID=2007-03-28T184159Z 01 SP116282 RTRUKOC 0 US-MARKETS-OIL.xml

x axis. The blue circles in Figure 7 indicate two overlapping regions
between the documents. Actually, both documents atµ1/N1 ≈ 0.5
and µ2/N2 ≈ 0.91 talk about Iran’s daily shipments of oil and at
µ1/N1 ≈ 0.95 andµ2/N2 ≈ 0.82 talk about a strike by workers at the
French Mediterranean oil terminal. Visualizing the relative sequential
trends in more than 2 documents results in a cluttered graph containing
many curves. An alternative is to use tools from functional data anal-
ysis such as functional principal component analysis and functional
canonical correlation analysis [16].

4.5 Interactive Document Visualization Toolkit

To compare the different techniques and evaluate them we constructed
an interactive document visualization and exploration toolkit. The
toolkit, displayed in Figure 8 is implemented in Java and is publicly
available8. It contains all the features described in this paper as well
as a few additional ones.

As shown in Figure 8, the right panel of the toolkit displays auser
specified text document, either with text folding or without. In its left
panel the toolkit displays various graphical summaries of the result-
ing curveγ(σ) such as velocity or PCA and MDS projections. The

8http://web.ics.purdue.edu/∼ymao/lowbow.htm
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Fig. 7. Two dimensional PCA projection of the lowbow curves repre-
senting two similar news stories (see Section 4.4 for more details) using
a VARIMAX rotation of PCA (σ/N = 0.04).

bottom panel contains various buttons that allow the user tochange
the resolution determined by the scaleσ or to change the visualization
technique. Some features of the lowbow curve such as the velocity can
be visualized in the right panel by coloring the text words with appro-
priate colors. Other features included in the toolkit are visualization of
linear differential operators and 3D graphical exploration of PCA and
MDS projections using OpenGL.

Document preprocessing steps that need to be completed before us-
ing the toolkit are: removing stop-words, punctuation marks and num-
bers, removing casing, stemming, and constructing a vocabulary. The
most computer intensive aspect of the preprocessing is the building of
the vocabulary whose complexity depends on the length of thedocu-
ment. For all but extremely long documents, the vocabulary building
as well as the rest of the preprocessing is extremely fast. Furthermore,
all preprocessing tasks are standard and can be accomplished using a
wide variety of publicly available text processing softwares. The com-
plexity of constructing and maintaining the lowbow representation is
completely determined by the number of sample points and thenum-
ber of unique words in the document. More specifically it is equivalent
to the number of sampled points times the complexity of compiling
and maintaining the bag of words or word histogram.

5 USER STUDY

To evaluate this toolkit we conducted an informal study consisting of
30 users each of whom were asked to use the toolkit to answer three
types of questions. The users ranged in age from 18 to 55 yearsold
with 1/3 of the users being female. Slightly more than 2/3 of the users
were not native speakers of English with the majority of participants
being graduate students from engineering or science departments.

Before attempting the study, a user was introduced to the toolkit
by following a written, self-directed tutorial in which he or she was
encouraged to experiment with varying scale values on a testdocument
and observe its effect with respect to the velocity, the PCA projection
and the reduced resolution document by text folding. The remaining
features were disabled for the sake of brevity.

In the first of the three tasks, the users were asked to discerntopic
boundaries in eight passages containing two to four concatenated news
stories from RCV1. In the second task, users were presented with four
documents and a few topic phrases and were asked to find portions of
a document that were best represented by the supplied phrases. The
phrases were specifically chosen so that their constituent words either
did not appear or rarely appeared within the documents. In the third
and final task users were asked to identify five keywords for each of
eight documents from a list of keyword candidates.

score PCA PCA components velocity text folding
task 1 1.60 1.63 4.40 3.07
task 2 1.63 1.60 1.9333 4.10
task 3 1.53 1.80 1.8667 3.40

Table 1. Average user scores representing the benefit users received
from different visualization techniques with respect to the three types of
questions they were asked. A score of 5 indicates the feature was very
useful while 1 indicates not at all.

In all three tasks, half of the questions disallowed use of the toolkit
while the remaining half encouraged, but did not require, its use. Users
were required to finish each task within some time constraint, and in-
dicate, at the end of the task, how useful they found the various visual-
ization techniques in accomplishing the three tasks. The average score
received by each feature-task pair is displayed in Table 1.

Our initial expectation was to receive high score for velocity in task
1, for PCA and PCA components in task 2, and for text-folding in task
3. Part of the user study results confirm our expectation, as indicated
by the scores for (task 1, velocity) and (task 3, text folding) pairs.
Surprising aspects of the results in Table 1 are that users found the text
folding instructive in all three tasks, and they largely disregarded the
PCA and PCA component plots.

Among all the visualization techniques, the velocity graphand the
text folding technique are the most intuitive and simplest to under-
stand. This explains the popularity of these two techniquesin the user
study. In particular, the text folding allowed users to quickly hone
in on semantically meaningful words thus increasing the search effi-
ciency as indicated by its effectiveness for tasks 2 and 3. Text folding
is more powerful than a simple ‘find’ or pattern matching toolsince the
user does not have to specify all the synonyms of the words he is inter-
ested in. For example, in task 3, users using the text foldingtool were
able to quickly identify keywords relevant to a certain passage even if
a keyword did not appear as one of the words in the passage itself. The
benefit of the tree-like search in text folding and other multi-resolution
methods over linear scan is similar to the complexity advantage of tree
search(O(logn)) over a linear search(O(n)).

The relatively low scores given by users to the PCA and PCA com-
ponents techniques illustrate their difficulty in graspingfully the PCA
concept and effectively utilizing it after only a short introduction and
experimentation. The users were given only several minutesbefore the
questions to experiment with the toolkit and most of them could not
comprehend its potential right away. Our conclusion is thatto fully
comprehend and effectively use the less intuitive PCA and PCA com-
ponents, users need more guidance into how to use it and spendmore
time (perhaps up to 1 hour) experimenting with it.

6 DISCUSSION

The smoothed representationγ(σ)(y) is a promising new direction for
visualizing categorical sequences such as text documents or biological
data. By varying the smoothing scaleσ , γ(σ)(y) interpolates between
the original sequenceγ(0)(y) or y andγ(∞)(y) or γhist(y). The equiv-
alence between theγ(σ)(y) representation and smooth curves enables
us to use techniques inspired by differential analysis and to use tech-
niques invented in the statistical area of functional data analysis. In
contrast ton-gram, γ(σ)(y) captures topical trends and incorporates
long range as well as position information at the required level of se-
quential detail. On the other hand, the novelty of our idea isorthog-
onal ton-gram as it is possible to combine the two by constructing
smoothed representation overn-grams rather than the word setV.

We demonstrated a number of useful visualization techniques based
on curve derivatives, principal component analysis, multi-dimensional
scaling, phase-plane analysis, reduced resolution documents and
multi-resolution analysis. Based on our experimentation with the in-
teractive toolkit as well as a user study we conclude that thehighly
intuitive velocity curves and text folding provide valuable assistance
for users in absorbing textual information. Less intuitivetechniques



Fig. 8. Screen shot of the toolkit.

provide useful assistance to trained individuals. Other individuals,
however, may require some amount of training or guidance.

Viewing the text sequence next to salient visual cues as in Figure 8,
users are able to comprehend the text and localize their attention faster
and more accurately. By controlling the sequential resolution of the
visual cues users can efficiently traverse the document muchlike a bi-
nary search over a tree structure. While unlocking the full potential
of the visualization framework may take some experimentation and
guidance, it is worth it in the long run. People spend a decentportion
of their time comprehending text and effective sequential visualiza-
tion tools have the potential to make this process quicker and more
efficient.
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