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Fig. 1: The TopicView user interface. At left, conceptual content with concepts and terms from LSA in blue and topics and terms from LDA in red. The image on the
right displays document relationship views with the similarity graph for LSA on the left and the similarity graph for LDA on the right.

Abstract—We present TopicView, an application for visually comparing and exploring models of text corpora created using Latent
Semantic Analysis (LSA) and Latent Dirichlet Allocation (LDA). TopicView uses multiple linked views to visually analyze the conceptual
content and the document relationships in the models generated by each algorithm. Conceptual content is compared through the
combination of (i) a bipartite graph matching LSA concepts with LDA topics based on their cosine similarities and (ii) a table containing
the terms for each LSA concept and LDA topic listed in decreasing order of importance. Document relationships are examined through
the combination of (i) side-by-side document similarity graphs, (ii) a table listing the weights for each document’s contribution to each
concept/topic, and (iii) a full text reader for any documents selected in either of the graphs or the table. We demonstrate the utility
of TopicView’s visual approach by comparing the LSA and LDA models for two example corpora. Using the tool, we have found
that LSA concepts provide summarizations over broad groups of documents, while LDA topics are focused on smaller groups of
documents. LDA’s limited document groups and its probabilistic mechanism for determining a topic’s top terms support better labeling
for document clusters than LSA concepts. On the other hand, the document relationships defined by the LSA model do not include the
extraneous connections between disparate topics shown by the LDA document similarity graph for one of our examples. TopicView
reveals that these extra edges occur only when the document is short enough that the common terms relating to the source (e.g.,
newswire headers) create a stronger signal than the main document content (e.g., newswire story).

Index Terms—text analysis, latent semantic analysis, latent dirichlet allocation.
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1 INTRODUCTION

Latent Semantic Analysis (LSA) [11] and Latent Dirichlet Allocation ~ Well do document clusters found in their respective similarity graphs
(LDA) [4] are two popular mathematical approaches to text analysis. ~match human-generated clusters?

Both LSA and LDA have been implemented as part of the Titan In-
formatics Toolkit [8][21], an open source project developed by Sandia
National Laboratories and Kitware, Inc. The work described in this
paper was motivated by questions posed by application developers:
How closely do LSA’s concepts correspond to LDA’s topics? How
similar are the most significant terms in LSA concepts to the top terms
of corresponding LDA topics? Are the same documents affiliated with
matching concepts and topics? Do the document similarity graphs pro-
duced by the two algorithms contain similar document clusters? How

LSA and LDA have much in common. They both (i) use bag-of-
words modelling, (ii) start by transforming text corpora into term-
document frequency matrices, (iii) require as input the number of con-
cepts or topics that the algorithm will generate, (iv) produce weighted
term lists for each concept or topic, (v) produce concept or topic con-
tent weights for each document, and (vi) produce outputs that can
be used to generate document similarity graphs. Yet despite these
similarities, the two algorithms generate very different models. LSA
uses singular value decomposition (SVD) to project documents into
a shared semantic space, in which similar documents are positioned
near one another. LDA uses a Bayesian model that treats each doc-
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matrices, where probabilities range between 0 and 1. How does one
numerically compare correlations with probabilities?

Our approach is to move away from statistical comparisons and
instead to focus on human consumable differences. Although visual
analytics applications can use a variety of metaphors for visualizing
a document collection, such as scatter plots [9], graphs [6], or land-
scapes [20], they all rely on document similarity measures to posi-
tion similar documents near one another in the visualization. These
representations are often combined with labels to identify the topical
or conceptual contents of document groups [10]. Consequently, we
focus our comparison on the document relationships and conceptual
categories identified by LSA and LDA for a given corpus.

In this paper we present TopicView, an application designed to visu-
ally compare and interactively explore LSA and LDA models from this
user-based perspective. As shown in Figure 1, tabbed sets of linked
views compare conceptual content (left image) and document relation-
ships (right image), both between individual documents and between
documents and conceptual content. In addition to describing the de-
sign and implementation of TopicView, we also present our insights
from using TopicView to contrast the models generated by each algo-
rithm for two small corpora.

2 RELATED WORK

Griffiths et al. compare semantic spaces models with generative proba-
bilistic topic models from the perspective of each approach’s ability to
model human semantic memory [15]. In particular, they are concerned
with the ability of a model to extract the gist of a word sequence in
order to disambiguate terms that have different meanings in different
contexts. This is also related to predicting related concepts. LSA and
LDA are used as instances of these approaches and compared in word
association tasks. In contrast, our work focuses on comparing the im-
pact that model differences have on visual analytics applications, using
visualization to do the comparison.

Collins et al. combine tag clouds with parallel coordinates to form
Parallel Tag Clouds[7], an approach for comparatively visualizing dif-
ferentiating words within different dimensions of a text corpus. Word
lists are alphabetical, with word size used to show word weighting.
Similar to parallel coordinates, matching terms are connected across
columns. Although we have similar goals in comparing term lists,
we feel that our approach of sorting terms combined with scaling text
luminance by weight provides a clear comparison of the relative sig-
nificance of terms across concepts and topics without the layout com-
plications and potential overlaps encountered when words are drawn
at vastly different scales.

3 ALGORITHM OVERVIEWS

To introduce some of the algorithm specific terminology, we provide
a brief overview of the text analysis algorithms.

3.1 Latent Semantic Analysis

LSA computes a truncated SVD of a term-document matrix [3], i.e.,
the collection of feature vectors associated with the documents in a
text collection, or corpus. More specifically, the rank-k LSA model of
a term-document matrix, A € R™*" is its rank-k SVD,

Ac=UV (1)

where Uy € R"™* 5, € R&K v, € R™K contain the k leading left
singular vectors, singular values, and right singular vectors, respec-
tively. Furthermore, U,;'—Uk = VkTVI< = I, where I}, is the k x k identity
matrix. Often, the rank of the LSA model in (1) is chosen such that
k < min(m,n), leading to a reduction in model noise and computation
for many analysis methods.

We compute distances, or similarity scores, between all pairs of
documents using cosine similarities, defined as

VY ,ij
eij(k) = M , )
ViZll2 [V Zll2

for k=1to K do
Draw ¢X ~ Dirichlet(B)
end for
ford =1to D do
Draw 6 ~ Dirichlet(o)
Draw N ~ Poisson(&)
fori=1toN do
Draw z ~ Multinomial(0)
Draw w ~ Multinomial (¢ (?))
end for
end for

Algorithm 1: Generative algorithm for LDA. This will generate D documents with N
tokens each. Each token is drawn from one of K topics. The distributions over topics
and terms have Dirichlet hyperparameters o and 3 respectively. The Poisson distribution
over the token count may be replaced with any other convenient distribution.

between documents i and j, where (-,-) is the standard inner product,
vi is the ith row of Vi from (1), and || - ||, is the L?-norm, or stan-
dard Euclidean distance. The similarities are stored as a similarity
matrix, E, whose element (i, j) is defined in (2). To support large cor-
pus analysis, only edge weights above a threshold are used in practice,
leading to sparse similarity matrices. This similarity matrix is then
used as a weighted adjacency matrix to construct a similarity graph.
In this graph, nodes represent documents and edges represent the rela-
tionships between documents, weighted by similarity scores. Finally,
graph layout methods are used to represent clusterings of the docu-
ments, i.e., related nodes are grouped together and unrelated nodes are
separated in the resulting graph layout.

3.2 Latent Dirichlet Allocation

The LDA algorithm [14] builds upon a generative statistical model
for documents shown in Algorithm 1. Given a few parameters — a
vocabulary of W distinct words, a number of topics K, two smoothing
parameters ¢ and 8 and a prior distribution over document lengths
(typically Poisson) — this generative model creates random documents
whose contents are a mixture of topics.

In order to use LDA to model the topics in an existing corpus we
must invert the generative model and infer model parameters from the
data instead of generating documents from the parameterized model.
Specifically, for a corpus containing D documents we want to learn ¢,
the KxW matrix of topics, and 6, the DxK matrix of topic weights for
each document. The remaining parameters o, and K are specified
by the user. The Titan implementation of LDA uses collapsed Gibbs
sampling [13, 5] to estimate the 6 and ¢ matrices.

4 ToPriCcVIEW

TopicView loads a small corpus and uses both LSA and LDA to gen-
erate models of the data. A shared pre-processing stage produces a
term-document matrix and a term dictionary that serve as inputs to
both algorithms. Identical rank (LSA) and topic counts (LDA) are
used to generate matching numbers of concepts or topics in their re-
spective outputs. The rank/topic count is input by the user. Outputs are
run through the same cosine similarity, edge threshold, and graph lay-
out filters to produce document similarity graphs. Our goal through-
out this process is to limit the differences to be just those differences
attributable to the two algorithms. While this glosses over some dif-
ferences between the algorithms (especially singular vectors vs. prob-
ability distributions), we feel that this represents the path of least un-
certainty for the goals of our study.

Conceptual content and document relationships are visualized on
separate tabbed displays. The views are designed to enable explo-
ration of progressively more detailed relationships from the corpus
level down to reading individual documents. Color coding is used to
differentiate the models. LSA-generated components are in blue and
are positioned on the left (left nodes in the bipartite graph, left-most
columns in the tables, and the left document similarity graph), while
LDA-generated model components are in red and are on the right. We




have picked a set of graduated colors from ColorBrewer’s [16] single
hue sequences to provide a family of colors that can be unambiguously
identified with each algorithm.

Throughout this paper we use the combined term concepts/topics
to refer to the generic idea of the conceptual content generated by the
algorithms. We do this because (i) the literature for each algorithm
has a slightly different vocabulary for describing the conceptual con-
tent produced and we want to preserve the earlier terminology in our
descriptions (ii) the numeric values represent different types of quan-
tities with LSA producing correlations and LDA generating probabil-
ities (iii) our analysis of LSA and LDA has shown that although con-
cepts/topics have surface similarities, they are not interchangeable and
do have important differences.

4.1 Conceptual Content

To answer our motivating questions regarding the differences between
LSA and LDA, we need to compare concepts and topics. We do this
through a combination of linked views. At the highest level, we want
to know how concepts compare to topics, without getting into the de-
tails of the ideas represented by either one. A bipartite graph provides
an abstract overview of these relationships by connecting concepts
and topics with weighted edges. On a lower level, conceptual con-
tent is represented by the relative strengths of the terms within each
concept/topic. Although we cannot directly compare the weightings
assigned to individual terms between concepts and topics, we can vi-
sually compare the order and relative weighting of their terms.
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Ideally, if there were a one-to-one relationship between concepts and
topics, we would want a representation that made the correspondence
explicit via visual pairing. The Bipartite Graph provides this pairing
by horizontally aligning strongly correlated pairs of concepts and top-
ics and connecting them with a line that is color-coded by the strength
of the correlation (see Figure 1, left side of left image).

To calculate the concept and topic similarities, we first scale LSA’s
left singular vector output matrix by its singular values, then concate-
nate the result with the transpose of LDA’s ¢ matrix. After computing
the cosine similarities (using Eq. 2) of the concatenated matrix, we
truncate the similarity matrix to be just the upper right quadrant, re-
taining only unique similarities between LSA concepts and LDA top-
ics (the discarded quadrants contain either similarities within concepts,
similarities within topics, or the reverse edges for the similarities in the
upper quadrant). The truncated edge list is sorted in descending order.
The edge weights are correlations ranging in value from -1.0 to 1.0,
which we color-code from blue to black to red to preserve the distinc-
tion between negative and positive correlations. Using bright red for
the strongest positive correlations allows us to easily find the strongest
concept/topic pairings. Although inverse correlations can also be dis-
covered, we cannot say much more about these links than that those
concept/topic pairs have nothing in common.

With LSA’s truncated SVD model, each concept captures the max-
imum variation in the data, which is then subtracted from the results
prior to computing the next concept. Consequently, LSA’s concept or-
der conveys information about the variation in each rank, which we
preserve in the bipartite graph layout by fixing the LSA node positions
in their rank order. We use a greedy approach for placing LDA nodes
relative to the LSA nodes in order to draw the strongest correlations
with horizontal edges. Using the sorted edge list, we step through
the list in order of declining edge strength. If the LDA node associ-
ated with an edge has not yet been placed, we position it horizontally
across from the LSA node for that edge. As each LDA node is placed,
it is flagged as “used” and any further edges that use that LDA node
are ignored and do not factor into the layout.

We provide two interactive filtering mechanisms for reducing the
number of bipartitie graph edges: Degree Threshold and Edge Weight
Threshold, the controls for which are visible below the graph in Fig-
ure 1. Degree Threshold independently controls the minimum vertex
degree for each side of the bipartite graph with a separate slider. To
fulfill the degree of a particular vertex, edges are drawn in descending

Bipartite Graph

weight order so that the strongest edges are seen first. Although the
sliders control the minimum number of edges coming from each node,
some nodes (such as LSA node 0) may exceed that degree because the
node is on the receiving end of another node’s minimum edge count.
Alternatively, Edge Weight Threshold acts to display all of the edges
whose weights fall within a user specified range. The range can be
input using either a double-ended slider or independent specification
of Min and Max values.

Nodes and edges in the bipartite graph are selectable. Selecting an
edge is equivalent to selecting its two end nodes. Nodes correspond
to columns in the Term Table and in the Document Table on the Doc-
ument Relationships tab. Selection reduces the columns displayed in
both tables to be just the selected concepts and topics. This provides a
column adjacency that is useful for comparing word lists in the Term
Table or looking to see which documents contribute most heavily to
those concepts/topics in the Document Table. Clicking anywhere out-
side the graph clears the current selection and restores the entire set of
columns.

4.1.2 Term Table

The Term Table presents the terms for each concept or topic sorted in
decreasing order of importance. Text color is used to provide an addi-
tional cue about the relative weights of terms, varying from black for
the most highly weighted terms to a light gray (192/255) for the lowest
weighted terms. We do not use the full luminance range because we
found that white text was illegible against the pale blue and pink back-
grounds. Background colors are in turn constrained to be light enough
to provide sufficient contrast with the text and graph components in
the various views, but dark enough to permit at least one additional
level of lightness for highlighting.

Since we are most interested in distinguishing weighting differ-
ences at the high end of the scale, we spread this part of the range
by using a logrithmic mapping that increases the number of luminance
steps as we approach black. Although text in both LSA and LDA
columns use a copy of this same logarithmic lookup table, each lookup
table’s range is independently scaled to match that algorithm’s range
of values. Consequently, luminance differences can only be directly
compared within the same algorithm.

Individual terms are selectable. Once selected, each instance of
that term within every concept/topic is highlighted with a lighter back-
ground. The selection is linked to the Document Text view, where ev-
ery instance of that term within the selected documents is written in
red.

4.2 Document Relationships

Document clustering as shown through Document Similarity Graphs
provides an alternative view of LSA and LDA model differences. We
informally define a cluster as a group of documents with strong links
between members of the group and weak links outside the group. Al-
though there is a tendency to try to identify concepts or topics with
clusters, the weightings shown in the Document Table demonstrate that
document groups frequently contribute in varying degrees to multiple
concepts or topics (weightings spread across rows). Similarly, con-
cepts and topics typically include multiple document groups (weight-
ings spread across columns). The visual combination of the graphs
and tables on the same tab enables the user to locate and select the
documents associated with either conceptual content or clusters and
then read their full texts in the Document Text view.
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To compute document similarity graphs for LSA we calculate cosine
similarities using the right singular vectors, scaled by the singular val-
ues. For LDA we compute cosine similarities using the 6 matrix. Co-
sine similarities (computed using Eq. 2) compute edge weights be-
tween every pair of documents. Consequently, we need to reduce
the visual clutter by thresholding the edges. We want to keep the
strongest links, while at the same time providing some connectivity
to all documents. We determine which edges to keep on a document-
by-document basis as follows (i) sort the set of edges associated with

Document Similarity Graphs



each document node in descending order by weight (ii) keep all edges
with weights greater than a significance threshold (we use .9) (iii) if
the number of highly weighted edges for that document is less than
a specified count (5 in all of our examples) continue adding edges in
diminishing weight order until that count is reached.

We layout the graphs using a linear time force-directed layout algo-
rithm. Although both graphs can be independently laid out based on
their individual edges, we provide an option to view both graphs using
a shared layout as shown in Fig. 6. In the shared layout, the graphs
have identical node placement (taken from the LSA layout because it
tends to cluster better), and the differences are limited to the edges.

Each document is labeled with its document ID and color-coded by
a ground-truth category. Edges are color-coded using saturation to in-
dicate similarity weights, with low values in gray and high values in
red. Nodes and edges can be selected either individually, or rectan-
gular rubber-banding can be used to select everything within a region.
Selected nodes and edges are drawn in white, as that is the only color
that is sufficiently unique to stand out from the group labels. The
two graphs are linked, so corresponding graph nodes and edges are se-
lected in both (note that some edges may exist in one graph and not the
other). The selected documents are also highlighted in the Document
Table and their full text is displayed in the Document Text view.

4.2.2 Document Table

The Document Table is the concatenation of the transpose of LSA’s
right singular vector, scaled by its singular values, with LDA’s 6 ma-
trix. In a manner identical to the Term Table, the values in the table are
varied between black and light gray to permit rapid visual scanning of
rows and columns for darker, more highly weighted documents within
a concept or topic.

The visible columns within the table are controlled by selecting
nodes in the Bipartite Graph. Subsetting the column display facili-
tates side-by-side comparisons of the relative weightings of the most
significant documents associated with a set of concepts or topics. It
can be used to formulate hypotheses about the relationship between
conceptual content and specific documents. Selecting rows within the
table will highlight nodes in both graphs and display the selected doc-
ument centents in the Document Text view.

4.2.3 Document Text

This view displays the full text contents of multiple documents, se-
lected either through the similarity graphs or the Document Table.
Each document is displayed as three fields: the document ID, the raw
text of the document, and the categorical ID. If a term is selected in
the Term Table, that term is highlighted in red throughout the raw text.
For longer text selections, the view can be scrolled.

4.3 Case Studies

In this section, we present the results of using TopicView to find sim-
ilarities and differences between LSA concepts and LDA topics gen-
erated from synthetic and real-world document collections. The goals
of the case studies presented here include the following:

o Illustrate the use of TopicView for efficient and effective naviga-
tion of relationships between LSA concepts and LDA topics.

e Determine the relationship between LSA concepts and LDA top-
ics with respect to the most important terms and overall term
distributions associated with topically related clusters of docu-
ments.

o Identify strengths of the different modeling techniques (i.e., LSA
and LDA) with respect to document clustering and model inter-
pretability.

A detailed description of the LSA implementation in TopicView
can be found in [12]. In the following case studies, o is set to 1 when
scaling by the singular values. The LDA implementation inputs two
parameters (in addition to the number of topics), the number of sam-
pling iterations and the number of burn in iterations, which have been
set to 1 and 200, respectively.

800 . sa.Ida data 10905 nd_10.

Fig. 2: Graphs depicting document relationships modeled using LSA (left) and LDA
(right) for the alphabet data set.

4.3.1 Data

Two data sets were used in the case studies. The initial case study
uses an artificial document set, the alphabetic data set, in which the
terms in each cluster are entirely disjoint from one another. The sec-
ond case study uses the DUC data set, a real-world document collec-
tion in which terms and concept/topics do overlap. Both data sets have
human-generated cluster labels, which are used to color-code the doc-
ument groups to help answer the question of how well the algorithms’
clusters match human-generated clusters.

The alphabetic data set consists of 26 clusters containing 10 doc-
uments each, where each cluster consists of documents made up ex-
clusively of terms starting with the same letter. For example, the first
cluster contains documents consisting of terms starting with the letter
“a”, the next cluster consists of documents containing only terms start-
ing with the letter “b”, and so on. The term set was constructed starting
from a dictionary of 1000 words staring with the letter “a”. The other
letters of the alphabet were generated by prefixing each letter in turn
to this base set, resulting in a vocabulary consistiing of 26000 terms.
For each of the 10 documents from each cluster, 100 terms were sam-
pled with replacement from uniform distribution of the corresponding
1000 terms used for that cluster. The result is a collection of document
clusters that are mutually exclusive with respect to the terms used in
the documents. Moreover, the terms belonging to a particular cluster
can be easily identified visually, as all terms associated with a cluster
start with the same letter.

The DUC data set is a collection of newswire documents from
the Associated Press and New York Times that were used in the
2003 Document Understanding Conference (DUC) for evaluating doc-
ument summarization systems [18]. The collection consists of 298
documents categorized into 30 clusters, with each cluster containing
roughly 10 documents focused on a particular topic or event.

4.3.2 Case Study Using Alphabet Data

In this study, we work with the alphabet data set to illustrate relation-
ships of LSA and LDA modeling applied to a collection that contains
clusters of documents that are independent with respect to term us-
age. As LSA concepts are, by definition, orthogonal latent feature
vectors, we expect that LSA should be able to model each of the docu-
ment clusters using a single concept (i.e., one latent feature for each of
the sets of terms beginning with the same letter). Note that for many
real-world document collections the optimal number of clusters is not
known a priori and documents related to a particular topic do not con-
sist of terms unique to that topic. However, the purpose of this study
is to illustrate the use of TopicView to identify differences in LSA and
LDA models when one model is able to exactly match the data.
Figure 2 presents TopicView’s Document Similarity Graphs for the
LSA (left) and LDA (right) models applied to the alphabet data set.
From this view, we see that the LSA model clusters the alphabet data
set well; there are 26 disconnected components in the graph, and each
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Fig. 3: Relationships between LSA concepts (blue nodes) and LDA topics (red nodes) for
the alphabet data set. The left side of the screen illustrates that LSA concepts identify the
independent terms sets in the data, whereas terms starting with different letters are highly
mixed across LDA topics.

component consists of nodes colored with the same cluster label. On
the other hand, the LDA model is unable to partition the data, indicat-
ing strong relationships between all documents across the entire col-
lection. The Term Table on the Conceptual Content tab, as shown in
Figure 3, can be used to better understand the model differences with
respect to the term distributions within the LSA concepts and LDA
topics. Through selections in the Bipartite Graph, the concept/topic
columns have been limited to the three LSA concepts associated with
the largest singular values (i.e., concepts 0, 1, and 2) and the most re-
lated LDA topics in terms of cosine similarity (i.e., topics 33, 29, and
26, respectively). We can see that words beginning with “0”, “v”’, and
“e” are those most highly correlated with LSA concepts 0, 1, and 2,
respectively. In contrast, the terms with highest probability of being
part of LDA topics 33, 29, and 26 contain some terms beginning with
those letters, respectively, but in general there is no clear connection to
any particular document cluster. Further investigation using the Doc-
ument Table and Document Text views in the Document Relationship
tab confirm that LSA models the clusters correctly; see Figure 4 for an
illustration of how these views are used to verify that only “o” docu-
ments are related to LSA concept 0.

Once it was established that LSA is modeling the clusters accurately
and LDA is not, we used TopicView’s Bipartite Graph view to iden-
tify relationships between the LSA concepts and LDA topics. Figure 5
shows the Bipartite Graph view depicting relationships between LSA
(blue nodes) and LDA (red nodes) models in terms of cosine similarity
between the concept vectors (i.e., left singular vectors) and topic vec-
tors (i.e., columns of @), respectively. The left and right images in the
figure show the graph edges thresholded by degree and edge weight,
respectively. In both images, we see that all of the relationships be-
tween the LSA concepts and LDA topics are weak as indicated by the
gray colors of edges (as opposed to bright red edges that indicate very
strong relationships). The image on the left depicts the strongest con-
nections for LSA concepts (i.e., LSA degree threshold of 1 and LDA
degree threshold of 0). In this image we can quickly see that there are
some LDA topics (e.g., 28, 41, 44, 46, and 49) that are not at all re-
lated to the LSA concepts, each of which models one of the document
clusters. Furthermore, by exploring the relationships using the edge
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Fig. 4: Document Table and Document Text views in the Document Relationship Panel
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illustrate that LSA concept O contains only “0” documents from the alphabet data set.
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Fig. 5: Graphs depicting conceptual contents relationships for the alphabet data set mod-
eled with LSA (blue nodes) and LDA (red nodes) using a minimum degree threshold of 1
for LSA concept nodes (left) and a minimum edge threshold of 0.1451 (right)



weight thresholding controls (right image in the figure), we see that at
a threshold of 0.1451 (found easily using the threshold slider controls)
most of the LDA topics are more strongly connected to several LSA
concepts (i.e., relatively high out degree on LDA topic nodes) before
any one LDA topic is related to LSA topic 10. This is a further in-
dicator that LDA is not capturing the terms relationships within each
document cluster.

These outcomes are consistent with our expectations for this syn-
thetic data set. Because documents from different clusters are entirely
disjoint, each cluster is well approximated by a unique singular vector
from the LSA model, leading to high correlation between documents
within a cluster and very low correlation across clusters. Conversely,
this disjunction represents a very difficult case for LDA implemen-
tations using collapsed Gibbs sampling. At an intuitive level, these
methods rely on co-occurrence of terms between documents to guide a
random walk toward more probable topic configurations. In the alpha-
bet data set we explicitly suppress term co-occurrence between clus-
ters. Moreover, the small document size (relative to dictionary size)
and uniform sampling strategy results in a low degree of overlap be-
tween documents within a cluster. In such a situation, we expect the
topics from LDA to be random with more or less uniform character.
This is indeed what we observe.

This case study illustrates how TopicView can be used to explore
relationships between LSA concepts and LDA topics with respect to
term distributions and document clustering. The examples here indi-
cate that LDA may not be best suited for clustering document collec-
tions with (little or) no mixing of terms across clusters (i.e., indepen-
dent document clusters). In the next case study involving a real-world
collection of documents, we see the typical performance of LSA and
LDA models as reported in the literature and show how TopicView can
be used to explore the similarities and differences between these two
techniques.

4.3.3 Case Study Using DUC Data

In the previous section, we illustrated how TopicView can be used
to investigate and explore relationships between LSA and LDA mod-
els. However, that case study was designed solely to illustrate the
use of the different components in TopicView applied to a problem in
which dramatic differences between LSA and LDA models would ex-
ist. However, collections of documents with topic clusters containing
no overlap in vocabulary, as in the case of the alphabet data set, do
not appear often in real-world analysis applications. Even when docu-
ment collections contain clusters of documents across a wide range of
disparate subject areas, there is a large degree of overlap in vocabulary
across documents in different clusters. To investigate the relationships
between LSA and LDA modeling on such a real-world collection of
documents, we applied TopicView to the DUC data set. Although the
DUC data set contains subsets of document whose general topics are
very different to the annotators, we show how TopicView can be used
to explore how LSA and LDA models are similar in identifying clus-
ters with consistent term distributions across documents in particular
clusters, but also different in how weak connections between docu-
ment clusters are modeled.

As in the previous case study, we start our analysis by exploring the
relationships between the LSA and LDA models examining the doc-
ument similarity graphs for the two models. Figure 6 shows the view
of the document similarity graphs sharing the LSA layout (top) and
the view where each model’s layout is used (bottom). We see that the
LSA model (left graphs) results in a graph with 14 disconnected com-
ponents, 13 of which are clusters identified by the human annotators.
The larger component located in the center of the layout indicates that
many of the clusters are related in their term distributions to some de-
gree. We see that there are many subgraphs which correspond to true
document clusters as shown by the node colorings in the largest com-
ponent that are connected by one or two edges. Even without the node
colors, the graph topology indicates that there are highly related doc-
uments in these subgraphs and we can trace the connections between
the subgraphs through specific documents by edges connecting them.
Thus, we conclude that the LSA model provides a useful clustering
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Fig. 6: Graphs depicting document relationships modeled using LSA (left) and LDA
(right) for the DUC data set. The top set of images is using the shared layout and the
bottom set is using the layouts independently computed from the different models.

of the documents in the DUC data set. When using the shared lay-
out to view relationships between documents as computed using the
LDA model (top image in Figure 6), we see that there are many inter-
cluster relationships identified. This indicates that LSA and LDA are
clearly modeling different characteristics in the data. When the LDA-
specific layout is viewed, we get a much better sense of the clustering
produced by the LDA model; there are disconnected components (in-
dicating tight document clusters) and a similar subgraph structure as
the LSA model. Thus, we conclude that the LDA model also pro-
vides a useful clustering. However, TopicView can be used to visually
explore in more detail the similarities and differences between these
difference clusterings.

Figure 7 illustrates how TopicView’s Conceptual Content Bipartite
Graph views can be used to indicate relationships between the LSA
concepts and LDA topics. Using either the degree (left) and edge
weight (right) thresholding controls, we see there is a strong, unique
relationship between LSA concept 0 and all LDA topics relative to the
other pairwise concept/topics relationships. This relationship is due to
the fact that LSA is modeling the statistical variance of terms across
the documents and thus acts as a generic concept that summarizes all
of the main interactions between documents as a functions of the terms
appearing in those documents [11].

Exploring beyond this unique relationship of LSA concept 0, we
also see several cases where multiple LSA concepts are strongly con-
nected to a single LDA topic or vice versa. Two such examples in-
clude (a) LSA concepts 9 and 11 being strongly connected to LDA
topic 44, and (b) LSA concepts 6 and 21 being strongly connected
to LDA topic 36. Note that case (a) is presented in Figure 1, where
all of TopicView’s panels and views are shown. The top 10 terms as-
sociated with the LSA concepts and LDA topics that are part of the
relationships in cases (a) and (b) are shown in the top and bottom im-
ages in Figure 8, respectively. In case (a), LSA concept 9 along with
LDA topic 44 appear related to the cluster of documents about the
Chilean leader Pinochet, whereas LSA concept 11 has combined the
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Fig. 7: Graphs depicting conceptual content relationships for the DUC data set modeled
with LSA (blue nodes) and LDA (red nodes) using a minimum degree threshold of 1 for
LSA/LDA nodes (left) and a minimum edge threshold of 0.1760 (right).

Pinochet cluster with clusters of documents about a dance hall fire in
Sweden and poitical unrest in Timor, which do not appear related. Us-
ing TopicView’s Document Table and Document Text views, though,
we find that the full LSA concept vectors for concepts 9 and 11 are
negatively correlated for all document except those in the Pinochet
cluster and two other sets of documents, one related to the political
unrest in Timor (concept 13) and one related to war crimes by Ser-
bian leadership (21). Tracing the terms used in those documents, we
find that there are documents in the DUC data set containing terms
that span these apparently different concepts that account for the con-
nections between Pinochet and the Swedish fire and unrest in Timor.
For example, document 87 contains the terms “Pinochet,’, “Chile,”
“’Timor,” “Indonesia,” and “Britain”’; and document 121 contains the
terms “Spanish,” “fire,” “chile,” and “Britain”. As has been discussed
in the [4], LDA handles polysemous term usage much better than
LSA (Chile the country versus fire roasted chile versus a fire in Swe-
den). We conclude that LSA is modeling both the Pinochet document
cluster well with concept 9 and the more subtle, polysemous cross-
cluster term relationships between the clusters regarding Pinochet, the
Swedish fire and Timor politics with concept 11.

Further inspection of LSA concept 21, which was identified above
as being related to concept 11, we see that it is also involved in the
multiple LSA concept, single LDA topic relationships in case (b). Al-
though LSA concepts 6 and 21 model the two clusters of documents
about elections in Iran and war crimes in Serbia well, these appear to
be combined in LDA topic 36. Following the same exploration per-
formed for case (a), we find that there are many documents in differ-
ent clusters regarding politics in different areas of the world. These
documents can be found by either exploring the Document Similar-
ity Graphs or combined use of the Document Table and Document
Text views to identify term relationships leading to the combined LDA
topic.

We conclude from this case that LSA and LDA model the most
tightly coupled document clusters well (as indicated by many strong
horizontal edges in Figure 7), but model more subtle relationships be-
tween documents and thus clusters in different ways. By using Top-
icView, we were able to quickly identify and explore these differences.
Moreover, using TopicView, we were able to specifically identify the
documents and terms that led to the differences in the LSA and LDA
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models.

5 CONCLUSIONS AND FUTURE WORK

We showed that TopicView helps identify similarities and differences
between different text modeling methods. We have provided initial
evidence in support of a multiple-model text modeling approach, that
when coupled with capabilities available in TopicView, will help ana-
lysts investigate a documents and collections of documents from mul-
tiple (and perhaps related) perspectives.

In our future work, we would like to explore other document collec-
tions, where clusters share more or less vocabulary overlap to investi-
gate how general are the findings presented in the two case studies in
this paper. With the alphabet framework, we can easily do this. We can
explore relationships between different document modeling methods,
such as nonnegative matrix factorizations (NMF) [2] and extensions to
LDA that have shown improved performance in document clustering
applications, such as mixture of von Mises-Fisher (moVMF) models
[1, 19].
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