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Abstract—Fragment-based representations of protein struc-
ture have recently been proposed to identify remote homologs
with reasonable accuracy. The representations have also been
shown through PCA to elucidate low-dimensional maps of
protein structure space. In this work we conduct further anal-
ysis of these representations, showing that the low-dimensional
maps preserve functional co-localization. Moreover, we employ
Latent Dirichlet Allocation to investigate a new, topic-based
representation. We show through various techniques adapted
from text mining that the topics have unique signatures over
structural classes and allow a complementary yet informative
organization of protein structure space.
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I. INTRODUCTION

Functional information is unavailable for millions of
protein sequences. Many methods have been proposed to
infer this information from homologous proteins of known
function. Close homologs can accurately be identified by
sequence comparison. Identification of remote homologs,
however, where structure is better preserved than sequence,
requires comparing protein structures. Structure comparison
methods are often computationally expensive and not feasi-
ble for employment on large databases of protein structures,
such as the Protein Data Bank (PDB), for the identification
of remote homologs of a given protein.
Fragbag is a recently proposed structure representation to

rapidly identify homologs and embed protein structure space
in a few dimensions useful for visualization. In this work
we investigate a new representation inspired from research
in text mining. We apply the Latent Dirichlet Allocation
(LDA) model, which has been used in text mining for
identifying topics in documents, to redefine proteins in a
topic space. We show here that the topic-based represen-
tation is comparable to fragbag in identifying structural
neighbors with reasonable accuracy. We also show that the
representation offers an alternative organization of structure
space, where topics represent signatures that correlate with
SCOP classifications.

II. METHODS

We first summarize the fragbag representation, followed
by a description of LDA and metrics used in this study.

Fragbag is a bag-of-words vector representation for a
protein [1]. A library of K molecular fragments, each of
length f , defines the ”vocabulary” in this bag-of-words
model. Each fragment is composed of f Cα atoms. The
libraries used in this study are supplied by Kolodny [2].
To transform a protein into the fragbag representation, its
structure is first reduced to a trace of its Cα atoms. For
each interval [i, (i + f − 1)] of Cα atoms, the best-fitting
fragment in terms of lRMSD is selected from the library. Let
us assume that this fragment is stored at position 1 < k ≤ K
in the library. The protein structure is thus represented as a
vector of K dimensions, where each position k stores the
number of times the fragment stored at position k in the
library has been selected as the best fit. Various distance
measurements can then be defined over these representations
to compare protein structures. The cosine distance metric has
been shown most effective [1].

The representation we propose and investigate here is a
topic-based representation obtained through LDA. LDA is a
generative model that locates latent clusters (topics) within
a corpus of documents [3]. In this setting, the corpus is
an ensemble of proteins represented by fragbag vectors.
LDA allows for multi-membership and provides a discrete
distribution of topics for each protein. In addition to showing
that this representation captures structural neighbors as well
as fragbag, we conduct various analyses of the information
captured in this representation.

We employ a text mining technique from [6] to measure
the information content of each topic. The distribution of
fragments across the ensemble is used as a baseline. The in-
formation gain between this baseline and the distribution of
fragments within each LDA topic is then computed using the
symmetric Kullback-Leibler (KL) distance function. Topics
that are close to the baseline distribution (lower symmetric
KL distances) have low information. This technique is used
to tune the number of topics. In text mining, the semantic
meaning of each topic is determined by analyzing the most
frequently occurring words. In this setting, identifying the
meaning of a topic by analyzing individual fragments would
be difficult. We identify topic ”signatures” associated within
existing structural classifications (SCOP). This identification
is performed by showing the distribution of five SCOP
classes (a-e) across the topic-space.
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III. RESULTS

The Steyvers/Griffiths toolkit is employed for the LDA
analysis [4], using α = 50/T (T = number of topics) and
β = 0.5. We use a CATH 2.4 dataset of 2, 930 domains
and a dataset of 31, 155 domains extracted from SCOP 1.71.
Both are transformed into fragbag representations using the
Kolodny library of 400 fragments of length 11 [2].

Results presented in [1] are reproduced (data not shown);
namely, structural neighbors over the CATH dataset are
accurately identified when using the cosine distance function
over the fragbag representation. In addition, PCA of the
fragbag vectors associated with the SCOP dataset shows
that the top two PCs capture 99% of the total variance.
Projecting the SCOP dataset on the two top PCs illustrates
that the SCOP classes at various levels of the SCOP hi-
erarchy are well separated (results not shown), suggesting
that the fragbag representation retains sufficient structural
information to elucidate functional co-localization in the
protein structure space.

We choose to highlight here two representative results
from our application of LDA on the fragbag vectors of
SCOP domains. First, we vary the number of topics T
obtained through LDA and analyze information gain as
described in Methods. Figure 1 (top panel) shows the
results for various settings. Lower KL distances indicate
”junk” topics, as they show higher similarity to the baseline
distribution. Lower values of T have larger KL distances
from the baseline, justifying the use of T = 10 in the rest
of our analysis. The topic-space vectors of dimensionality 10
are then used to identify structural neighbors using the same
protocol as in [1]. Results are comparable to those using the
fragbag representation [1], [5] (data not shown). Finally,
we analyze this topic space of 10 dimensions for semantic
meaning. Figure 1 (bottom panel) shows the distribution
of α and β SCOP classes across LDA topics. The results
show that not all topics are well distributed across the
SCOP classes. Instead, most of them have unique signatures
correlating with structural classes.

IV. CONCLUSION

This work shows that text mining techniques can be
employed and adapted to investigate novel informative rep-
resentations of protein structure, laying the foundation for
continuing studies to gain further insight into the organiza-
tion of protein structure space.
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Figure 1: (Top) Information gain is shown while varying the
number of topics. (Bottom) Distribution of α and β SCOP
classes is shown across topic space.
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