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We present a novel clustering approach to advance global studies of Mycobacterium tuberculosis
(TB) complex genotyping data. SPOTCLUST uses mixture models to identify families of TB
based on their spacer oligonucleotide typing (spoligotyping) patterns. SPOTCLUST incorporates
biological information on spoligotype evolution without attempting to derive the full phylogeny of
TB. Our approach provides a simple and robust tool for tuberculosis epidemiology. Tuberculosis is
one of the most widespread infectious diseases in the world, infecting more than 1 billion persons,
and is dramatically expanding due to HIV/AIDS and the emergence of multi-drug-resistant TB
strains. More than two million people die each year of tuberculosis. This despite the fact that it is
curable with early detection and prompt treatment.

Differentiating between various patient isolates and using the data for contact investigations are
major applications for TB genotyping. The direct repeat (DR) locus is a region of the TB chromosome
used as the target for the spoligotyping assay [1]. The DR locus of TB complex consists of well-
conserved direct repeats interspersed with unique spacer sequences. Spoligotyping differentiates
isolates by determining the absence or presence of 43 specific spacer sequences in the DR locus.
Spoligotyping is a fast, highly reproducible method and the resulting fingerprint has a simple binary
format, which allows the data exchange between laboratories and facilitates construction of large
spoligotype databases [2]. Previous studies have grouped spoligotypes into 9 major families [3] that
can be further broken down into 36 families in the global database SpolDB3 using visual rules [2].

Prior methods for automatic classification of TB strains based on spoligotyping used decision
trees induced from the DB1 spoligotype database labeled by a human expert [3]. “Uninformative”
examples were removed using a prototype selection algorithm [3]. While producing interpretable
results, the decision tree approach required labeling the data, an error-prone and labor-intensive
process compounded by the fact that the phylogeny of TB complex is still under investigation. Our
unsupervised generative mixture models can both identify potential TB families and create good
predictive models for spoligotype classification without requiring labeling and preprocessing.
Moreover, this technique can be customized to exploit prior information on TB bacteria.

Our underlying mixture model assumes that within a TB family or cluster, the spacers can be
treated as independent Bernoulli variables (the Naive Bayes approach). Simple multivariate
Bernoulli mixture model produced clusters inconsistent with expert knowledge. It is known that
spoligotypes evolve by losing one or more contiguous spacers and that spacer duplication is very
unlikely. To incorporate this knowledge, we assumed that each cluster has an unobserved Hidden
Parent and that the children of the Parent (the observed strains) may lose a spacer with small
probability, but are extremely unlikely to ever gain one. The EM algorithm was used to find
maximum likelihood estimates of the mixture model’s parameters; for each cluster this corresponds
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to the multivariate Bernoulli distribution representing the Hidden Parent, and the mixing weight of
the cluster. Introducing the Hidden Parent into the Bernoulli mixture model resulted in biologically
more consistent clusters. We applied the algorithm to 535 different spoligotypes identified from
7166 strains isolated between 1996 and 2004, primarily from New York State tuberculosis patients.

The performance of the method is dependent on the initialization of the EM algorithm and the
number of components in the mixture model, k. To incorporate expert knowledge, we used the rules
derived from SpolDB3 [2] plus 4 additional random cluster seeds to initialize the EM algorithm. In
another experiment, the EM algorithm was initialized randomly. We employed the Monte Carlo
cross-validation approach [4] to find &, the optimal number of clusters in the data. To assess the
stability (or average best match, see [5]) of the identified clusters, we generated multiple randomly
seeded k-order models. We used the total stability and log-likelihood to chose two final mixture
models, one initialized using the SpolDB3 rules and the other initialized randomly.

The clustering initialized with visual rules fit the data well — 23 out of 36 clusters had stability
values greater than 0.5. However, some of the visual rules, such as for families X and T, were
ambiguous and seemed to overfit the data, resulting in low stability of the clusters. The randomly
initialized clustering confirmed some of the SpolDB3 defined rules, reproducing such known
families as EAI3, Beijing, M.bovis, Haarlem1 and others. Figure 1 illustrates the Hidden Parents for
clusters with stability values greater than 0.89. We also discovered stable clusters that were not
covered by the previously published visual rules. In addition, some of the clusters resulted from
using visual rules for initialization were merged or divided.

Cluster Total (n) Description
1. EAILZ 112 EO0EEEEEEEEEEER HEEEREEEROTCWCOEECN
2 LAaM3 1382 EEEREREER((NIEEEEEEEEE(TEEEEERER(I000
2! Beijing Q88 OOoooooooooooooooooooonoooooooooooo s
4: Haarlem1 236 EEEEREREIO00O0OROO000
S LANA 129
G AL bowvis E2 HEEIEEEN  NENENN EEEEEEEENNNEEEEEEEEEEEOOO0O0

Figure 1: Six most stable clusters produced by randomly initialized model,
black indicates high probability of a spacer, white — low.

We present a new approach to clustering TB strains using mixture models for spoligotype data.
Results confirmed previous defined by expert rules for TB families as well as identified new
potential epidemiologically valuable families. The model can be refined to incorporate more
precisely defined notion of a spoligotype family, perhaps by introducing a hierarchical structure.
Future work will concentrate on developing methods for merging probabilistic models for
spoligotypes and results from other TB genotyping methods with traditional epidemiological data.
Our web site (http://www.rpi.edu/~bennek/EpiResearch) allows users to browse the two clustering
solutions, the details of our method, and submit their data to SPOTCLUST.
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