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Statement of Research Interest

My research is centered on creating machine learning methods and applying them to problems in
computational biology. Computational biology differs from the traditional practice of biology by
the exploitation of high throughput experiments for data gathering and algorithmic manipulation
and analysis of the results.

In my thesis research [8], I introduced a novel nonstationary kernel combination (NSKC) tech-
nique [9] and used it to exploit heterogeneous data sets to predict protein function. This work
extended the maximum entropy discrimination (MED) research of Tony Jebara [4, 3]. NSKC uses
a mixture of gaussian distributions, with interpoint distances for each component expressed by a
different kernel function. Classification is accomplished using the log ratio of two such models with
their parameters estimated to maximize margin. Using NSKC, we achieved top results for several
benchmark data sets and a protein function annotation experiment. We also use a toy problem
to demonstrate that NSKC is fundamentally more powerful than linear combination techniques,
such as SDP [5, 6]. This work has sparked further interest in nonstationary kernel combinations [2].

I explored the addition of SVM-like regularization to the nearest neighbor technique, creating
regularized nearest neighbor (RNN) [7]. Experiments with a toy problem were promising. Gener-
alization performance on noisy data was substantially better with RNN than with 1-NN and 3-NN.
Nearest neighbor is natively multi-class, as opposed to the SVM which is natively two-class. This
makes RNN particularly suitable for computational biology, which has many multi-class discrimi-
nation problems.

I created a technique that I called a pocket perceptron mean machine (P2M2) that used an ensem-
ble of perceptrons for classification. The perceptrons are trained using the “pocket” heuristic [1] to
handle non-separable data. Each perceptron is trained on a different permutation of the training
data, resulting in a different solution due to instability of perceptron training. These perceptrons
are used as an ensemble to classify unlabeled data. P2M2 is fast and is easily parallelized and
scaled for huge data sets as are typical in computational proteomics.

I derived an analytical null model for k-nearest neighbor classification. Using this null model, I was
able to compute p-values and surprise scores associated with particular class labelings of a data
set. I used these p-values to validate clustering and other classification algorithms [11, 10].

In the course of my research, I have worked with non-parametric models, kernel methods, support
vector machines, Bayesian statistics, large-margin probabilistic techniques, clustering, principal
components analysis, nearest-neighbor techniques, and hidden Markov models. I have worked with
microarray data sets, alignment scores, protein-protein interaction scores, and structure data sets,
among others.
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